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Chapter 1

General Introduction

The brain faces a fundamental challenge: how to make sense of ambiguous sensory
information while maintaining adaptive behaviour in an uncertain world. This
challenge becomes particularly apparent when studying neuromodulatory systems,
such as serotonin, which appear to globally influence information processing without
being directly responsible for any single function. Understanding how neuromodu-
lators shape perception and action requires theoretical frameworks that can bridge
multiple levels of analysis—from molecular mechanisms to behaviour.

Neuroscience has recently witnessed significant theoretical developments sug-
gesting that the brain employs a form of Bayesian inference to solve this challenge
(Clark, 2013; Hohwy, 2013; Clark, 2015). Bayesian inference is the process of
inverting a probabilistic generative model of how data are generated. The idea is
that, if one understands how measurable signals are caused by unobserved states
of the world, it should be possible to reverse engineer the likely causes from those
measurements. This comes with particularly interesting interpretations of the brain
function, and also perception per se, as perception is conceptualised as an inference
or ‘the best guess’ as to the causes of sensory input (Hohwy, 2013). There are
several interpretations of how Bayesian computation is achievable in the brain.
For instance, predictive processing (PP) proposes that the brain’s function is to
maintain a hierarchical model of the world by generating predictions about sensory
input (Clark, 2015). These predictions are compared with actual sensory signals,
creating prediction errors that update the brain’s beliefs. Active inference goes be-
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yond this by explaining how organisms act to test their predictions, while standard
Bayesian inference only describes how they update beliefs from observations.

No matter which of these Bayesian theories one selects, all of them provide a
strong mathematical underpinning of how the brain could achieve its sophisticated
behavioural and perceptual output. However, how such Bayesian interpretations of
brain functions are implemented in the brain, and how these models can be linked
to specific neural recordings, is still an open question.

As the brain is a complex organ with many neurons, brain regions, blood vessels
and neurotransmitters, all of them affect and define the structure or the function of
the brain, it will take many years to come to provide a strong Bayesian model that
will well integrate the Bayesian inference and the biological structure of the brain.
This thesis aims to help with this project by providing a possible homologue of
serotonin under the Bayesian brain hypothesis. It is said that ’serotonin is involved
in everything but responsible for nothing’ (Carhart-Harris and Nutt, 2017; Müller
and Homberg, 2015).

Nevertheless, this thesis investigates how serotonin shapes the way organisms
explore and perceive their environment. To understand this, we employ the concept
of "precision", which regulates how much weight or confidence the brain assigns to
different sources of information. Consider this: when you are in a noisy room, your
brain reduces the precision (confidence) it assigns to auditory information; when
you are in the dark, it reduces visual precision. This dynamic weighting is crucial
for adaptive behaviour. We propose that serotonin acts as a key regulator of this
precision-weighting process 1. To test this hypothesis, we examined serotonergic
function through three complementary approaches: observing exploratory behaviour
in animals, implementing similar mechanisms in a humanoid robot, and analyzing
the effects of psychedelics (which act on serotonin receptors) in humans. In addition,
the thesis continues on extending how precision can be generally used during body
perception and attention.

The introduction below is structured as follows: First, the basics of seroton-
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1Note that throughout the text, precision represents the confidence or certainty assigned
by an agent and not the external precision of the environmental sensory input, unless stated
otherwise.



10 CHAPTER 1. GENERAL INTRODUCTION

target the serotonergic system—follows, offering unique insights into serotonin’s
functional roles. Lastly, the technical section on active inference and the free energy
principle describes the computational framework that will be used throughout this
thesis to model and interpret serotonergic function, particularly the hypothesis
that serotonin modulates sensory precision.

1.1 Serotonin, a neurotransmitter

Serotonin, also known as 5-hydroxytryptamine (5-HT), is a monoamine neuro-
transmitter that plays crucial roles both in the central nervous system (CNS) as
well as peripheral nervous system (PNS) Julius (1991). Originally identified for
its vasoconstrictive properties in blood serum, serotonin has emerged as one of
the most extensively studied neurotransmitters due to its involvement in diverse
physiological processes and pathological conditions Rapport et al. (1949); Berger
et al. (2009). What is interesting about serotonergic neurons when it comes to the
organization of neural structure, their presence comprises only about 0.0001% of
all neurons, but they form 1 out of 500 axonal connections(Jacobs and Azmitia,
1992).

The molecular structure of serotonin consists of an indole ring structure with a
hydroxyl group and an amino group. This is visualized in Figure 1.1. Although
extensively studied and associated with many functions, the molecule appears
to have a complex role, as it is not solely responsible for any single function
(Julius, 1991). This complexity might be related to the multiple receptor subtypes,
classified as 5HT1 through 5HT7, each with distinct molecular structures, signaling
mechanisms, and tissue distributions Hoyer et al. (1994); Pytliak et al. (2011).
Except for 5HT3 receptor, which functions as a ligand gated ion channel, all the
receptors belong to the G protein-coupled receptor group (Julius, 1991; Hen, 1993).

Within the CNS, most of the serotonergic neurons are found to originate from the
raphe nuclei located in the brainstem. These neurons project extensively throughout
the brain, where they regulate a wide array of functions (Lesch and Waider, 2012).
Among many, these include mood, cognition, sleep, appetite, and pain perception
(Jacobs and Azmitia, 1992). In peripheral tissues, serotonin modulates various
physiological processes, including gastrointestinal motility, platelet aggregation,
and vascular tone (Berger et al., 2009). One can see from the list of functions that
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Figure 1.1: A molecular structure of serotonin.

we are dealing with a molecule with diverse physiological roles. In addition to
this list, dysregulation of serotonergic signaling has been implicated in numerous
psychological conditions, including major depressive disorder, anxiety disorders, and
schizophrenia (Meltzer, 2012). Moreover, the serotonin system represents a major
psychotherapeutic target, with drugs modulating serotonergic neurotransmission
being among the most prescribed medications worldwide (Wong et al., 2005).

In addition to the studies above, there are also other ways to study the func-
tion of serotonin. Therefore, next to studying the effects of activating different
serotonin receptors, another approach to better understand serotonergic function
is to develop genetic models that manipulate key components of the serotonin
system. Particularly relevant to this thesis are knockout models targeting the
serotonin transporter (SERT) and tryptophan hydroxylase 2 (TPH2). SERT is
responsible for the serotonergic reuptake from the synaptic cleft, effectively termi-
nating serotonergic signaling (Demchyshyn et al., 1994). SERT knockout animals
(SERT−/−) consequently exhibit chronically elevated extracellular serotonin levels
throughout development and adulthood (Bengel et al., 1998). SERT−/− rodents
typically exhibit heightened anxiety-like behaviours, reduced exploratory activity,
and enhanced sensitivity to environmental stimuli (Homberg, 2012). On the other
hand, TPH2 knockout animals are characterized by a nearly complete absence
of serotonin in the central nervous system, as (TPH2−/−) is the rate-limiting
enzyme in brain serotonin synthesis (Gutknecht et al., 2012). Thus, these genetic
models display distinctive phenotypes that illuminate serotonin’s role in information
processing.
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Studies of serotonin transporter (SERT) polymorphisms have revealed that
variations in serotonergic function are associated with differences in environmental
sensitivity and exploratory behaviour (Caspi et al., 2010). SERT−/− animals
typically show enhanced sensitivity to both positive and negative environmental
inputs (Homberg et al., 2016). This differential susceptibility suggests that serotonin
helps calibrate how organisms sample and learn from their environment (Belsky
and Pluess, 2009).

1.1.1 Serotonergic Modulation of Exploration

Although the list of serotonergic functions is already extensive, this thesis focuses
on the less studied modulatory power of serotonin, which is regulating exploratory
behaviour and environmental sensitivity. Research has shown that serotonin
influences how biological agents process and respond to environmental stimuli
across multiple timescales (Homberg et al., 2016). At a basic level, serotonin
affects sensory gain control, modulating the signal-to-noise ratio in interpreting
sensory information (Palacios et al., 1991). This mechanism may help organisms
appropriately tune their sensitivity to environmental cues during exploration.

Recent work has begun to bridge cellular and behavioural levels by examining
how serotonergic circuits implement exploration. Optogenetic studies have shown
that activation of specific serotonergic pathways can promote exploratory behaviour,
while others favor exploitation of current resources (Lottem et al., 2018; Doya
et al., 2021). This circuit-level organization may provide a flexible mechanism for
regulating the exploration-exploitation trade-off based on environmental conditions
and internal states.

Computational models incorporating serotonergic function have helped formalize
these findings on exploration (Daw et al., 2002). Such models typically cast the
functional role of serotonin as a modulator of either the variability of action selection
or the learning rate from environmental feedback (Cools et al., 2011). However,
more recent active inference accounts suggest serotonin—specifically found to
be activated by psychedelic drugs—may fundamentally regulate the precision of
sensory evidence relative to prior beliefs, thereby controlling the acquisition of new
information (Carhart-Harris and Friston, 2019).

In conclusion, the serotonin system plays a role in many functions of the brain.
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A part of this thesis specifically addresses the serotonergic role in exploration and
regulating environmental sensitivity.

1.2 Overview of psychedelics research

Having reviewed the complex role of serotonin in neural function, we now turn
to examine a class of compounds that primarily act through the serotonergic
system. Psychedelics are a class of psychoactive compounds that primarily act
as 5HT2A agonists, producing profound alterations in perception of the world
(Carhart-Harris and Friston, 2019). These substances, which include compounds
such as psilocybin, lysergic acid diethylamide (LSD), and dimethyltryptamine
(DMT) are characterized by their ability to alter sensory processing and brain
activity, such as default mode network activity (Carhart-Harris et al., 2014a).
Unlike other psychoactive substances, classical psychedelics are distinguished by
their non-addictive properties and their capacity to induce non-ordinary states of
consciousness while maintaining physiological safety under controlled conditions
(Nichols et al., 2017).

This part of the introduction thus provides a detailed look into the current state
of classical psychedelics research, starting from traditional practices to modern
scientific applications.

1.2.1 History of psychedelics use

The history of consuming psychedelic substances is thought to be deeply rooted
in human culture, with evidence spanning diverse civilizations and continents.
Archaeological findings suggest the use of psychedelic compounds in spiritual
and healing practices, and it is assumed that early humans were surrounded by
psychedelics for more than a million years (Winkelman, 2019). However, the first
documented use of psychedelics dates back thousands of years, with substances
like peyote having a documented use from over 5,700 years ago (El-Seedi et al.,
2005). These traditional practices were integrated into religious ceremonies, healing
rituals, and rites of passage, which shows sophisticated early understanding of the
effects of these compounds into the society.

Although the study of psychedelics has already emerged in the 19th century,
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the modern scientific era of psychedelic research is usually considered from the
1940s onwards, marked by Albert Hofmann’s discovery of LSD’s psychoactive
properties (Sessa, 2016). This discovery catalyzed an intensive scientific interest
in psychedelics’ therapeutic applications. Throughout the 1950s and early 1960s,
numerous clinical trials investigated LSD as well as psilocybin in treating various
psychological conditions.

Initially, researchers and doctors thought about psychedelics from the con-
temporary theories at that time, specifically from psychoanalysis. Researchers
like Stanislav Grof integrated psychedelic experiences into the psychoanalytic
framework, proposing that these compounds could accelerate therapeutic processes
of addiction (Abramson, 1966), depression (Savage et al., 1964) or even dysto-
nia (Stewart et al., 2020) by making ’unconscious material —the jargon of the
psychoanalysts—more accessible (Grof and Halifax, 1977).

As research methodologies evolved, a more cognitive perspective emerged in
the 1990s and 2000s with the revival of psychedelic research. This approach
focused on understanding the effects of psychedelics on specific mental processes
and brain functions, such as illusion or mystical experiences and neuroplasticity
through rigorous experimental protocols (Vollenweider et al., 1998; Vollenweider and
Kometer, 2010; Strassman, 2000). This was an important shift, as the studies on
psychedelics before they were banned in the early 1970s were often criticized for poor
sample sizes and unreliable results (for instance, see Stewart et al. (2020)). These
studies found that psychedelics consistently enhance emotional openness, reduce
cognitive rigidity, and promote novel thought patterns, suggesting fundamental
alterations in information processing (Strassman, 2000; Carhart-Harris and Friston,
2019).

The most recent perspective in this field has come with the emergence of
computational approaches, integrating modern neuroscience with sophisticated
mathematical models to understand how psychedelics alter information processing
in the brain. Contemporary researchers employ tools from network science or
statistical physics to characterize the brain’s altered states under psychedelic
influence. These approaches have led to novel theories such as the entropic brain
hypothesis and the REBUS model (Carhart-Harris et al., 2014b, 2018; Carhart-
Harris and Friston, 2019). These theories will be discussed in Section 1.3.4.
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1.2.2 Serotonin and psychedelics

Throughout the recent decades of psychedelics research, scientific rigour regarding
the research into psychedelic action has resulted in several tangible observations
that have advanced an understanding of their neurochemical mechanisms. A crucial
breakthrough came with the identification of the 5HT2A receptor as the primary
target for classical psychedelics (Glennon et al., 1984; Hintzen and Passie, 2010).
This finding was further supported via pharmacological blocking studies, where
researchers demonstrated that ketanserin, a selective 5HT2A antagonist, prevents
the subjective effects of psychedelics (Vollenweider et al., 1998). This direct causal
relationship between receptor binding and psychedelic effects established a clear
molecular basis for their action. For instance, the 5HT2A receptors have been
found in the dendrites in layer 5 (Weber and Andrade, 2010). These neurons are
particularly significant as they are known to generate neural alpha oscillations
(around 8-12Hz) (Silva et al., 1991; Sun and Dan, 2009).

Alpha oscillations are quite important in the psychedelics research community,
as this activity is thought to play a crucial role of how the information propagates
in the brain by implementing selective inhibition, effectively filtering out irrelevant
sensory information while facilitating the processing of task-relevant inputs (Jensen
and Mazaheri, 2010). Further studies in humans have shown that psilocybin admin-
istration leads to a marked decrease in alpha waves (Carhart-Harris et al., 2014b;
Valle et al., 2016; Pallavicini et al., 2019), suggesting a disruption of this filtering
mechanism. This reduction in alpha power may explain the enhanced sensory
processing often reported during psychedelic states (i.e., perceiving vivid colors,
intricate geometric patterns, or inducing synesthesia), as the usual constraints on
sensory information flow are relaxed (Carhart-Harris et al., 2014b).

Neuroimaging studies on humans have revealed significant alterations in key
brain networks under psychedelic influences, particularly affecting the Default
Mode Network (DMN), putamen, and thalamus (Carhart-Harris et al., 2012). The
laminar organization of cortical connections is likely significant in these network-
level effects, as psychedelics primarily target 5HT2A receptors on layer 5 pyramidal
neurons which have specific projection patterns to thalamic nuclei (Shipp, 2007).
Layer-specific cortical connections form distinct ascending and descending pathways
that normally regulate information flow between cortical areas and subcortical
structures, providing an anatomical basis for the network alterations. The DMN
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holds special significance in this context, as it is widely considered to represent the
highest hierarchical level in cortical processing (Carhart-Harris and Friston, 2010;
Smallwood et al., 2021). This network’s interaction with sensory input streams
has also been carefully mapped (Sepulcre et al., 2012).

1.2.3 Information theory perspective on psychedelics

One of the emerging and quite important hypotheses focuses on the more en-
tropic state of the brain on psychedelics. In a series of theories by Carhart-Harris
and his colleagues, the idea of an entropic brain under psychedelics was intro-
duced (Carhart-Harris et al., 2014b, 2018). In these papers, the core idea was
that psychedelics—with its metabolites attaching to the 5HT2A receptors in the
brain—increase disordered behaviour of neuronal activity. This coincides with
an increase in the brain’s criticality (Beggs and Plenz, 2003; Beggs, 2022). The
concept of criticality in neural systems describes a state where neural activity
patterns exhibit scale-free behaviour, characterized by power law distributions of
activity in both spatial and temporal domains. At this critical point, the brain
demonstrates optimal computational capabilities: ordered enough to maintain
stable information processing, yet sufficiently flexible to respond to new inputs.
This state maximizes several information-theoretic measures including dynamic
range, information transmission, and information capacity (Shew and Plenz, 2013).
The disruption of the critical state in various neurological conditions suggests
that maintenance of criticality is essential for normal brain function, providing a
framework for understanding how the brain achieves its balance between stability
and adaptability (Meisel, 2020).

Recent evidence supports the aforementioned theoretical proposal, with studies
showing that psychedelics tune the brain even closer to criticality than is evident in
normal waking consciousness, particularly demonstrated through LSD (Atasoy et al.,
2017; Varley et al., 2020; Herzog et al., 2023). These findings align with broader
research on critical connectivity in neural systems, suggesting that psychedelics
may optimize the brain’s capacity for information processing by maintaining it at
a critical point between order and chaos. This optimization at criticality could
explain the enhanced perceptual sensitivity observed in the psychedelic state
(Carhart-Harris et al., 2014a; Carhart-Harris, 2018).
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The goal of this section is to give a background on the current understanding
and progress of psychedelic research. The goal here is to unite this field within
one unified approach: active inference. To do that, we first have to provide the
introduction to this theory, which follows in the next Section. At the end of this
section, in 1.3.4, we provide a comprehensive way of approaching psychedelics from
the active inference perspective.

1.3 Active Inference and the Free Energy Principle

Serotonin research is a highly interdisciplinary field that draws from neurophysiology,
behavioural neuroscience, and psychopharmacology. To articulate hypotheses that
speak to each of these areas, it is useful to appeal to a theoretical framework
that is applicable across these domains. Active Inference is one such approach
that bridges different perspectives. Crucially, the mathematical formulations that
underwrite Active Inference have a dual interpretation as descriptions of both
perceptual inferences and the physiological processes that support those inferences.
Each of these is ultimately interpretable in terms of the actions they cause, i.e., the
movement of parts of one’s body. The benefit of this theoretical and mathematical
framing for this thesis is (1) that it allows one to link together concepts like synaptic
efficacy, attention, and neuromodulation in a common language; and (2) that this
framing is explicitly embodied. The second of these is something that will be
particularly relevant when dealing with both the manipulation of parts of the body
to gain information about the world and with the distinction between self and
other implicit in the body ownership illusions dealt with in Chapter 4. Active
Inference does not give us any answers as to the role of serotonin in the brain, but
it does allow one to ask questions and pose hypotheses. Each hypothesis then has
implications for what we would measure across multiple empirical domains.

The free energy principle (FEP) and its corollary theory active inference follow
from quite a simple observation, which is that humans and other living systems
maintain their physical structure (Maturana and Varela, 2012) and thus combat
the second law of thermodynamics—the tendency for entropy to increase over time.
Since cognitive processes are ultimately realized through physical systems (i.e.,
neural activity in the brain), they too must operate within the same thermodynamic
constraints. This suggests that cognitive functions may be understood as specialized
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processes that help living systems maintain their physical integrity (i.e., survival).
Simply put, preservation of self over time is the key imperative for a living system
and cognition emerges as an adaptive mechanism that supports this imperative.

The FEP postulates that living systems must, by their very nature, resist the
universe’s tendency toward disorganization (Friston and Stephan, 2007). A living
organism that fails to maintain its essential functions or parameters within viable
bounds will ultimately be unable to survive. Simply, the system would disintegrate.
This builds on a theory where life itself can be understood as a process of continuous
prediction and self-organization. In other words, the system is organized by and for
minimizing free energy (a measure of the difference between an organism’s model
of the world and reality), as the better prediction about the world leads to a more
sustained functioning in it (e.g., having a good prediction of what will happen after
falling off a cliff makes one not to fall). The question is, how is this realized in the
biological body?

Active inference aims to explain how creatures resist a tendency to dispersion
(i.e., increases in entropy) (Parr et al., 2022). Living systems actively probe and
shape the environment by acting on it rather than passively reacting to it. This leads
to the construction of internal models that help them predict and navigate their
world. This process manifests across scales, from bacteria to human cognition, as
has been argued in (Kirchhoff et al., 2018), providing a framework across species and
essentially uniting life under one umbrella, trying to answer Schrodinger’s question
’what is life?’ (Schrodinger, 1946). The revolutionary idea of this framework is that
action and perception are accounted in terms of optimisation of the same quantity.
The mathematics underlying FEP in active inference assumes that living systems
are, in essence, performing Bayesian inference (Clark, 2013; Hohwy, 2013).

1.3.1 Mathematical background

Before examining the mathematical details, it is important to note that active
inference can be formulated in both discrete-time and continuous-time frameworks
(Lanillos et al., 2021). Continuous-time models utilize differential equations to
represent the dynamics of belief updating and can capture the smooth, ongoing
nature of biological processes. In contrast, discrete-time models represent updating
at specific time points and often use categorical probability distributions (i.e., a
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distribution assigning probabilities to a finite set of discrete outcomes), making them
mathematically more tractable and computationally less demanding. This section
explains the discrete state models of active inference, as they are mathematically
more straightforward to comprehend compared to the continuous models, and in
the end the core idea of active inference is preserved (Da Costa et al., 2020).

In the FEP interpretation of the world, an organism observes the world via
observations o, such as visual, tactile or auditory stimulation, but has no access to
the (hidden) states of the world s that cause these experiences. The organism’s
aim is thus to reconstruct the hidden states by their observable consequences of the
state. To do a proper reconstruction, one needs to know the prior, or the previous
knowledge about the inferred state. This is either through previous experience
or genetic coding. In addition, a likelihood is also necessary, as it describes a
relationship between a given observation to the inferred state, for all possible states.
The mismatch between observation and prediction is known as prediction error
in the literature (Clark, 2013). Prediction error is often used as a proxy for free
energy, a tractable measure to perform Bayesian inference (i.e., a bound on how two
distributions are alike). We can write the free energy as the discrepancy between
the internal model and its environment, and how close is the agent to fulfill their
preferences (or prior expectations) (Da Costa et al., 2020):

F = DKL[Q(s)||P (s)]︸ ︷︷ ︸
Complexity

−EQ(s)[lnP (o|s)]︸ ︷︷ ︸
Accuracy

(1.1)

where Q(s) represents approximate posterior beliefs about the hidden states s,
and P (s) represents prior beliefs about those states. The free energy F comprises
two main terms: a complexity term DKL[Q(s)||P (s)] that quantifies the Kullback-
Leibler divergence between posterior and prior beliefs, and an accuracy term
EQ(s)[lnP (o|s)] that measures how well the model explains observed sensory data
o, for its expected (or average) value E. Minimising the complexity term prevents
the posterior from diverging too far from the prior. This is because the bigger
the difference between Q(s) and P (s), the higher the complexity value and thus
the higher the free energy (Da Costa et al., 2020). Minimising the accuracy term,
expressed as an expected log-likelihood under the approximate posterior, ensures
the model can adequately explain sensory observations. Meaning, the beliefs about
states that can explain the observations the best, will maximize the accuracy value
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while incurring a minimal complexity cost, leading to a smaller free energy in the
end.

For a different interpretation of the FEP for a better clarity of what the principle
represents, one can reconstruct the equation above in order to comprehend what this
principle is about in its core. This is possible by scrutinizing the Kullback-Leibler
divergence DKL in Equations (1.2) and (1.3):

DKL[Q(s)||P (s|o)] = DKL[Q(s)||P (s)]− EQ(s)[lnP (o|s)] + lnP (o) (1.2)

DKL[Q(s)||P (s)]− EQ(s)[lnP (o|s)] = DKL[Q(s)||P (s|o)]− lnP (o) (1.3)

Hence, an alternative formulation of the free energy principle expresses F

in terms of the posterior divergence and surprisal (defined as − lnP (o)), where
DKL[Q(s)||P (s|o)] represents the divergence between the approximate posterior
Q(s) and the true posterior P (s|o):

F = DKL[Q(s)||P (s|o)]︸ ︷︷ ︸
Posterior divergence

− lnP (o)︸ ︷︷ ︸
Surprisal

(1.4)

F ≥ − lnP (o) (1.5)

The KL divergence in Equation (1.4) is by definition non-negative (≥ 0)because
of Jensen’s inequality. The second term, lnP (o), represents surprisal (or self-
information), which quantifies the unexpectedness of observations. This decomposi-
tion reveals that minimizing free energy is equivalent to minimizing the divergence
between approximate and true posteriors while simultaneously minimizing surprisal.
From here, it is also apparent why the free energy is considered a lower bound on
surprisal, as highlighted in the Equation (1.5). This is because if the posterior diver-
gence in Equation (1.4) is equal to zero, then free energy is equal to surprisal. And
since the first term can only be positive, the free energy will always be the upper
bound of surprisal. Importantly, this formulation is mathematically equivalent to
the previous expression involving complexity and accuracy terms, but it emphasizes
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different aspects of the optimization problem. While the complexity-accuracy
decomposition in Equation (1.1) highlights the trade-off between model complexity
and fit, this posterior-surprisal decomposition in Equation (1.4) emphasizes how
organisms attempt to minimize the unexpectedness of their sensory inputs while
maintaining accurate internal models.

1.3.2 Expected Free Energy

A key innovation of active inference is its treatment of action selection (Friston,
2009). Instead of generating movement from the free energy per se, an agent
may consider all possible actions and select the one that will minimize the free
energy expected at a future time, given the current beliefs. The selection of future
actions refers to planning. It is the plans that depend upon expected free energy.
Mathematically, this is done through the minimization of expected free energy G,
which extends the free energy principle into the future (Da Costa et al., 2020):

G(π) = DKL[Q(sτ |π)||P (sτ )]︸ ︷︷ ︸
Risk

+EQ(sτ |π)P (oτ |sτ )[lnP (oτ |sτ )]︸ ︷︷ ︸
Ambiguity

(1.6)

In this formulation, G(π) reflects the expected free energy for a particular
policy (i.e., a set of actions) π. This quantity comprises two fundamental terms:
risk and ambiguity. The risk term, expressed as DKL[Q(sτ |π)||P (sτ )], quantifies
the divergence between predicted and preferred states, where Q(sτ |π) represents
beliefs about future states at time point τ under a given policy, and P (sτ ) encodes
prior preferences about future states at the same time point. The ambiguity
term, EQ(sτ |π)P (oτ |sτ )[lnP (oτ |sτ )] represents the expected uncertainty in observa-
tions given future states. Uncertainty in this context refers to the variability or
unpredictability in the mapping between states and observations.

This formulation elegantly captures two fundamental aspects of decision making.
First, it accounts for exploratory behaviour through the minimization of ambiguity,
driving organisms to seek out situations where they can make precise predictions
about sensory inputs. Second, it explains goal-directed behaviour through the
minimization of risk, ensuring that selected actions align with preferred outcomes.
This dual optimization creates a natural balance between exploratory and exploita-
tive behaviours, providing a principled mathematical framework for understanding
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how organisms make decisions in uncertain conditions while maintaining their
homeostatic objectives. It is worth noting that this framework naturally accommo-
dates the existence of multiple locally optimal solutions in the expected free energy
landscape. Rather than requiring a single globally optimal solution, the theory
incorporates precision parameters that effectively modulate how deterministically
an organism commits to particular actions or what is perceived.

1.3.3 Precision-Weighted Inference in Biological Systems

A complete account of biological self-organization under the Bayesian inference view
requires understanding how systems weight the reliability of different information
sources. In probabilistic inference, precision refers to the inverse variance of
a distribution. In other words, higher precision indicates greater certainty and
reliability of the information and vice versa. Precision weighting is thus a mechanism
by which the brain assigns different levels of confidence to various sources of
information, effectively determining how much influence each source should have
on belief updating. For instance, when sensory inputs are deemed more precise
(reliable), they exert greater influence on posterior beliefs. Conversely, when prior
beliefs are considered more precise, they dominate the inference process. This
weighting of information based on its reliability is essential for optimal Bayesian
inference, as it allows organisms to adaptively respond to changing environmental
conditions and internal states. To understand how precision weighting is achieved
mathematically, it is important to understand the generative model construction
first. In active inference, we begin by specifying a generative model that describes
how observations are generated from hidden states:

p(o, s|π) = p(π)
T∏

t=1

p(ot|st)p(st|st−1, π) (1.7)

where the joint probability of observations o and states s under policy π

is decomposed into a product of likelihood terms p(ot|st) and state transitions
p(st|st−1, π). In active inference, the former is formalized as matrix A, while the
latter as matrix B. Note that this formulation is for discrete state space models.

This generative model specifies the probabilistic relationship between states and
observations. However, to perform inference under this model, biological systems
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must account for the reliability or precision of different information sources. In the
active inference framework, this is achieved by introducing precision parameters
that modulate the influence of different terms in the model.

When we perform inference under this generative model, the precision param-
eters enter through the softmax function, which converts log-probabilities into
normalized probability distributions. The precision parameters (ω, ζ, γ) act as
inverse temperature parameters that control how sharply peaked these distributions
are (Novicky et al., 2024).

Here, B represents the state transition matrix encoding p(st|st−1), and A
represents the likelihood matrix encoding p(ot|st), as explained above. The precision
parameters modulate these relationships as follows:

p(st|st−1) = σ(ω · lnB(st|st−1)) (1.8)

p(ot|st) = σ(ζ · lnA(ot|st)) (1.9)

Q(π) = σ(−γ ·G(π)) (1.10)

These equations show how precision parameters transform the log-probabilities
from the generative model into working distributions for inference. Higher precision
values (ω, ζ, γ) lead to more deterministic mappings, while lower values create more
uniform distributions. This mathematical formulation allows biological systems to
flexibly weight different information sources based on their estimated reliability.

This mathematical framework reveals that precision has an important role,
which varies according to the distribution with which it is associated. If a prior
is held with high precision, it is resistant to change, and posterior probabilities
will be very similar to priors. In contrast, if a likelihood has very high precision,
this may support a large belief update from prior to posterior following sensory
observations.

Once we consider planning and action selection, and score them based upon
prior and (anticipated) posterior beliefs (as in Equation 1.6), the influence of prior
and likelihood precisions has a profound impact on which policies might lead to
the greatest risk or ambiguity. In other words, selecting a course of action based
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upon our current beliefs means behaviour is highly sensitive to our beliefs and to
the precisions that help to determine them.

At the computational level, precision weights the relative influence of different
prediction errors during belief updating, effectively modulating the balance between
prior beliefs and incoming sensory evidence. This precision weighting mechanism
explains how organisms selectively process relevant information while ignoring
irrelevant sensory inputs (Parr and Friston, 2019).

1.3.3.1 Precision in Attention and Body Perception

Above we explored how precision—defined as the inverse of variance in probability
distributions—operates within the FEP framework. We showed how an agent’s
estimate of precision can influence action selection to minimize expected free energy.
Here, we will examine how this precision-weighting mechanism provides a unifying
framework for understanding both attentional processes and body perception
phenomena.

Within the active inference framework, both attention and perceptual illusions
can be understood through the precision weighting mechanisms described in the
previous section. The framework suggests that attention—conceptualized as the
process by which certain sensory channels or spatial locations are selectively
prioritized—effectively modulates the precision of prediction errors, determining
how much influence different sensory channels have on belief updating (Feldman
and Friston, 2010; Brown et al., 2013; Kanai et al., 2015; Kok et al., 2012). For
instance, when attending to visual input, the precision of visual prediction errors
for a specific region of the visual field increases relative to others, leading to the
enhanced influence of this particular space on perceptual inference (Hillyard et al.,
1998).

Body ownership illusions like the Rubber Hand Illusion (RHI)—where a partic-
ipant perceives a rubber hand as their own when both hands are simultaneously
stroked and the real hand is covered, creating the illusion that the touch is felt
at the rubber hand—illustrate how precision weighting shapes our experience of
embodiment. Under the active inference framework, the brain must arbitrate
between competing models of sensory input, i.e., whether touch sensations arise
from one’s actual hand or a fake hand (Samad et al., 2015; Limanowski and Friston,
2020; Apps and Tsakiris, 2014). This arbitration depends critically on the relative
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precision of different sensory channels and prior beliefs. Thus, when a person sees
that the rubber hand is receiving tactile input, they can perceive this as if the real
hand is getting the tactile input, leading to the illusion of ownership over the fake
hand (Suzuki et al., 2013; Tsakiris, 2010).

These phenomena demonstrate that precision weighting might serve as a key
mechanism for both selective attention and the resolution of multisensory conflicts.
By dynamically adjusting the precision of different sensory channels and prior
beliefs, the brain can optimize its inferences about the state of the world and the
body. This precision-based account aligns with empirical findings about the role of
top-down predictions and bottom-up prediction errors in both attentional selection
and perceptual illusions (Clark, 2013; Adams et al., 2013; Seth, 2014).

1.3.4 Unified approach towards psychedelics

After providing a background both to the entropic brain hypothesis and the free
energy principle, which share their foundation in information theory, particularly in
their utilization of concepts derived from Shannon entropy, we can integrate them
together. The integration of these two has been labeled as the Reduced Beliefs Under
Psychedelics (REBUS) theory (Carhart-Harris and Friston, 2019), highlighting that
psychedelics disrupt the hierarchical processes in the brain, such that the priors
are relaxed. This results in that the new incoming sensory input is considered
more important (i.e., has more weight), which means that the signal can propagate
deeper into the neuronal hierarchical architecture. This theoretical synthesis is
particularly noteworthy as it brings together two seemingly distinct approaches
to understanding brain function: one focused on the psychedelic state and altered
consciousness, and the other offering a unifying theory of brain organization and
function.

The REBUS theory becomes especially important when considering the role of
precision-weighting in predictive processing. It suggests that, in normal waking
consciousness, the brain maintains a delicate balance between the estimated preci-
sion assigned to top-down predictions and that of bottom-up sensory information
(Clark, 2013). Psychedelics appears to fundamentally alter this balance by reducing
the precision-weighting of prior beliefs, thereby relaxing the constraints that usually
shape our perception and cognition. In addition, this mechanism also explains
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increased cognitive flexibility and enhanced plasticity observed under psychedelics
(van Elk and Yaden, 2022; Calder and Hasler, 2023).

1.4 Summary

In summary, the theoretical background above has outlined the basics of serotonin,
psychedelics, and active inference. It positions the reader to better grasp the
goal of this thesis, which is to demonstrate that serotonergic modulation can be
modelled using the sensory precision parameter, along with expanding the theories
of precision on the neuronal function in general.

Chapter 2 examines how serotonin modulates active sensing behaviour through
precision weighting in an exploratory task, providing a concrete example of how
this neurotransmitter may fundamentally act to regulate the precision of sensory
inputs and habitual expectations. This is investigated to establish a neurobiological
basis for computational theories of precision in a well-controlled animal model.

Chapter 3 translates these biological insights into robotics, showing how
precision-based active inference can guide autonomous behaviour in artificial sys-
tems. This demonstrates the broad applicability of precision as an organizing
principle across biological and artificial agents.

Chapter 4 explores how precision optimization can explain both perception and
action in body ownership illusions, specifically modelling the rubber hand illusion
through precision-weighted inference between competing models of sensory input.
This chapter is pursued in order to extend our understanding of precision’s role
from basic active sensory processing to more complex phenomena of embodied
cognition.

Chapter 5 examines how rhythmic precision modulation may underlie both
attention and action, providing a mechanistic account of how precision connects
perception and behaviour. This investigation helps bridge discrete computational
models with continuous neural dynamics to create a more biologically realistic
framework.

Finally, Chapter 6 analyzes how psychedelics, specifically psilocybin, may work
by modulating precision in neural communication, supporting the REBUS theory
highlighting their modulatory effects on the brain function. We study this to
test whether the active inference perspective on serotonergic function as precision
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modulator can explain the effects of psychedelics. This strengthens the position
of serotonin as a precision neuromodulator and integrates our computational
framework with broader serotonergic function across the brain and substances.

Together, these chapters aim to demonstrate that precision weighting provides
a common computational framework that can unify our understanding of seemingly
disparate phenomena united under the serotonergic modulation. By examining
how precision is fit in a model to replicate findings in the serotonergic research
across these different contexts, this thesis aims to establish serotonin as a biological
homologue of precision within active inference theory, while extending these insights
to theories of embodiment with a special focus on precision in generative models.
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Chapter 2

Active inference, whisking, and
serotonin

Based on:
Novický, F., Zeldenrust, F., Lanillos, P., Homberg, J. R., Friston, K., & Parr, T.
Active inference, whisking, and serotonin. Manuscript in preparation.

Abstract

Serotonin is a neuromodulator in the brain that facilitates the interaction between
the organism and its environment. However, the precise computational mechanism
behind this exchange is not well understood. Here, we aimed to elucidate the com-
putational role of serotonergic neuromodulation on sentient behaviour. Specifically,
we focused on tactile active perception, i.e., whisking, as it has previously been
used to study serotonin’s function in perception. Taking advantage of the open-
source data collected on whisking in the gap crossing task, we asked whether an
active inference model of whisking could predict the behaviour observed following
serotonergic modulation. We studied two conditions in a synthetic rat: a rat with
normal levels of serotonin and a rat lacking the serotonin transporter (SERT−/−).
We tested two hypotheses: that serotonin either affects the precision of sensory
(tactile) data or the precision of habits. We conclude that a reduction of sensory
precision was sufficient to explain SERT−/− rat behaviour.

37



38 CHAPTER 2. ACTIVE INFERENCE, WHISKING, AND SEROTONIN

Keywords

Serotonin • active sensing • precision modulation • active inference

2.1 Introduction

One of the most important roles of cognitive systems is to select the information
that allows them to learn about their environments. This selection is necessitated by
the need to move, and the different sensory inputs solicited by different movements.
The perceptions informed by these movements reciprocally influence behaviour,
and the ensuing action-perception cycle (Fuster, 2004): a core aspect of active
sensing. One of the neuromodulators implicated in active sensing is serotonin or
5-Hydroxytryptamine (5-HT) (Azarfar et al., 2018; Lottem et al., 2018). Serotonin
is a monoamine neurotransmitter with complex and multifaceted biological func-
tions. Along with active sensing, these include the modulation of mood, cognition,
reward, learning, memory, behavioural inhibition, social interactions and numerous
physiological processes (Cools et al., 2008).

The effect of serotonin in active sensing has been investigated in the literature in
tactile perception tasks using whiskers (Azarfar et al., 2018). Whisking in rodents
offers an interesting framework to study active perception and its serotonergic
alterations, as whiskers are actively targeted to explore the environment (Voigts
et al., 2008) and subsequently guide behaviour, optimising both perception and
action selection. This has been studied using the gap-crossing task (Azarfar et al.,
2018; Celikel and Sakmann, 2007; Voigts et al., 2008) where whisking animals
cross a gap of variable size between two platforms, relying completely on the
tactile information actively generated via their whiskers. The changes in whisking
behaviour, while crossing the platform, offer a measure of the way in which sensory
data influences perception, and the way in which perception influences (information
seeking) behaviour. We choose this paradigm, as it allows one to study rats with
high or normal levels of serotonin, and hence to study the function of serotonin
on this kind of exploratory behaviour (Azarfar et al., 2019). Specifically, the rats
lacking the serotonin transporter (SERT−/−) take more time to switch from a
large to small whisking amplitude during the gap-crossing paradigm.

But what is the specific function of serotonin that can achieve this prolonged
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switch in behaviour? Research suggests that serotonin mediates environmental
sensitivity (Homberg et al., 2016). In particular, this neurotransmitter appears
to reverse sensory gain (i.e., flatten neural responses generated by a stimulus)
across several modalities, including the tactile domain (Marquez and Chacron,
2020), which consequently implies a failure to inhibit irrelevant sensory stimulation
(Farid et al., 2000; Kohnomi et al., 2008; Feifel et al., 2003; Shilling et al., 2004;
Sipes and Geyer, 1994, 1997; Varty et al., 1999). From the predictive coding
perspective (Brown et al., 2013; Clark, 2013; Feldman and Friston, 2010), these
effects of serotonin on sensory information can be realized in two possible ways: (i),
the weights (i.e., the precision) on sensory information are decreased so that they
have less effect on action selection, or (ii) sensory data are not informative about
action selection due to a precise habitual prior, which leads to flattened responses.
The latter mechanism can be intuited from experiments where increased serotonin
is associated with prolonged waiting for a reward, which might be explained as
increasing the habitual (or learned) behaviour that leads to a reward (Miyazaki
et al., 2018).

To test these hypotheses, we appeal to analogies between the gap-crossing
paradigm and paradigms in active vision, but for tactile data. Active vision is
sometimes investigated using the active inference framework (Friston et al., 2017a;
Parr et al., 2022), which assumes that creatures behave based upon internal models
of their world, and act to minimise the discrepancy (i.e., surprise) between the
predictions of their models and the sensory data sampled from the world. This
touches upon the so-called ‘dark room problem’ (Friston et al., 2012): i.e., if
creatures act to minimise surprise, why do they not simply stay in a dark room,
where they will always observe darkness, and therefore never be surprised? The
answer to this apparent paradox (Friston et al., 2015; Parr and Friston, 2017) comes
from the prior belief that creatures act to resolve their uncertainty (i.e., expected
surprise) about the world. Under this prior, it would be very surprising to find
oneself in a dark room, as sensory samples would be ambiguous and resolve no
uncertainty. In other words, it would be all noise with no signal. In contrast, being
in the light provides a much more precise signal to noise ratio, and therefore offers
greater potential for uncertainty reduction. Analogously, in the tactile domain, the
presence of an external object (when palpated with a whisker) provides informative
data while the absence of an object offers only ambiguous data. In this sense,
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whisking in the region of an external object is the tactile analogue of turning on a
light-switch in the visual domain. In active inference, whisking behaviour therefore
depends upon the precision either associated with tactile sensations or with habitual
priors that underwrite whisking. The former reflects the confidence that can be
placed in tactile data, while the latter reflects the strength of habits, where a high
habitual precision favours learned action sequences that guide behaviour in a way
that cannot be revised by sensory signals. In other words, a strong prior over
habits results in a consistent behaviour; namely a consistent whisking amplitude in
the case of this study.

In order to model the role of serotonin, we adopt the same approach as previous
computational models that treat neuromodulatory transmitters as encoding preci-
sion via synaptic gain modulation (Parr and Friston, 2017). The relative precision
of sensory and prior signals can have a profound influence on action selection.
Previous computational studies have examined the roles of other modulators in a
similar fashion, including acetylcholine (Moran et al., 2013), noradrenaline (Vincent
et al., 2019), and dopamine (Schwartenbeck et al., 2015). Hence, here we ask
whether serotonin modulates one (or both) of the hypothesised precision terms. In
this work, we show that the serotonergic modulation may be better understood as
encoding sensory (i.e., tactile) precision as it modulates the switch between a large
and small amplitude whisking, independently of the habitual precision.

In what follows, we describe a computational model, based on the active inference
framework as described in (Friston et al., 2017a; Smith et al., 2022), that accounts
for whisking as active sensing in the cross-gap paradigm formalized as a (partially
observed) Markov Decision Process (POMDP). Our approach is complementary to
continuous time models of whisking using active inference (Mannella et al., 2021),
but focuses on a discrete time formulation. This lets us deal in a tractable way
the evaluation of alternative action plans without the need for complex function
approximators thus, facilitating the analysis of the active sensing behaviour.

2.2 Methods

This section provides an overview of the active inference model used to simulate
rodent behaviour in the gap-crossing paradigm (Azarfar et al., 2018; Celikel and
Sakmann, 2007). The description is minimally technical and focuses on the in-
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tuitions behind active inference. For a detailed derivation of the active inference
equations we refer to (Da Costa et al., 2020; Friston et al., 2017a).

2.2.1 Active Inference

2.2.1.1 Variational Free Energy

Active inference is a corollary theory of the free energy principle that aims to
unify neuroscientific findings under one relatively straightforward principle (Friston,
2010). It is built upon the idea that any living system self-organizes by minimizing
its surprisal (i.e., negative log of the probability of sensory outcomes under some
model). Evaluating surprisal over time, this measure corresponds to Shannon’s
entropy of observable outcomes. Furthermore, minimising surprisal corresponds
to maximizing model evidence (Hohwy, 2016). However, calculating surprisal for
large scale problems is computationally intractable (Da Costa et al., 2020; Friston
et al., 2017a; Sajid et al., 2021). Alternatively, under the variational inference
approach (Beal, 2003; Blei et al., 2017), we can compute an upper bound on
surprisal (i.e., Variational Free Energy), such that minimizing free energy implicitly
minimizes surprisal (Da Costa et al., 2020). Equation (1) provides a definition of
free energy (F), expressed in terms of the prior beliefs (P(s)) agents hold about
the states of their world, their beliefs about how those states map to observable
sensory outcomes (P(o|s)), and the (approximate) posterior beliefs (in the form of
a variational distribution Q(s)) they optimise, once they have updated their priors
to posteriors:

F = DKL [Q(s)||P (s)]︸ ︷︷ ︸
Complexity

−EQ(s) [lnP (o|s)]︸ ︷︷ ︸
Accuracy

(2.1)

Equation (1) expresses free energy as a functional1 of the probability distri-
butions outlined above. The notation DKL means a Kullback-Leibler divergence,
which reaches its minimum (of zero) when the two distributions that form its
arguments approximate one another. The notation EQ(s) means the expected value
(or average) under the distribution Q(s). The divergence term has been named
Complexity, as its minimisation ensures deviations between prior and posterior
probabilities are penalised, precluding overfitting of models to data (Jefferys and

1A functional means a function of functions.
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Berger, 1992).
The second term, Accuracy, is an expected log likelihood under the approximated

posterior distribution. If only the first (complexity) term were minimized, the agent
would completely ignore the environment it finds itself in and would follow priors
only. The accuracy term embeds the agent in the world via its sensory receptors,
as this measure relies on soliciting predicted outcomes from the environment. The
free energy quantity is then a combination of these two terms. Equation (2) uses
an alternative (but equivalent) arrangement of the free energy, along with the
non-negativity of the KL-Divergence, to demonstrate the bounding of surprisal.

F = DKL [Q(s)||P (s|o)]︸ ︷︷ ︸
≥0

− lnP (o) ≥ − lnP (o)︸ ︷︷ ︸
Surprisal

(2.2)

While variational free energy is useful in drawing inferences about states, in
order to address prospective planning (computing the best actions in the future),
we must supplement this formulation with the concept of the expected free energy.
We turn to this in the next subsection.

2.2.1.2 Expected Free Energy

The expected free energy G(π) resembles the free energy F, however it evaluates
a sequence of actions (i.e., policy π) by taking expectations under beliefs about
future time-steps, and outcomes that have yet to happen. It can be expressed as
follows:

G(π, τ) = DKL [Q(sτ , A|π)||P (sτ , A)]︸ ︷︷ ︸
Risk

+EQ(sτ ,A|π)P (oτ |sτ ,A) [lnP (oτ |sτ , A)]︸ ︷︷ ︸
Ambiguity

(2.3)

where, τ represents the time-step about which beliefs are held, and A is the
likelihood matrix of outcomes given hidden states. The term Risk is effectively the
expected Complexity described above. It measures the deviation from the current
belief distribution given the selected policy Q(sτ , A|π), and the real posterior
P (sτ , A), but now we assume that prior beliefs encode preferences about the states
held by the agent being simulated. Risk minimisation is achieved by selecting those
policies (π), that can deliver the agent to its preferred states (or outcomes). For this
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Figure 2.1: A generative model for the gap-crossing task. This schematic illustrates
a plausible model that a rodent might use to predict its sensory data during a whisking task.
The model has two hidden factors (i.e., two sorts of hidden states): Location and Whisker
Position. The former is split into Near and Far from the platform. The latter is separated into full
and partial retraction (FR and PR, respectively), and full and partial protraction (FP and PP,
respectively). Note that partial retraction and protraction hidden states are duplicated in order to
provide sine wave-like behaviour and a different frequency for large and small amplitudes. This is
elucidated in the likelihood distribution in the middle-right matrix for the proprioceptive outcomes.
Different combinations of these two hidden factors provide different likelihoods for the sensory
data (here comprising tactile and proprioceptive modalities), where the far location provides a
completely uncertain environment (analogous to a dark room), while the near location differs in
the partial and full protraction hidden states with the former providing the most precise outcome.
These likelihood probabilities are illustrated graphically by the matrices in the middle-left, which
depict high probabilities as black, low probabilities as white, and intermediate probabilities as
grey. Each cell shows the probability that, given the hidden state combination indicated by the
column, the outcome indicated by the row will be observed. (Continue on the next page.)
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Figure 2.1: (Continued) These distributions are modulated by the ζ parameter (tactile precision)
and this representation shows high ζ (e.g., 1). If ζ were low (e.g., 0.1), the likelihood distribution
in the near condition would be completely uniform and look the same as the far condition. Lastly,
there are two policies that either result in a large (1) or small (2) amplitude of whisking, coloured
in purple and yellow, respectively. The former is assigned a higher prior probability of selection
and is therefore linked to habitual behaviour as shown in the upper-left probability distribution.
This prior probability is modulated by the parameter ρ. The mathematical parameterisation of
the model and all parameters are described in the Appendix.

reason, risk minimisation is normally associated with exploitative behaviour. The
second Ambiguity term follows from the formulation of the term Accuracy; however,
the likelihood is expected under a predictive posterior distribution. Ambiguity
minimisation is typically associated with exploratory behaviour, as the agent
searches for the least ambiguous outcomes to aid in uncertainty resolution that
ultimately minimises the free energy. Once the uncertainty has been resolved, the
agent will naturally switch to exploitation because there is no further uncertainty
to be resolved. Finally, Equation (4) explains how the final behaviour (action
plan π∗) is selected, where the vector E specifies habits, i.e., a prior preference for
certain policies over others.

π∗ = argmaxQ(π) = argmax τ [ρ lnE(π)−G(π)] (2.4)

Q(π) expresses posterior beliefs about how to act in terms of a softmax (nor-
malised exponential) function of two log probabilities (i.e., potentials) that reflect
habitual (E) and goal directed (G) motivational drives2. The relative influence of
the former is modulated by a precision parameter ρ. This parameter affects the
overall confidence in the policy selection process and is explained in Section 2.2.1.4
in more detail.

2.2.1.3 Generative model of the gap-crossing task

Figure 1 describes the states and outcomes we consider in our model, as an
abstraction of the graph representation of active sensing formalized as a POMDP
and described in Figure 2. When the animal whisks with a large amplitude, the
whisker cycles through the fully and partially protracted, and partially and fully

2Note that in a discrete state space formulation the softmax normalizes the value of each
policy to furnish a probability mass function.
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policy to furnish a probability mass function.
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Figure 2.2: POMDP structure: On the left side, the panels provide equations that follow
the realization of the agent under the active inference framework with discrete state and time
variables. The right side pictures the factor graph of the Markov Decision Process of the agent.
Adapted with permission from (Friston et al., 2017b).

retracted whisking positions. In the small amplitude case, the whisker goes through
only partially protracted and retracted positions. These hidden states are discrete,
and the agent decides the next action (policy) at every position. By discretizing
the whisker motion to six positions (with 2 of them being duplicated)—where each
next position is reached from the previously connected position with a fixed time
step—small amplitudes lead to a faster whisking frequency than large amplitudes
(∼ 10Hz and ∼ 20Hz, respectively), as has been observed empirically (Berg and
Kleinfeld, 2003; Knutsen et al., 2006; Mitchinson et al., 2011; Sofroniew et al., 2014;
Voigts et al., 2008).

We assume that habitual priors favour the large amplitudes due to the more
frequent use of this behaviour. Moreover, the whisking agent can find itself either
in the far or near position relative to the platform, which is set before the trial and
defines the condition. There are two outcome modalities, proprioceptive and tactile,
where the former has a precise mapping to its corresponding ‘whisker position’
hidden state, while the latter depends on the location hidden state. In the far
condition, all tactile outcomes are uniform, while in the near condition, the edge
outcome is completely precise for the partially protracted condition, and the fully
protracted position shows a precise mapping of touching the object, but imprecise
in terms of which part of the object was touched. This is motivated as the whisker
bends over the object with the fully protracted position. Consequently, the animal’s
generative model is realized with the following equation:
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P (o, s, π|A,B,E, ζ, ρ) = P (π|A,B,E)︸ ︷︷ ︸
Priors

T∏
t=1

P (ot|st, A, ζ)︸ ︷︷ ︸
Likelihood

P (st|st−1, π, B,E, ρ)︸ ︷︷ ︸
Transition

(2.5)
Mathematically, a POMDP is simply a joint distribution over several variables,

including (observable) outcomes, hidden states, policies, and sometimes additional
model parameters. Expanding the joint probability (i.e. the generative model), we
can see that it comprises the conditional probabilities of each policy, and the current,
but also future, outcomes given hidden states and their related likelihood matrix,
and the prospective hidden states, given the hidden states inferred previously, the
current policy, and the transition matrix. The vector E defines the prior probability
for policy selection, independently of the expected free energy G as shown in
Equation 4. For a more complete understanding of the model and active inference,
see (Da Costa et al., 2020; Smith et al., 2022).

Implementation Here, we describe how our simulated rodent collects data and
subsequently generates behaviour in four steps:

1. The agent draws inferences about hidden states by forming beliefs about
these states that minimise the free energy the most, based on the given
outcomes. In this step, the agent infers its location (near of far) and the
whisker position (FP, PP, RP, or FR) based on the tactile (edge, surface,
nothing) and proprioceptive outcomes (FP, PP, RP, or FR).

2. After the agent infers its most likely position in the environment, it projects
its beliefs into the future in order to select a policy that has the minimal
expected free energy. This can either be the large or small amplitude whisking.

3. The policy with the least expected free energy is selected and an action is
performed.

4. After the action is performed, new outcomes are generated that need to be
evaluated and thus the first step repeats.
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2.2.1.4 Serotonergic manipulation as precision

As discussed in the introduction, we hypothesise that the function of serotonin
can be understood as encoding or modulating the precision of tactile data, and/or
via the habitual prior. In the context of a likelihood distribution, precision can
be thought of as the signal-to-noise ratio associated with the outcome-generating
process. In keeping with previous publications, we use the ζ symbol to indicate
the likelihood precision (Parr and Friston, 2017). It is modelled as:

A = σ(ζ · log(A+ e−8)) (2.6)

The exp(-8) added to the A is to ensure there are no values equal to zero inside
the logarithm (i.e., to preclude numerical overflow), where the bold A represents the
likelihood process of how data are generated, while A is the model’s representation
of this generation. For the description of A see the Appendix. Conversely, the
precision of the habitual prior ρ modulates the strength of the preferred policy.
This means that the stronger the habitual precision is, the more likely the agent is
to select the larger amplitude, as the initial distribution of the habits is specified
to prefer this action: see Equation 4.

2.2.1.5 Simulations of Local Field Potential and Time Frequency Re-
sponse

The LFP data are simulated based upon prediction errors, or neuronal encoding
of hidden states. Specifically, they can be derived from normalized firing rates
that are generated from the Bayesian model average for every iteration of message
passing (16 iterations were used). In the same fashion, a time frequency response is
simulated. The equation describing the underlying belief updating can be written
as follows:

v̇π,τ = ϵπ,τ , sπ,τ = σ(vπ,τ ),

ϵπ,τ = σ(lnBπ,τ−1sπ,τ−1 + lnBπ,τ · sπ,τ+1 + ζ lnA · oτ + ρ lnEπ,τ − ln sπ,τ )

(2.7)
Where ϵ represents a prediction error, which determines the rate of change of a

variable v which plays a role analogous to a membrane potential. This potential is
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converted via the softmax function to the expected states, which can be regarded
as neuronal firing rates, the LFP, and the (filtered) rate of change of the potential.
These electrophysiological responses can be expressed in the frequency domain via
a Fourier transform to illustrate time-frequency responses. Heuristically, a higher
prediction error indicates faster neural updating and greater activity in higher
frequency bands. More details can be found in the simulation script (see Data
Availability Statement).

In summary, the active inference framework is built on three pillars: (i) per-
ception minimises an agent’s free energy by finding the best fit between observed
outcomes and the inferred hidden state; (ii) The agent performs actions in order
to resolve uncertainty under preferred outcomes; and (iii) all of this is embedded
within a generative model that attempts to explain sensory outcomes (such as
touch) in terms of their causes (that it was this object or event that caused it). The
first is achieved by Bayesian belief updating that minimises variational free energy,
the second entails planning by evaluating the expected free energy of plausible
policies, and the last is realised with the joint probability distribution that forms a
generative model formalized as a POMDP (Equation 5).

2.3 Results

2.3.1 Face validity

First, we explored the difference between whisking near the platform and far from
it, for wild-type animals (i.e., a control group) as shown in Figure 3. This replicates
the classical behaviour of an active sensing transition, where a wild-type rodent
adapts to the presence of an object by switching to a smaller whisking amplitude
(Celikel and Sakmann, 2007; Voigts et al., 2008). These two behaviours were
simulated using exactly the same generative model, with the same prior beliefs.
However, the ‘true’ location hidden state was set to either near or far to ensure the
outcomes obtained by our synthetic rodent differed between the two conditions.

In both situations, the habitual prior favouring large amplitude whisking was the
dominant behavioural influence at first. However, as the rat in the near condition
obtained sensory data consistent with the presence of the platform (from which
high quality sensory data were available), the ambiguity aversion built into the
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expected free energy (see Equation 3) began to have a greater influence, prompting
smaller amplitude whisking that ensured precise, high-quality sensory outcomes
were obtained. We know from the literature (Berg and Kleinfeld, 2003; Knutsen
et al., 2006; Mitchinson et al., 2011; Sofroniew et al., 2014; Voigts et al., 2008)
that rats increase their whisking frequency from 10Hz to 20Hz (as indicated
in our Figure 3B,C,E, and F) when whisking amplitude is decreased during the
time they explore an environment, and vice versa: namely, that they decrease the
whisking frequency with large amplitude whisking. This justifies why the whisking
frequency increases with the amplitude switch in our figure, which is triggered by
the posterior policy probability (Figure 3C,F). Empirically, the whisking amplitude
changes approximately at the third cycle (Voigts et al., 2015), which is consistent
with our simulation (Figure 3B). We plot the posterior policy probability in Figure
3C and 3F to see how the model performs the switch. Note that the reason the
policy probability fluctuates is due to the same selection of outcomes, as both
policies lead to the same action from the PR to PP positions and vice versa (see
Figure 1). Thus the agent selects the large amplitude action due to the prior E
(see Equation 3), but the small whisking frequency is not influenced by this. In
addition, the policy selection is assumed to be implemented in the striatum (Parr
and Friston, 2018): Figure 3 shows a hypothetical difference in neural responses in
this region for whisking near and far from the object, where being near the object
increases the activity.

2.3.2 Serotonergic manipulations

We were particularly interested in how the transition between large amplitude and
low frequency whisking to high frequency and small amplitude whisking changes
with levels of serotonin. We therefore sought to replicate the behaviour from
(Azarfar et al., 2019) using our active inference whisking model. The authors of this
paper showed that the switch from free whisking to active sensing (i.e., from large
to small amplitude) is delayed in rats with higher levels of serotonin (SERT−/−) in
comparison to the wild-type animals. To replicate this, we examined the influence
of different parameter modulations on behaviour, to determine whether any of these
computational manipulations could be a plausible explanation for the behavioural
changes in serotonin transporter knockout mice and suggest what kind of behaviour
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Figure 2.3: A comparison of whisking when an agent is near to or far from the platform to
resemble the standardized behaviour of the wild type animals. Both habitual prior and tactile
precision levels were kept constant at 1.5 and 1, respectively. A) A 2D histogram plot of the
whisker tip position. The point [0,0] is the tip of the nose. This takes the positions implied by
the whisking trajectory and adds a small amount of Gaussian noise. B) The whisking angle
as a function of time. This is constructed by assigning the discrete whisker protractions from
the simulation to locations in continuous space and interpolating between these locations to
create a simulated trajectory. In this panel, the agent is near the platform which activates the
somatosensory signals transmitted through the whiskers. Eventually, this leads to a behavioural
switch. C) Posterior policy probability. This plot shows the measure that causes the switch. The
reason for the fluctuation of both policies is due to the same consequence of selecting one or the
other (see Figure 1). The figure has been interpolated based on discrete responses which provides
a continuous look. Figures D), E), and F) represent the same template as figures A), B), C),
respectively, but in the far condition. The blue star indicates where this simulation occurs in
Figure 6.
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should appear in animals that lack serotonin. This group is known as tryptophan
hydroxylase 2 (TPH2−/−) (Kaplan et al., 2016). In what follows, we examine two
candidate explanations.

2.3.2.1 Tactile precision

The first manipulation we investigated was the precision associated with the
likelihood distribution for tactile outcomes (see Figure 1, the left middle panel).
This is particularly relevant to the point made in the introduction about the role
of serotonin in gating the influence of sensory data on neuronal activity, as tactile
whisking data can be thought of as consequent upon where a rodent chooses to
place its whiskers. The results are shown in Figure 4, where the tactile precision
labels represent low to high serotonergic activity. Figures 4A and B show that with
increases in the tactile precision in the near condition, the behaviour shows a faster
switch from a large to small whisking amplitude, thus decreases in tactile precision
seem to replicate the effect of knocking out the serotonin transporter, which shows
a negative correlation with the serotonergic levels in the brain (see Section 2.2.1.4).
The reason for this is that, as precision decreases, it takes longer to confidently
infer that the platform is nearby. It is only when this has been inferred that the
difference in the ambiguity term between large amplitude and small amplitude
whisking positions can be fully appreciated by the rat.

An interesting comparison would be with rats that lack TPH2 (TPH2−/−),
the enzyme synthesizing serotonin in the brain, to the wild-type condition. We
incorporated hypotheses about this group in our simulations as follows, where
with higher tactile precision that might be associated with low serotonin shows a
faster switch to the small amplitude. Hence, this provides a testable hypothesis
that TPH2−/− animals will have the opposite behavioural effect on the whisking
amplitude than SERT−/−. Figure 4D-F shows the same precision modulation
but now the agent is in the far condition as opposed to the near condition and
hence not touching the platform. This figure shows that in the far condition the
agent does not dramatically modulate the behavioural switches, as the distribution
remains flat in all conditions and the only tactile outcome sampled is the ‘nothing’
outcome (as described in Figure 1). However, when the tactile precision increases
there is a higher chance of performing a switch as shown on the right side of Figure
4E, suggesting that TPH2−/− rats should show a faster whisking frequency and
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smaller amplitude on average in free whisking trials. This is addressed in Figure 6.
As discussed in the methods ( 2.2.1.5), an advantage of using the active infer-

ence framework is that we can appeal to the associated process theories (Friston
et al., 2017a)—i.e., theories about the electrophysiological manifestations of belief-
updating—to validate this behavioural findings using other experimental measures.
Figures 4C and 4F show simulated local field potential (LFP) signals that are
superimposed on the time-frequency response for the whiskers hidden factor in
the near and far conditions, respectively. These are generated from the (filtered)
rates of belief updating (assuming that posterior expectations are represented by
average firing rates in neural populations). In Figure 4C, during the exploration
of an object, there is an apparent increase of the gamma frequency (30Hz+) with
the increase of serotonin, meaning TPH2−/− animals show the lowest levels of
gamma, while the SERT−/− shows the highest. One interpretation for this is that
the fast belief-updating for the TPH2−/− mice occurs almost instantaneously at
the beginning of the trial, with relatively little subsequent belief-updating.

The key thing to observe is that most belief-updating occurs prior to the
switch in behaviour (as the switch depends upon the inference that the object
is nearby), meaning there is more sustained high-frequency depolarisation when
the behavioural switch is delayed. For the far condition (Figure 4F), the gamma
frequency remains approximately the same for all groups. However, note the small
decrease in the high frequency response following the temporary switch to the low
amplitude whisking in the high-precision condition, and the restoration of high
frequency activity on switching back to the large amplitude whisking. This reflects
a brief false inference that the object is near, so that fast belief-updating is followed
by a short period with relatively little belief-updating. The LFP signals themselves
do not bear any clear qualitatively distinct patterns. The differences between these
signals are clearest in their time-frequency representation.

2.3.2.2 Strength of habits

An alternative explanation for observed whisking behaviour is a modulation of
’habits’ E (see Equation 4), i.e., the prior probability of policies, as stated in the
introduction. The baseline of the model assumes the preference for large amplitude
whisking, as rodents more often use this strategy. Plausibly, delays in changing
from the habitual to an alternative policy could be a function of the strength of this
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Figure 2.4: A modulation of tactile precision in a single simulation using three distinct ζ values
(0.01, 0.5, and 2) divided into near (A-C) and far (D-F) conditions, where the habitual prior
precision (ρ) remained constant at 0.5. The three tactile precision terms represent SERT−/−,
wild-type, and TPH2−/− animals. A) Whisker position distribution throughout the whole
trial. The y-axis represents the whisking position, where 1 is a fully protracted whisker, and -1
represents the fully retracted position. The y-axis represents the angular distance from the tip of
the nose that is arbitrarily added. B) Whisking dynamics showing the temporal change of the
whisker position. C) LFP data superimposed on the time-frequency response graph. Figures D-F
represent the same template as in A-C. The triangle symbols represent where these simulations
are plotted in Figure 6.
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habit. Modulating this parameter, we observe the same behaviour as obtained from
empirical data and our simulations based upon tactile precision (c.f. Figure 4 and
5). This makes sense, as the increase of the habitual prior over the large amplitude
whisking policy motivates the agent to stick with this behaviour. Thus, both the
modulation of tactile precision and of habits could explain how serotonin might
modulate the behaviour when the agent is next to the platform, with stronger habits
corresponding to raised serotonin levels. Specifically, we found that, at high levels
of habitual precision, simulated behaviour resembles the behaviour of SERT−/−

animals, as they show no switch towards the smaller and faster amplitude. On the
other hand, low habitual precision should resemble the behaviour of TPH2−/−

animals, and for this group we showed a faster switch in the near condition, in
comparison to the wild-type animals, and also inconsistent and thus smaller and
more frequent whisking in the far condition. These are the same findings as in the
tactile precision modulation, but with the assignments of high and low precision to
the genetic variants reversed (Figure 4).

Both time frequency responses in the near conditions for both tested precision
terms (Figures 4C and 5C) reveal the same predictions about the serotonergic
levels in the brain, as there is an apparent increase of the gamma frequency with
the increase of serotonin. However, there is a tendency for a decreased gamma
frequency for the TPH2−/− group in the far condition in comparison to the Wild
type animals (Figure 5F), which provides a testable difference, as this result differs
from the tactile precision modulation hypothesis.

The key result here is that the behavioural whisking switches depend on
modulating habitual or tactile precision, which is—in both cases—accompanied by
an increase of gamma frequency in the near condition. The time-frequency response
can specifically help to dissect these two hypotheses by focusing on the gamma
frequency in the free whisking trials, where if the habitual precision hypothesis is
correct, one should observe a decrease in the gamma frequency in the barrel cortex
of the TPH2−/− group. The LFP signals do not show any obvious differences
between the two hypotheses.
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Figure 2.5: A modulation of the habitual precision in order to achieve the SERT−/− behaviour.
We used three ρ values: 0.01, 1, and 2, where the ζ value remained constant at 0.5. The format is
the same as in Figure 4. SERT−/− behaviour is reproduced here via high ρ value in comparison
to low rho values related to the wild type rats. The low ρ value is suggested to represent the
TPH2−/− behaviour. The circle symbols on the top of the simulations indicate where these
simulations occur in Figure 6.
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2.3.3 Temporal analysis of the whisking-amplitude switch

Above, we showed that modulating tactile and habitual precision terms can re-
produce the serotonergic modulation of active sensing found empirically (Azarfar
et al., 2019). However, the modulations above were conditioned on each other,
as in both cases the non-modulated precision term was kept constant. There-
fore, we sought to analyse whether both parameters can reproduce the SERT-/-
behaviour independently or whether they interact. To consider the influence of
both hyperparameters, ζ and ρ, we looked at the time delay of the switch between
the large and small amplitude, i.e., when the active sensing (i.e., small amplitude
whisking) strategy is selected relative to the beginning of the trial. We ran 32
simulations of the combination of 7 ζ values and 10 ζ values (i.e., 70 models
simulated 32 times per each) that are shown in Figure 6. We analysed both the
average and median time delay of the switch, in both the far and near conditions.
In the near condition Figures 6A and 6B (referring to the average and median,
respectively) show that only the tactile precision parameter can reproduce the
non-switching behaviour independently of the habitual precision. In other words,
although there is an interaction between the two parameters, the qualitative pattern
of the switching behaviour is consistent for the tactile precision, whatever value
the habitual precision takes. In contrast low tactile precision (0.01) consistently
shows no or rare switches in all combinations with habitual precision, implying the
hypothesised association between habitual precision and serotonin is conditional
upon specific values of the tactile precision. Conversely, the high habitual precision
that was previously associated with the SERT−/− behaviour does not reproduce
a consistent result in the combination with high tactile precision (i.e., switches
are observed when ζ ≥ 1.5). We arbitrarily increased the ρ values up to 100 to
ensure that this is not due to a limited range of values. This ρ value shows a
confident prior probability (converging to 1) of selecting the large amplitude action.
This suggests that serotonin is more parsimoniously understood as the tactile
precision neuromodulator, as even very high habitual precision cannot achieve the
non-switching behaviour in the combination with high tactile precision (ζ ≥ 1.5).
Of the two hypotheses, the tactile precision hypothesis requires fewer assumptions.
However, the simpler explanation is only the best explanation when it is also able
to accurately explain data—this highlights that we cannot definitively adjudicate
between the two hypotheses without resorting to experiment. One such experiment
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might examine the electrophysiological responses of TPH2−/− mice preceding
switches in the far condition, as outlined above. The simulations from Figures 3-5
are linked to Figure 6 via their related symbols. Interestingly, this analysis also
shows that the combination of both parameters modulates the timing of the switch
between policy one and policy two, or free whisking and active sensing, which
speaks for the complexity of precision in Bayesian inference models (Clark, 2013).

We also tested the same behaviour in the far condition (Figure 6C-F). This
analysis shows that with the decrease of habitual precision and the increase of
tactile precision, more random whisking behaviour emerges, which is associated
with TPH2−/− as shown in Figures 4 and 5. The reason the low habitual precision
shows the most significant difference is due to initially setting higher habitual prior
precision over the larger amplitude policy, as discussed above. With the increase of
tactile precision, the drive for ambiguity resolution is enhanced (as the difference
in ambiguity is greater between the two behavioural policies). This means that
any possibility that the object might be present justifies the ambiguity resolving
small-amplitude whisking behaviour—which would otherwise be compensated for
by the habitual drive to large-amplitude whisking. This causes the inconsistent
behaviour. Figures 6C and D show average and median time delay of the switch
when only one small amplitude whisk suffices to be considered a switch, and Figures
6E and F show the same analysis but when at least two small whisks were observed.
Comparing these figures shows that although the switches to smaller amplitude
can happen in the far condition, the agents do not stay with it for too long. The
median time delay shows that most of the time, the animals do not use small
whisks at all during the far condition, and if so, they small-whisk only once. This
provides a testable hypothesis on how fluctuant the whisking amplitude is in the
free whisking trials.

In Figure 6 we have included the simulations of Figures 3-5 and the differences
in the SERT−/−; wild-type; and TPH2−/− groups. Increasing the number
of simulations shows the same behaviour as reported above. This means that
SERT−/− rats show a consistent selection of the larger amplitude throughout
both conditions in comparison to the wild-type animals, and is associated with low
tactile precision independently on habitual precision. The wild-type condition is
associated with a faster switch to low amplitude whisking when near the object
in comparison to the SERT−/− animals but a slower switch in comparison to
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TPH2−/− animals where the selection of the smaller amplitude in the far condition
happens rarely or not at all. The wild-type group behaviour is only achieved via a
combination of medium levels of tactile precision and habitual prior precision or
where one precision is high, while the other remains low. This can be associated
with balanced neuromodulatory release.

2.4 Discussion

In this study we identified two precision parameters—tactile and habitual—that,
under our generative model, modulated active sensing as shown in (Azarfar et al.,
2018). Based on the temporal analyses, we found support only for the tactile
precision contribution as being able to replicate the behaviour of SERT−/− rats
independently of the other precision (Figures 6A and B); although the habitual
precision hypothesis could also reproduce the behaviour at specific values of the
tactile precision. Although serotonin can modulate both precision terms, for
instance due to the neurotransmitter’s several functions and receptors, we argue
that for the whisking tasks only one precision term modulation suffices.

Along with SERT−/− animals, we generated behaviour that can hypothetically
be linked to animals lacking serotonin, i.e., TPH2−/−. The latter group, in
comparison to the wild-type animals, shows a faster switch to the smaller amplitude
during object detection trials and in the far condition (i.e., during free whisking)
this group shows a faster frequency and a smaller amplitude on average, again in
comparison to the wild type. Moreover, we simulated the LFP data along with
time-frequency response for all three groups of rats with the wild-type animals
as a control group. Both with the increase of habitual precision and the decrease
of tactile precision (representing the increase of serotonin), we were able to show
that there is an increase of the gamma frequency in the near condition (i.e., during
object exploration). This suggests that the higher levels of serotonin are associated
with an increase in the gamma frequency and vice versa, hypothetically at the
barrel cortex as the signals come from the whiskers hidden factor. We also identified
specific differences of the model’s predictions for both precision terms, and observed
that there is one testable hypothesis to dissect between these two precision terms,
which suggests that if the habitual precision hypothesis is correct, one should
observe a decrease in the gamma frequency of the TPH2−/− group during free
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Figure 2.6: A comparison of the time delay of the behavioural switch throughout 32 trials
between the large and small amplitude for the combination of 7 ζ values representing tactile
precision and 10 ρ values representing habitual precision. The time delay has been converted
to milliseconds up to 300ms. A) An average time of the occurrence of the switch in the near
condition. B) A median time of the occurrence of the switch in the near condition. The dashed
red boxes represent the conditions that fail to reproduce the SERT−/− behaviour when the
values of both precision terms are high. C) A representation when an agent selected a small
whisking amplitude on average at least for one whisk cycle in the far condition D). A median
representation of the same measurement as in C). E). The same as in C) but here an agent had
to show two small whisk cycles happening right after each other to consider a switch. F) Same as
in E) but for the median time delay. Symbols shown on the left side represent the simulations in
Figures 3-5.
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whisking in comparison to the wild type animals. Altogether, our simulations
support the hypothesis that serotonin modulates tactile precision and provide
testable measurements to scrutinize this via measuring time-frequency responses
during free whisking tasks in TPH2−/−.

Previous findings have provided a strong case for attributing the modulation
of sensory inputs to serotonin across several modalities, which suggests that our
conclusions can be generalized from tactile precision to sensory precision (Baisley
et al., 2012; Farid et al., 2000; Geyer and Braff, 1987; Jacobs and Fornal, 1999;
Lottem et al., 2016; Marquez and Chacron, 2020; Quednow et al., 2009). Specifically,
previous studies suggest that higher levels of serotonin dampen sensory precision
across several modalities for relevant stimuli, while it increases the responses to
irrelevant stimuli (i.e., inhibits sensory gating). This is in accordance with our
observation that increased levels of serotonin found in SERT−/− rats attenuates the
precision assigned to tactile information. This would give an animal the opportunity
to attend to more (task-irrelevant) sensory cues. Thus, while sensory precision
and thereby goal-directed behaviour is decreased in SERT−/− rats relative to
wild-type controls (Nonkes et al., 2010), it could foster increased adaptability
when environmental circumstances change. As such, SERT−/− rats show a slower
learning rate and increased cognitive and behavioural flexibility (Nonkes et al., 2013),
as well as reduced latent inhibition (Nonkes et al., 2012b,a), which interestingly
correlates with decreased sensory gating (Jones et al., 2016). The slower learning
rate naturally follows from the decreased fidelity of sensory data, as the creature
cannot properly update its own beliefs. More technically, sensory precision plays
the role of a learning or inference rate; enabling the faster accumulation of precise
sensory information or, conversely, slowing down the assimilation of imprecise
sensory input and, implicitly, assigning more precision to prior beliefs.

The idea that serotonin may decrease sensory precision has interesting conse-
quences for some clinical conditions in which serotonergic signalling is impaired.
Clinical depression is often treated with serotonin reuptake inhibitors (SSRI)—a
pharmacological manipulation that increases extracellular serotonin levels. If this
diminishes the precision that patients afford sensations, the action of these medi-
cations may be to help rescue people from overly precise prior beliefs about the
state of the world, or about themselves. These may correspond to the unhelp-
ful thinking styles (and their behavioural responses) that cognitive behavioural
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therapy is designed to address (Williams and Garland, 2002)(Williams & Garland,
2002), and might explain the apparent benefits of combining psychological thera-
pies and serotonergic therapies (Carhart-Harris et al., 2016; Cuijpers et al., 2020)
(Carhart-Harris et al., 2016; Cuijpers et al., 2020).

In terms of active inference, the modulation of prior precision can explain the
effects of decreased sensory gain as a by-product of a selection of one common policy
or action. This is because as the agent has more confidence in what actions to
select, even before assimilating sensory stimuli; this bottom-up sensory information
then becomes redundant and can be explained away more easily (Friston, 2005).
Additionally, Miyazaki et al. (2018) observed that when the chance of receiving
reward was sufficiently high, the mice with increased serotonin levels via optogenetic
activation waited for a reward longer. A similar finding has been observed in (Lottem
et al., 2018), where mice with optogenetically activated serotonergic regions showed
the same pattern of behaviour in a foraging task. Although these behaviours are
intuitively explained via an increase in habitual prior precision over the rewarding
policies, we showed here that the selection of one consistent behaviour is better
understood in terms of an attenuation of sensory precision. Thus, rather than
having prolonged waiting due to the habitual behaviour, it may be caused by
reducing sensory precision, and impeding belief updating based upon sensory
cues. In addition, Lottem et al. (2016) reported that serotonin decreases top-down
activity while bottom-up sensory signals remain unaffected. This is consistent with
the attenuation of sensory precision, in the sense that higher levels of processing
(e.g., policy evaluation) are less sensitive to bottom-up influences.

Focusing on LFP data generated from our model, the tactile precision mod-
ulation showed that the SERT-/- group, associated with low tactile precision,
should show a decrease in the LFP signal during the far condition or during the
free whisking trial. Interestingly, this is consistent with LFP findings from the
barrel cortex, where it has been shown that the ingestion of SSRI suppresses such
responses in vivo (Akhmetshina et al., 2016). However, the opposite was observed
in (Miceli et al., 2017). This suggests that there may be different responses to sero-
tonin depending upon different factors, including the brain region in which it acts,
the predominant receptor subtypes in different tissue samples, and the chronicity
of exposure to serotonin (which may influence sensitivity to serotonin via up or
down-regulation of receptors). We have provided hypotheses that disambiguate
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between the habitual and tactile precision modulatory effects of serotonin: thus,
the LFP signals in TPH2−/− could be tested to see whether serotonin is really
better understood as the tactile precision modulator. If this is so, then the increase
of LFP signals in free whisking task should be observed. If the influence of habits
is indeed playing a role, the opposite should be observed.

It has previously been suggested that serotonin can work as a modulator of
sensory precision (Carhart-Harris and Friston, 2019). This modulation is related
psychedelics and thus to 5HT2A receptor. There is evidence from normalization
models that 5HT2A flattens neural responses (Azimi et al., 2018), which is in
accordance with the assumption that serotonin decreases sensory precision and thus
synaptic gain, as normalization models loosely effect the same function (Reynolds
and Heeger, 2009). This suggests that by blocking 5HT2A in SERT−/− rats (for
instance via ketanserin), their whisking amplitude should be unchanged or faster
in comparison to the wild type rats. Among other things, (Azarfar et al., 2018;
Miceli et al., 2017) observed that SERT−/− rats crossed the gap faster than their
wild-type peers. If we assume that recognition of the platform is necessary for
crossing the gap quickly, then this is apparently contradictory to the idea that the
SERT−/− rats find themselves in the hypothetical dark room (see introduction),
since they can recognize the second platform faster. This limitation might call for a
more complex (i.e., hierarchical) model that could analyse the sensory information
in higher levels of the hierarchical model and thus to infer a platform based on
the touch. Another self-evident limitation of our current model is that it suffers
from having only one whisker and thus the link to the integrative function of
several whiskers (Suchkov et al., 2018) is missing. However, it has been shown
that mice with a deprived number of whiskers show unaffected performance in the
gap-crossing task (Papaioannou et al., 2013). Additionally, since crossing a gap can
be seen as decision making, it might be interesting to compare different sorts of
behaviour with manipulations of serotonin. For instance, Guo et al. (2020) showed
that SERT−/− rats show slower decision making when categorizing new stimuli.

To conclude, we have demonstrated that the reduction in whisking amplitude,
on encountering an informative stimulus, associated with the SERT−/− behaviour
(Azarfar et al., 2019) can be replicated in silico through appealing to ambiguity
minimisation (or information gain) principles; i.e., a modulation of tactile precision
and the habitual precision behaviour. Assuming that serotonin selectively modulates
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one kind of precision, we showed that changes in tactile precision provides a
simpler account than the habitual prior precision, as the former can reproduce the
qualitative SERT−/− behaviour independently of the latter, while the modulation
of latter depends on the former. Due to the similar effects of serotonin on tactile
information and visual, odour, and auditory modalities (Marquez and Chacron,
2020) tactile precision can be generalized to sensory precision. This however needs
to be further tested. Additionally, we have specified hypotheses on how to test this
assumption via recording of LFP signals, and have also hypothesised behavioural
response patterns for TPH2−/− rats. This pattern is associated with a faster
decrease in whisking amplitude, in comparison to the wild-type animals when
exploring an object. Analysing the responses of TPH2−/− rats can also proceed a
free whisking paradigm, where we suggest that the amplitude should be smaller
on average in comparison to the wild type animals but also to the SERT−/−.
However, it is still uncertain which serotonergic receptor could mediate changes
in sensory precision. Based on the previous literature, it has been suggested
that psychedelics, known to activate the 5HT2A receptor, might share the same
computational function observed here (i.e., decrease precision) (Carhart-Harris and
Friston, 2019), thus future work should aim to scrutinize 5HT2A as a potential
mediator of precision control. In SERT−/− rodents, this can be tested via ingesting
ketanserin, a 5HT2A receptor antagonist, that blocks the effects of psychedelics
(Preller et al., 2017).

2.5 Data Availability Statement

The model developed and tested here can be found at github.com/filipnovicky
/whisking_model. Also, use the SPM toolbox to run this simulation www.fil.ion.ucl.ac.
uk/spm/software/spm12/. From this toolbox, we used SPM_MDP_VB_X.m as a
standard routine and for the LFP data we used SPM_MDP_VB_LFP.m. The used gen-
erative model was the one specified in this article. We invite readers to reproduce
and also customize the results.
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2.7 Appendix

Here we describe the specific parameterisation of the whisking model depicted in
Figure 1.

2.7.1 Initial hidden states

The agent starts with pre-set beliefs about the initial position. Specifically, for
Figures 3-5 the agent believed to start in a fully protracted position, while for
Figure 6 the agent started in either fully protracted or partially protracted positions.
The agent always believed in starting in the far condition and had to infer it is
next to the platform, if it was so.

2.7.2 Likelihood matrices of how data are generated

The tactile data were generated via a random seed initialisation with the following
likelihood matrices for the near condition shown in Equation (8):

Anear =




0 0 1/3 1/3 1/3 0

0.5 0 1/3 1/3 1/3 0

0.5 1 1/3 1/3 1/3 1


 (2.8)

And for the far condition shown in Equation (9):

Afar =



1/3 1/3 1/3 1/3 1/3 1/3

1/3 1/3 1/3 1/3 1/3 1/3

1/3 1/3 1/3 1/3 1/3 1/3


 (2.9)

Where columns and rows represent whisker position with the duplicated partial
retraction (5th column) and partial protraction (6th column) as the last two
columns. Specifically, the sequence of columns is FP, PP, PR, FR, PR, PP. The
rows represent ‘Nothing’, ‘Surface’, and ‘Edge’ from top to down. The template is
essentially the same as in Figure 1.

2.7.3 Transition Matrices

The transition matrix for the far and near condition was set as an identity matrix
without an agent’s control over it. The equation is shown below:
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Bcondition =


1 0

0 1


(2.10)

The transition matrix for the whisker position was set in such a way to allow
the agent to move in a sinusoidal wave and for that the partial protraction and
retraction states had to be duplicated, otherwise the agent would switch from the
full retraction to full protraction position. All the action showed precise mapping
of probability 1.

BLarge amplitude =




0 0 0 0 0 1

1 0 0 0 0 0

0 1 0 0 0 0

0 0 1 0 0 0

0 0 0 1 0 0

0 0 0 0 1 0




(2.11)

Where the rows represent the whisking positions in the next time step, while
the columns represent the current time step, going from the full protraction to full
retraction and then back to partial protraction. The small amplitude matrix is
shown below:

BSmall amplitude =




0 0 0 0 0 0

1 0 1 0 1 0

0 0 0 0 0 0

0 0 0 0 0 0

0 1 0 1 0 1

0 0 0 0 0 0




(2.12)

Both these matrices are defined as controllable states by the agent.

2.7.4 Habitual vector

The agent started with the preference over the large amplitude that is then
modulated via the precision term ρ as in Equation 4. The initial E vector is defined
as E = [0.6 0.4].
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Abstract

When faced with uncertainty in the world, biological agents actively sense the
environment to acquire the most informative input to fulfil their tasks. Actions are
performed to adjust bodily sensors to maximize the collected information, which
is usually known as active sensing. For instance, rodents continuously adjust the
speed and amplitude of whisking to better identify objects and body location
in space, which ultimately regulates navigation. Whilst, the internal mechanism
that drives active sensing in humans is still under research, recent evidence points
towards neuromodulators, such as serotonin, that influence whether the habitual
behaviour is preferred over sensor adjustments to trigger exploration. Here, we
present an active tactile-sensing model for a robot inspired by the serotonergic
function viewed from the uncertainty minimization perspective. To mechanistically
explain this neuromodulatory function, we associated it with precision parameters
regulating habitual behaviour and tactile encoding based on previous findings. We
qualitatively evaluated the model using an experiment inspired by the gap-crossing
paradigm but tailored to a humanoid with tactile sensing. Behavioural switch
timing results show the strong dependencies between active sensing and precision
regulation. Ultimately, this work discusses how the neural microcircuitry regulates
active sensing, hence opening future research of such neuromodulatory processes
translated to robotics active sensing and perception.

Keywords

Active Sensing • Active Perception • Active Inference • Serotonin • Precision • Neuro-
robotics

3.1 Introduction

Perception is not passive. Biological agents actively explore the world by selecting such
actions that inform them about the world, given their embodied constraints. Whilst this
active sensing process is not yet fully understood (Bajcsy et al., 2018; Meera et al., 2022),
recent findings in neuroscience point to neuromodulators, such as serotonin, to be strongly
involved. In humans, serotonin has been suggested to be involved in the sensitivity of
sensory processing (Homberg et al., 2016) and perceptual decision making—by tracking
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sensory uncertainty (Bang et al., 2020). But regarding active sensing a revealing study
comes from exploratory functions of rodents (Azarfar et al., 2019), where it has been
shown that while wild type rodents, with normal levels of serotonin, show a switch from a
large to a small amplitude of their whiskers when they touch an object—to acquire more
information—, rodents with altered levels of serotonin (i.e., knock-out serotonin mice,
SERT-/-) do not present this behaviour. This may mean that SERT-/- rodents have their
active sensing mechanism turned off. We suggest that the changes in the exploratory
behaviour can be understood as an uncertainty minimization strategy that is triggered by
switching to a more efficient mode of collecting data under higher uncertainty.

We hypothesize that abnormal active sensing behaviour can be accounted for through
aberrant precision modulation (i.e., broadly inverse covariance) in two ways: modulating
incoming sensory input (via reducing sensory precision) or modulating habitual behaviours
(increasing habitual precision). The sensory precision dictates how accurately a stimulus
will be encoded in the brain and how much information it provides for an apt inference.
Habitual precision, on the other hand, modulates habits that are selected a priori without
considering current input (Miller et al., 2019). Habits have the advantages that they do
not require the complex computations of policy selection. Hence, we suggest that proper
precision modulation is at the core of producing active sensing behaviour.

Here, we present a robotic active perception computational model inspired by the
serotonin-based active sensing observed in rodents. Our work follows from previous
research on active sensing where – from the computational point of view – this behaviour
relates to uncertainty minimization or information gain maximization (Yang et al., 2016;
Martinez-Hernandez et al., 2017; Parr et al., 2021b). Our model thus extends on these
theories via providing precision parameters as a neuromodulatory function that regulates
this behaviour—see (Parr and Friston, 2017; Parr et al., 2022).

While rodents active sensing differs from human tactile sensing, there are some
relevant connections, such as how tactile information is obtained through habitual versus
exploratory behaviours. Disentangling this mechanism may provide a new direction in
tactile active perception, particularly in robotics applications, such as navigation (Rasouli
et al., 2020) and object recognition (Kaboli et al., 2017). Besides, our model can be
specifically used to translate its theoretical findings into animal or human behaviour via
the deployment of the model in a humanoid robot.

Hence, to validate the model, we deployed the model on a humanoid robot and designed
an exploration experiment inspired by rodent navigation via the so-called gap-crossing
paradigm (Voigts et al., 2008). The humanoid robot relies only on somatosensory (tactile)
data with a broad movement amplitude (i.e., randomly moving robot’s hands in the
air) to maximize the range of where the stimulation can come from. Active sensing is
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then considered when a small range of movement around a more informative stimulus is
selected. This is consistent with previous computational models that understand active
sensing as information gain behaviour (Yang et al., 2016; Parr et al., 2021b). We found
that optimal levels of precision lead to more informative behaviour, while dysregulations
of these move the agent to suboptimal behaviour where information gained from an object
are missed, causing an agent to be ignorant about the environment. Thus, indicating the
strong connection between precision modulation and optimal active sensing behaviours.
The specific contribution of our model lies in applying the uncertainty minimization
perspective in active tactile-sensing, and its demonstration in a humanoid.

3.2 Methods

Figure 3.1: General factor graph of the POMDP behind the discrete active inference model
of the agent. On the left panel, the equations specify the generative model. The generative
model is thus a joint probability of outcomes, states, and model parameters. The right panel
shows the graphical representation of the same generative model. This figure has been adapted
from (Friston et al., 2017b). The terms o, s, π and τ refer to outcomes, hidden states, policies, and
time-steps respectively. Model parameters are labeled as A, B and E which relates to likelihood
and transition matrices, and a habitual vector, respectively. Lastly, Cat(.) specifies a categorical
distribution, and σ is a softmax function.

Our model is grounded on the Active Inference (Friston et al., 2017a) (AIF) math-
ematical framework—see (Lanillos et al., 2021) for a survey on robotic applications.
Particularly, we used the discrete state space AIF to model the robot’s behaviour. Thus,
we first briefly describe active inference and then the model used for active sensing.
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3.2.1 Agent Model

We modelled the agent dynamics and action selection using the discrete Partially-
Observable Markov Decision Process (POMDP) formalism. The POMDP structure
provides a mapping from outcomes to hidden states, and across time-steps, referring to
likelihood and transition functions. The structure is specified in Figure 3.1. The agent has
a hidden state s that evolves through time depending on the transition function B and is
updated given the observation o at each time step. The agent has a mapping (likelihood)
of observations given the state.

3.2.2 Active inference

Action selection is modelled under the AIF mathematical framework, a corollary theory of
the free energy principle. The free energy principle assumes that all living systems follow
a simple process of self-organization which is to minimize the surprisal value (Friston,
2010). Variational free energy (F) then works as an upper-bound on this value (Friston
et al., 2017a):

F ≥ − lnP (o) (3.1)

where F is the free energy, o denotes outcomes or input data and P (o) represents the
surprisal in probabilistic terms. This equation states that minimizing the free energy
minimizes the surprisal as well (Oliver et al., 2021). The reason we do not minimize the
surprisal directly is due to its intractability when scaling beyond very low-dimensional
distributions (Da Costa et al., 2020). The variational free energy bound combats this
mathematical pit via the use of variational inference (Blei et al., 2017), an approximate
Bayesian inference that uses an approximate distribution Q of the generative model’s
distribution P . The variational free energy can be defined as:

F = DKL[Q(s)||P (s)]︸ ︷︷ ︸
Complexity

−EQ(s)
(lnP (o|s))︸ ︷︷ ︸

Accuracy

(3.2)

where s denotes the hidden state of the system, DKL is the Kullback–Leibler divergence
that measures the distance between two distributions and EQ(s)

is the expectation of
the observation likelihood given the approximate distribution. Eq. 3.2 shows that the
free energy is at its minimum in case where both the complexity and accuracy term are
equal to zero. The complexity term compares the approximate posterior distribution Q(s)
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with the model’s prior distribution P (s). This value is minimized when the model’s prior
knowledge only explains the new stimulation forming the posterior. The accuracy term
assures the agent of inferring those (hidden) states that can explain the stimuli o the
most. It is computed by averaging over the posterior approximate distribution Q(s) the
likelihood function of the model. Without the complexity term, the accuracy would lead
to observations overfitting, and without the accuracy term the agent would ignore the
outside world and focus on the model’s beliefs without updating them. Hence, free energy
is a balance of exploitation (i.e., fulfilling our priors) and exploration (i.e., inferring the
most informative hidden states).

3.2.2.1 Action selection.

We define the agent’s action selection as computing the optimal policy π, given the
combination of the habitual behaviours E1 (i.e. a behaviour occurring automatically,
without a complex inference) and the optimization of the Expected Free Energy (G) of
executing a plan of actions in the future2:

π = argmax Q(π) = argmax σ
[
ρ lnE(π)−G(π)

]
(3.3)

where ρ is the precision parameter that modulates the interplay between habitual policies
and new computed optimal policies, given the model and new observations. The σ

represents a softmax function that in a discrete state representation transforms the
objective values into probabilities. Thus, the policy with the higher probability is selected.

To enable the agent to plan actions ahead (Lanillos et al., 2021), we used the Expected
Free Energy (EFE) objective function G, which predicts the free energy value in the next
time-point (Kaplan and Friston, 2018):

G(π) = DKL[Q(sτ |π)||P (sτ )]︸ ︷︷ ︸
Risk

−EQ(sτ |π)P (oτ |sτ )[ln P (oτ |sτ , A)]︸ ︷︷ ︸
Ambiguity

(3.4)

where π is a policy/plan (i.e. a sequence of actions), τ is a time point, and A represents
the likelihood function of the model. The terms risk and ambiguity closely follow the
terms complexity and accuracy from Equation 3.2, respectively. A relevant difference

1E can be provided by the designer or learned and encodes the agent’s preferences given by
evolution.

2Note that the EFE is a generalization of the variational free energy conditioned on an action
plan or policy.
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between the free energy F and G is that the latter is sampled from the predictive posterior
distribution. This means that the agent predicts the consequences of its actions and
calculates the deviance from surprise based on these. The risk calculates the posterior
value of a hidden state in the next time-step, given a policy selected at a given moment
that is compared to the prior beliefs of the agent. This assures a selection of such a
policy that leads to fulfilling the priors. On the other hand, the ambiguity term functions
similarly to the accuracy term mentioned above, but the likelihood is predictive (over the
next time step) based on the averaged approximate distribution of an expected hidden
state given a policy Q(sτ |π). This means that the ambiguity term selects those policies
that are most informative.

3.2.3 Precision modulation

As described in the introduction, we suggest that active sensing is modulated by neu-
rotransmitters, such as serotonin, which we assimilate to sensory precision or habitual
precision. Sensory precision modulates the likelihood function of the model, while the
habitual precision modulates policy selection (through EFE computation).

3.2.3.1 Likelihood modulation.

Sensory precision ζ modulates the impact of the sensory input.

A = σ(ζ ln(A + ϵ)) (3.5)

where σ represents a softmax function, and ϵ is some arbitrary small number that prevents
a mathematical error due to taking a logarithm of 0. The bold matrix A denotes a
distribution shown in Figure 3.2 (shown in the middle panel) and represents the likelihood
mapping between states and observations. Since only those columns linked to tactile
sensing have a non-uniform distribution, the equation above then implicitly modulates
only these columns, as the inverse temperature parameter ζ cannot modulate the uniform
distribution.

3.2.3.2 Policy selection modulation.

The habitual precision parameter ρ is described in Equation 3.3 of action selection. The E

vector prespecifies a preference over the habitual policy, and thus the precision parameter
can only minimize or maximize the difference, but not shift it around and make a habitual
preference for a small movement policy. High ρ thus indicates a strong preference for the
broad range of movement, while low ρ makes the habitual preferences disappear.
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broad range of movement, while low ρ makes the habitual preferences disappear.
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Figure 3.2: The generative model of active sensing in the Nao humanoid. The model contains
two hidden factors: object appearance and arm position. The former indicates where the object
will appear in the environment, defined by the arm position. There are three objects that can be
linked to three distinct arm positions, and also a case when there is no object which is what the
agent believes at the beginning of every trial. Next, there are 5 arm positions, where the middle
three positions are duplicated due to the sinewave-like behaviour (i.e., going back and forth).
There is only one outcome modality, touch, which takes a boolean value of either touched or
untouched. The likelihood matrices depend on what context (i.e., object appearance) is inferred.
We defined the likelihood function A in an uncertainty-minimization environment, where the
motivation for the agent to explore an object (where the stimulation is sensed) is defined by
a uniform likelihood distribution except for the part where the hand can sense an object. In
the matrix, the black colour relates to high probability, while white boxes are of low probability.
The grey boxes represent uncertain distribution. Lastly, we specified two policies. The first one,
which has a higher habitual value, is related to a complete hand circle which is a logical way of
exploring the (uncertain) world as fully as possible. The second policy provides some nuances
on how to escape the former policy and stick with the most certain outcome related to a given
arm position. This policy has a lower habitual value and therefore its selection depends on the
uncertainty minimization behaviour. These actions are then derived from transition matrices B
specified in Figure 3.1.
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3.2.4 Model tailored to robotic tactile active sensing

Our active sensing model is described in Figure 3.2. Inspired by the gap-crossing paradigm
in rodents (Voigts et al., 2008), we designed the robotic model with two hidden factors,
which describe the state: object appearance (or context) and arm position. The former
hidden factor is split into four states. Three states (indicated with black, grey, and white
boxes) reflect three different positions of where the object can be detected. The fourth
hidden state assumes that no object can be detected. For the hidden factor arm position,
we specify five different arm positions. Note the three middle positions are duplicated so
we can provide a back and forth movement in a discrete space, as much as in whisking
movement. Therefore, the arm positions are represented by eight different states. There
is one outcome modality in the model, which is associated with touch. The outcome is
then either being touched or not. Following the outcome modalities and hidden states,
we can provide likelihood functions, specifying the probability of being touched, given a
specific context and arm position. If the agent infers that there is no stimulus around,
the likelihood function is completely uniform and thus uninformative 3. This is provided
as a prior for the model at the beginning of every trial. Next, the three positions in
which an object can appear are associated with distinct arm positions (i.e. an agent can
only infer that there is an object in a position when the arm is in that same position).
These likelihood distributions then provide a precise likelihood distribution only over the
adequate association of the object’s appearance and arm position. Note that these exact
distributions are then modulated with the ζ precision parameter provided in Equation
3.5. Lastly, the policies (or actions) are split into two. The former one (indicated in
yellow colour in the figure) is related to the large movement amplitude. This policy has
a higher habitual value in the vector E, as we assume that the bigger hand movements
should be more intuitive. The small amplitude of the hand movement is indicated by
the purple colour. This policy assures the possibility of switching to the smaller, more
precise, movements, that are then related to active sensing strategies. The behaviour for
the switch is to find the most certainly interpretable outcome and stick with it, hence
uncertainty minimizing behaviour.

3It might seem counter-intuitive that without any stimulation, the agent does not recognize
that nothing has been touched, but rather increases the uncertainty of the world. This is motivated
by the so-called dark room problem (Friston et al., 2012; Baltieri and Buckley, 2019) that resolves
a problem in the free energy that states that, if agents minimize the uncertainty of the world, why
not stay in completely dark environments which should provide completely predictable stimuli
(i.e., always dark)? The answer is that perceiving darkness is highly ambiguous, therefore we
treat no stimulation in the same way and build likelihood matrices in such a way that increases
uncertainty over sensing no-stimulation signals while the stimulation outcomes provide higher
certainty of causes.
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3.2.5 Experimental design

The model was validated in the humanoid Nao robot (Nao, 2017) using an object
exploration experiment using one limb, inspired by the rodents navigation paradigm.
The goal of the robot is to explore the environment looking for objects. Once the robot
infers there is an object in a given position by sensing the object with the touch sensor,
we expect a switch in behaviour from broad movement amplitude to small movement
amplitude as it will start minimizing the uncertainty over a more certain input. In other
words, the big movement amplitude is used when the environment is more uncertain and
all inputs are equally uncertain. The object provides more certainty to the agent, hence it
makes sense that the agent will stay around more certain inputs with a small movement
amplitude.

To test distinct tactile exploratory processes under precision modulation, we conducted
experiments in which a Nao robot moves its arm back and forth as hard-coded based on
our model (see Figure 3.2). The experiments contain 40 time-steps (with one exception of
80 time-steps), where a time step is simply defined by an arm position. Hence, during a
single experiment, the robot moves its arm 40 times.Each time-step takes approximately
2.5 seconds (communication speed between the robot and the host computer and the robot
physically moving between two states), which means that running an experiment takes
approximately one minute and forty-five seconds. The Nao robot will always start with
the first arm position. After the 8th time-step, we introduce an object (the researcher’s
hand) at a specific arm position.

3.2.6 Implementation

To implement the model that we described in section 3.2.1, we used the open-source
‘pymdp’ package (Heins et al., 2022). This software implements active inference agents
in discrete time, state, and action spaces. To translate the model into the physical Nao
robot we used the NAOqi driver. Thus, we developed the interface between the NAOqi
SDK and the pymdp algorithm to control the robot. Since the NAOqi software only runs
on Python 2.7 and the python model needs to be implemented in Python 3 because of
the pymdp library, we implemented a socket module to communicate observations from
the physical robot to the model and the actions from the model to the robot.

Furthermore, the acting and sensing computations of the robot were subdivided into
parallel threads to allow the robot to sample faster in the environment when moving
the arm down and up in a particular state, thereby increasing the probability that a
touch is observed. The acting thread was responsible for moving the robot’s arm and
for interacting with the model script. To move the robot’s arm, we used the motion
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(a) (b)

Figure 3.3: Illustrations of the Nao robot used for the experiments. a) A particular arm position
of the Nao robot in the experiment. The red dots indicate all states of the robot, where the most
right arm position is referred to as arm position 1 and the most left arm position is referred to
as arm position 5. The darker red line indicates the trajectory between arm positions and the
dots indicate a movement down and up again to sense the environment. b) The location of the
touch sensor on the back of the robot’s right hand indicated by a red circle. The touch sensor is
a capacitive sensor that can distinguish between two different states: touched and not touched.

module of the Nao robot (ALMotion) to access the joints of the robot’s right shoulder. In
accordance with the model, five arm positions have to be specified and the three middle
positions have to be duplicated, so the robot can move back and forth between states
in discrete space (see Figure 3.3a)4. When the right hand arrives in a new state, it will
slightly move down (0.1 radians vertically) in order to sense whether there is an object in
the state. Afterward, it will move up again and continue to the next state.

The sensing thread was responsible for registering whether the touch sensor of the
robot is touched and updating the variables in the script accordingly. To register a touch,
we used a touch sensor on the back of the robot’s right hand. In particular, we only used
the middle touch sensor on the back of the robot’s hand, which is a capacitive sensor with
a binary output (touched or not touched) (see Figure 3.3b for the location of this touch
sensor in red). The touch sensor is always facing down (angle is 1.74 radians) (see Figure
3.3a for the positioning of the hand in a particular state). By accessing the memory of
the Nao robot (ALMemory) and reading out the value for the back touch sensor on the
right hand, we could infer whether the sensor was touched (value is 1) or not (value is 0)

4Note that the movement of the robot’s arm is only horizontal. Therefore, we could fix the
joint position of the shoulder pitch to 0.1 radians. For the shoulder roll, we chose to evenly space
the joint positions between 0.2 and -1.0 radians, such that the shoulder roll has to move 0.3
radians between states.
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5. Because reading from memory is very costly, we introduced locks in our solution to
only read from memory when the robot’s hand moves up and down in a state and not
when moving between different states.

In general, the communication between the two scripts proceeded as follows: first,
the acting thread read whether the robot is touched in the previous state and sent this
observation to the model. The model subsequently computed the next action for the
robot to execute and sent this action to the acting thread. This thread then moved to the
next state, based on the action. Afterward, it moved the hand down and up again in this
next state, while the sensing thread simultaneously read from memory whether or not
the touch sensor on the robot was touched. If the sensor was touched, the thread would
update the shared variable storing the touch value accordingly, such that this observation
was available for the acting thread in the next time step. Detailed information on the
software implementation can be found in Figure 3.7, Appendix 3.7.1.

3.3 Results

First, based on observations from the simulations, we evaluated behavioural and perceptual
differences depending on the precision modulation parameter (ζ and ρ) values that are
the hypothesized homologues of serotonergic neuromodulation and that affects active
sensing behaviour. Second, based on the simulations we introduced a qualitative analysis
studying the robot NAO behaviour with low and high ζ values, combined with low and
high ρ values.

3.3.1 Simulations

We analyzed the experiment in simulation for 13 different ζ values and 13 different ρ

values, selected to capture the whole range of potential behaviours. All of the experiments
followed the structure as described above, meaning 40 time-steps per experiment, where
after the 8th time step we simulated object appearance at arm position 4. We thus ran 169
(13x13) experiments, 8 times each. Note that for the simulated experiments, the starting
arm position is randomized. These experiments show numerical differences in tactile
exploratory behaviour under distinct precision modulation. Specifically, we focused on i)

the time when the (behavioural) switch from a large to small hand movement amplitude;
and ii) the switch of the object appearance posterior occurs after introducing the object.

Figure 3.4a represents the time it takes to switch from a large to a small hand

5We also used the speech module of the Nao robot (ALTextToSpeech) to have an auditory
cue which could indicate whether the sensor was touched.
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(a) (b)

Figure 3.4: Numerical analyses of the active sensing behaviour. Figure (a) represents a time
delay of behaviour switch. Figure (b) shows a time delay of inferred contextual switch. Based
on these analyses, we decided to simulate four precision combination in the humanoid that are
represented in the dashed green squares in both heatmaps.

movement amplitude from the moment an object has been touched. Here, we can see that
the increase of ζ and decrease of ρ gradually speeds up the switch. Figure 3.4b represents
the same problem, but for inferring the correct context (i.e. that an object is located at
arm position 4). This has been calculated as a time difference from an object has been
touched to the point where context 4 (a context where an object is believed to appear
to arm position 4) has a higher posterior probability than context 1 (the initial context
where no object is believed to be in front of the humanoid). As shown in the figure above,
all cases show a gradual change in the same manner for both precision parameters. Based
on these analyses, we selected four different cases where behaviour is distinct from each
other. This is highlighted in dashed green boxes of Figure 3.4, which were then applied in
the humanoid. Based on this finding, we also conclude that there is a strong binding of
lower sensory precision with stronger habitual behaviour, at least in tactile detection and
exploratory domain, as these two appear to modulate the behaviour in the same manner.
This is because the effects of these two precision terms provide the same function when
it comes to a temporal delay of active sensing. Given the methodological structure of
(Azarfar et al., 2019) that compared animals with high and normal levels of serotonin, the
upper-left and bottom-right green dashed boxes can be regarded as a behaviour from the
wild-type animals, providing the baseline model. The other two boxes then demonstrate
a behaviour of agents with higher levels of serotonin.
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3.3.2 Validation with humanoid

We evaluated the model on the physical Nao robot. Videos of the experiments can be
found in Appendix 3.7.3. Figure 3.5 shows the results after running the four experiments
in the Nao robot. In these simulations, an object appeared after the 8th time-step at
arm position 4 (which can also be inferred from the plots representing the observation
and arm position). Compared to Figure 3.4, it seems apparent that the simulated results
with the robotics application are consistent. First of all, the plots of the arm position
(upper-right panels) show a trend that increasing ζ or decreasing ρ leads to a faster switch
in policy from a large to a small movement amplitude. Specifically, the switch can happen
up to 8 time-steps faster (representing one full arm swing). This can also be seen in
the plots of the policy posterior in the bottom-left panels (i.e. the value for the small
amplitude is higher than the value for the large amplitude at an earlier time-step). Next,
the plots representing the context posterior show that with a higher ζ or lower ρ, the
correct context can be inferred four time-steps faster (i.e. half an arm swing).

In addition to testing whether the simulation results when varying ζ and ρ can be
validated in experiments with the Nao robot, we also conducted an experiment to see
whether behaviour is similar when the robot is touched in different arm positions. Results
between touching the robot in arm position 3 (see Figure 3.6a) and in arm position
4 (see Figure 3.5c) under the same precision parameters show that this is indeed the
case. Namely, the switch between policies occurs at the same time (considering it takes
one time-step longer to see the change in policy for Figure 3.6a) and also the context
posteriors for the respective arm position (i.e. ’Touched right’ (red line) in Figure 3.5c
and ’Touched middle’ (yellow line) in Figure 3.6a) seem to increase with a similar trend.
The difference after time-step 32 is due to a missed sensory stimulation. The missed
sensory stimulation also provides an interesting case where the consequences of unreliable
sensors affect active sensing. This then leads to a longer exploration and a sudden drop
in the context posterior. This indicates a loss of confidence in the agent’s beliefs about
understanding the newly acquired structure of the environment, causing it to explore for
longer.

Lastly, we conducted a longer experiment with 80 time-steps (see Figure 3.6b), where
we switched from touching the robot in arm position 2 to arm position 3 after 30 time-
steps (indicated by the red line). As can be seen in the plot for the context posterior
(bottom-right panel), the robot was able to correctly infer the change in the context (i.e.
the context of being touched in arm position 2 goes down after 30 time-steps and the
context of being touched in arm position 3 goes up) and adapted its behaviour accordingly
(i.e. after time-step 30, the robot switches back to large movement amplitude and after
time-step 45, the robot switches to a small movement amplitude around arm position 3).
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These results suggest that the model can quickly adapt to new information, as a switch in
arm position leads to a switch in behaviour and posterior probabilities. Doing so, we just
touched the surface of the robotics application for the neuroscientific research, but such
extensions can inform neuroscience and psychology research more about the assumptions
originating from these fields, such as adaptive behavioural switching in an environment
where objects are not stationary, something that the gap-crossing paradigm does not
consider.

3.4 Discussion

We studied the behaviour of a humanoid robot with serotonergic depletion using the
active inference framework (Adams et al., 2013; Friston et al., 2017a; Da Costa et al.,
2020) – where we associated serotonin with a modulation of sensory or habitual precision.

Although this work was inspired by rodent behaviour with serotonin alteration (Azarfar
et al., 2019), humans also show a similar aspect of switching from a coarse-grained action
execution to a more fine-grained one – once an object or environment is being explored.
The more detailed behaviour provides more information about the texture or shape, or even
motion of the object (Ryan et al., 2021). In our case, we focused on exploratory strategies
in the tactile domain which extends current neuroscientific and psychological research
focusing on exploration mostly in vision (Najemnik and Geisler, 2005, 2008; Renninger
et al., 2007). We also extend this by focusing on subtle changes in neuromodulation –
specifically serotonin – and show that to fully comprehend how we are able to resolve
uncertainty in the world via adjusting our sensors, neuromodulatory systems also have to
be investigated.

There are, however, other computational models focusing on the function of serotonin.
Most of them are developed under the reinforcement learning framework focusing on
assertive behaviour (Daw et al., 2002; Doya, 2002; Dayan and Huys, 2008; Cools et al.,
2011). These models thus analyze the exploitative behaviour, i.e., how to behave to collect
the least punishment. Our model – where we modelled (consequences of) altered levels of
serotonin via habitual and sensory precision in order to bias exploratory behaviour – seems
to be compatible with previous models as well. In particular, (Dayan and Huys, 2008)
suggested that modulating the reward value – in order to promote assertive behaviour
linked to serotonin (Dayan and Huys, 2009) – limits the exploration of cases where the
reward is expected to be lower. Hence our speculation is that the consequence of an
altered level of serotonin (especially from birth which is the case of SERT-/- mice) can lead
to changes in sensory and/or habitual precision. Aligning exploratory and exploitative
models of serotonin is thus an interesting field for future research.
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(a) ζ = 0.18, ρ = 0.5
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(b) ζ = 0.18, ρ = 1.0
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Figure 3.5: Application of the generative model in a humanoid. This figure represents the
experiments conducted in the Nao robot for different values of ζ and ρ, where an object appears
in arm position 4 after the 8th time-step. For each experiment, the top-left panels labeled as
’Observation’ represent whether or not the robot is touched for every time-step. Here, a value of 1
means that a sensor was triggered, while a value of 0 says that no touch was sensed. The top-right
panels ’Arm Position’ represent the (discrete) position of the hand per time-step. (Continue on
the next page.)
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Figure 3.5: Application of the generative model in a humanoid. This figure represents the
experiments conducted in the Nao robot for different values of ζ and ρ, where an object appears
in arm position 4 after the 8th time-step. For each experiment, the top-left panels labeled as
’Observation’ represent whether or not the robot is touched for every time-step. Here, a value of 1
means that a sensor was triggered, while a value of 0 says that no touch was sensed. The top-right
panels ’Arm Position’ represent the (discrete) position of the hand per time-step. (Continue on
the next page.)
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Figure 3.5: (Continued) There are five hand positions that can be reached. These graphs nicely
show the switch from the large amplitude to the small one. The bottom-left panels represent
the ’Policy Posterior’ for the large amplitude (yellow) and small amplitude (purple). Lastly, the
bottom-right panels ’Contextual posterior’ represent the posterior probabilities for four different
contexts in which the agent can find itself. It starts with the preference over ’Not touched’ and
eventually switches to ’Touched right’, which is the context where a hand was touched at position
4 as specified above.

Although we linked our analysis to serotonin specifically, this simulation can also test
the tactile exploratory differences in people with Autism Spectrum Disorder (ASD). This
is theoretically possible, as previously it has been suggested that ASD is associated with
aberrant sensory precision (Van Boxtel and Lu, 2013; Lawson et al., 2014; Palmer et al.,
2017). These theories relate ASD to an increase in sensory precision. In this work, as
we specifically tested the sensory precision parameter ζ, our analysis can also be used to
explore ASD abnormalities in the tactile exploratory domain. Based on our results and
following the theories, we hypothesize that the time of switching to a detailed exploratory
hand movement will happen faster in comparison to a typical group. Such associations
can also deepen the connection between serotonergic alterations in ASD (Muller et al.,
2016).

In our work, we specifically focus on how active sensing is modulated via serotonin
which extends on previous assumptions of active sensing models (Yang et al., 2016;
Martinez-Hernandez et al., 2017; Bajcsy et al., 2018; Parr et al., 2021b). In addition
to this, we specifically motivate our model via the dark-room problem (Friston et al.,
2012) which states that having no information (i.e., not sensing any object) increases the
uncertainty of the world rather than decreasing it via holding some understanding (or a
related hidden state) that is certain about such a situation. Although this approach is
motivated by philosophy (Sun and Firestone, 2020) and is thus speculative, we nevertheless
show that we can use it as a motivation to create a model of active sensing. Thus, our
modelling contributes to the field of neurorobotics that aims to strengthen both robotics
applications and create better replicas of biological agents (Krichmar, 2018; Tani and
White, 2022) via the application of (purposefully built) uncertain environments to trigger
active sensing.

Lastly, our work has touched upon the concept of embodiment in distinct living
systems but also distinct architectures of robots (Glenberg, 2010; Lux et al., 2021). We
highlight the analogies of different bodies (c.f., humans and rodents) that are exploited
by agents in order to fulfil the same task, which is to collect the most informative stimuli
from the world to resolve a model’s uncertainty of it. Surely, different bodies provide
different strategies, but as we have shown here, some strategies can be united and driven
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Figure 3.6: Additional simulations in the robot. The template of results is the same as in Figure
3.5. Figure 6a represents an interesting case when an object appeared at the arm position 3; and
one stimulation at the 32nd time-step was missed, leading to more exploration compared to Figure
5c. In addition, this led to a sudden drop in context posterior. Figure 6b is slightly different, as
there are 80 time-steps instead of 40 as in previous experiments. The red lines here specify when
a context was changed (i.e., when a researcher’s hand position appeared at a different position).
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Figure 3.6: Additional simulations in the robot. The template of results is the same as in Figure
3.5. Figure 6a represents an interesting case when an object appeared at the arm position 3; and
one stimulation at the 32nd time-step was missed, leading to more exploration compared to Figure
5c. In addition, this led to a sudden drop in context posterior. Figure 6b is slightly different, as
there are 80 time-steps instead of 40 as in previous experiments. The red lines here specify when
a context was changed (i.e., when a researcher’s hand position appeared at a different position).
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very similarly, such as exploring an environment using whiskers or hand movement. In
robotics, there are several distinct architectures of robots to fulfil distinct tasks (Rubio
et al., 2019). Although this is outside the scope of this paper, we hope to motivate future
researchers to play with the concept of embodiment and see what strategies are universal
across several bodies, and what changes lead to different neural encodings, for instance.

3.4.1 Limitation

Here we consider several limitations of our work that are worth mentioning. First, the
difference between hand movement and animal whisking is obviously distinct, and the fact
that both are used for tactile exploration can be misleading from the neuroscientific point
of view, as these processes are encoded with different importance (i.e. it is less important
to lose one whisker but more tragic to lose a human arm). For instance, the speed of
whisking during object exploration is up to 25Hz (Berg and Kleinfeld, 2003), which is
a speed that cannot be reached by a hand. However, the model is simplified enough
to justify the use of both models for both species independently, and the link should
be further tested to suggest whether this generalization is possible. Furthermore, while
the model works with discrete actions—which can be action primitives—its extension to
continuous control could be interesting for robot exploration tasks. The models combining
discrete and continuous domains have been shown in (Parr et al., 2021a, 2022). As a final
practical consideration, we acknowledge that the touch sensors on the Nao robot are not
suited for object exploration, as reliable stimulation of the touch sensor only occurred
when using a researcher’s hand (see also Appendix 3.7.2).

3.5 Conclusion

We described an active sensing model inspired by serotonergic modulation under the
active inference framework. Particularly, we designed a generative model to perform
tactile exploration in a humanoid robot. While the presented robotic model is still far
away from human tactile exploration we suggested some possible relations. Specifically, we
have shown that to resolve uncertainty in the environment, the influence of high sensory
and/or low habitual precision on the inference process leads to a faster appearance of
an active sensing behaviour. Moreover, our findings also contribute to scrutinizing the
vast functions of serotonin (Berger et al., 2009) that in our case are associated with
the aforementioned parameters. Next, we highlight that it might be a complex task to
dissociate the effect of habitual behaviour with imprecise sensory estimation at least in
active sensing. Whether this is a universal criterion of behaviour and thus extends to
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other behavioural processes such as social cognition (Lockwood and Klein-Flügge, 2021)
or reward learning (Lindström et al., 2021), and whether these are regulated via serotonin
in the same manner, should be further tested.
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3.7 Appendix

3.7.1 Python scripts

The scripts that we used in order to simulate the experiment and run the experiment
in the Nao robot can be found on the following GitHub page: https://github.com/

SimonJanssen1/Serotonin-based-active-sensing.git

In order to generate the heatmaps in section 3.3.1, we used a Jupyter Notebooks file in
which we iterated through different combinations of ζ and ρ parameters, while simulating
a touch in arm position 4. We also used the scripts as explained in section 3.2.6 (see also
Figure 3.7 for a visual description of the software architecture) in order to conduct the
experiment with the Nao robot. Next, we simulated the script communicating with the
Nao robot to test whether the architecture is working correctly. In this script, the general
architecture is the same with an acting and sensing thread and some shared variables.
However, instead of communicating with the robot to sense the environment and execute
actions, the script simulates these behaviours. For simulating touch, we defined three
options: 1) simulating touch at specific time-steps, which could be indicated by means of
a list, 2) simulating touch in a specific arm position, or 3) simulating touch randomly,
where a probability of touch could be specified.

3.7.2 Experiment with different sensory stimulation

In addition to the experiments with the Nao robot presented in section 3.3.2, we conducted
another experiment where we touched the robot in arm position 4 with a metal object
instead of using a researcher’s hand. Because the robot has capacitive sensors on the
back of the right hand, it should still be able to sense a touch when using a metal object.
However, Figure 3.8 shows that this is not the case. Namely, the robot only registers a
touch four times, whereas we expected it to register a touch every time the arm was at
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Figure 3.7: The software architecture of the Nao robot to conduct the experiment. The script
that interacts with the robot consists of two different threads that are responsible for acting and
sensing, respectively. The acting thread reads an observation from the shared variable storing the
touch value, which it sends to the python model. The python model subsequently computes the
next action for the robot, given the observation, and sends this action back to the acting thread,
which uses it to move to the next state. When in the new state, the robot moves its arm down
and up again, during which the sensing thread is also active and records whether or not the touch
sensor of the robot is touched. If the robot’s sensor is touched, the sensing thread will make sure
to update the shared variable storing the touch value accordingly, such that the acting thread
can send the observation to the python model in the next time step.

position 4. These results thus show that the back touch sensor on the hand of the Nao
robot was not very sensitive to touch with materials other than a hand.

3.7.3 Experiment videos

During the experiments, we also recorded the humanoid’s behaviour. These results
can be found under the following link: https://drive.google.com/drive/folders/

1QFmy1nHtQlmWxmKPZa-kbgj84FBJ9Q6n?usp=sharing.
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Figure 3.8: Stimulating the Nao’s sensors using a metal object. These are the plots for the
experiment conducted in the Nao robot with ζ = 0.5 and ρ = 0.5, where the robot is touched with
a metal object in arm position 4. For the experiment, the plots show for every time-step whether
or not the robot is touched (top left), which position the hand is in (top right), which policy is
preferred (bottom left), and what context the robot believes it is in (bottom right). As can be
seen in the observation plot, touching the robot is often not registered and results in unreliable
behaviour.
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Abstract

Humans can experience body ownership of new (external) body parts, for instance, via
visuotactile stimulation. While there are models that capture the influence of such body
illusions in body localization and recalibration, the computational mechanism that drives
the experience of body ownership of external limbs is still not well understood and under
discussion. Here, we describe a mathematical model of the dynamics of this phenomenon
via uncertainty minimization. Using the Rubber Hand Illusion (RHI) as a proxy, we show
that to properly estimate one’s arm position, an agent needs to infer the least uncertain
world model that explains the observed reality through online adaptation of the signals’
relevance, i.e., its precision parameters (the inverse variance of the prediction error signal).
Our computational model describes that the illusion is triggered when the sensory precision
estimate quickly adapts to account for the increase of sensory noise during the physical
stimulation of the rubber hand due to the occlusion of the real hand. This adaptation
produces a change in the uncertainty of the body position estimates, yielding a switch of
the perceived reality: the “rubber hand is the agent’s hand" becomes the most plausible
model (i.e., it has the least posterior uncertainty). Overall, our theoretical account, along
with the numerical simulations provided, suggests that while the perceptual drifts in body
localization may be driven by prediction error minimization, body-ownership illusions
may be a consequence of estimating the signals’ precision, i.e., the uncertainty associated
with the prediction error.

Keywords

Body ownership • Rubber hand illusion • Precision • Bayesian inference • Sensory
adaptation

4.1 Introduction

Humans navigate the environment and interact with it through their bodies. This happens
with a precise balance between internal representations of our body learned over our
lifetime (Peviani et al., 2024) and sensorimotor-related processes, such as sensory signals
arriving from the periphery caused by the localization of our body in space (Ehrsson,
2020; Tsakiris and Haggard, 2005). Remarkably, these processes are “flexible", probably to
handle uncertainty and conflicts in the sensory input and to adapt to bodily changes and
changes in the external world. Strong experimental evidence reveals that body perception
can be easily manipulated (Ehrsson, 2012; Kilteni et al., 2015; Hide et al., 2021). Body-
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ownership, i.e., “perceptual experience of body or body part as one’s own" (Ehrsson, 2020),
has been associated with information integration in the ventral premotor cortex (Ehrsson
et al., 2004), right posterior insula, right frontal operculum as well as posterior parietal
cortex junction (Chancel et al., 2022; Gentile et al., 2013; Limanowski and Blankenburg,
2016). However, the exact computational mechanisms behind and its intricate neural
underpinnings are still not well understood. By developing computational models that
replicate perceptual and motor effects of humans when subjected to multisensory conflicts,
such as body illusions (Ehrsson, 2022; Lanillos et al., 2021), some inner characteristics
of these hidden mechanisms may be revealed (Kilteni et al., 2015; Hinz et al., 2018). In
this sense, one of the most intriguing scientific questions is how we can experience the
embodiment of external objects as a part of our own body.

To study this, we focused on the mechanism behind the body ownership illusion
and its temporal dynamics (Finotti et al., 2023). While the research literature already
provides computational accounts to explain body mislocalization as an effect of body
illusions (Kilteni et al., 2015) and its dynamics (Hinz et al., 2018; Lanillos et al., 2021),
there are no mathematical accounts that properly describe and explain the dynamics
of body-ownership illusions. This is going beyond static Bayesian Causal Inference
(BCI) (Samad et al., 2015; Chancel and Ehrsson, 2023) and showing the temporal
dynamics of the mechanism behind how an external object becomes part of your body
during the illusion. Here, we provide a novel mathematical account that explains the
effect of body-ownership illusions as an indirect consequence of uncertainty minimization.
In particular, our model describes that perceptual drifts in body localization are driven by
prediction error minimization, and body-ownership illusions are a consequence of online
estimation of the signals’ precision. Our model shows that the illusion is triggered when
the sensory precision estimate quickly adapts to account for the increase of sensory noise
during the physical stimulation of the fake body part due to the occlusion of the real
body part. This adaptation produces a change in the uncertainty of the body localization
estimates, yielding a change in the perceived reality: the ‘rubber hand is the agent’s
hand’ becomes the most plausible model—it is the hypothesis or model that has the least
posterior uncertainty. Importantly, our model aligns with previous conceptual accounts
of causal inference (Samad et al., 2015; Hinz et al., 2018) of body perception and the
recent findings regarding the relation between the emergence of the illusion and visual
noise (Chancel et al., 2022; Chancel and Ehrsson, 2023).

To introduce the proposed model, we first summarize previous research on limb
illusions and related computational models that are the backdrop of our body ownership
model based on precision.
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4.1.1 Previous research on limb illusions and related com-
putational models

There is an extensive body of literature on limb-body illusions and manipulations—see
(Kilteni et al., 2015) and (Ehrsson, 2022) for a review. Here, we briefly summarize the basic
findings that point out two well-known phenomena: i) body-ownership of external/fake
limbs and ii) limb mislocalization (or perceptual drift).

Evidence of the body-ownership of external/fake limbs shows that the majority of
tested subjects—not all of them—perceive a fake limb as their own after a short period
of a specific type of visuotactile stimulation (Botvinick and Cohen, 1998; Kilteni et al.,
2015). The most well-studied body illusion, the Rubber Hand Illusion (RHI) (Botvinick
and Cohen, 1998), can be seen as a phenomenon where people hold false beliefs about
the causes of tactile stimulation. Specifically, the participant sees a rubber hand being
stroked (e.g., with a brush) at the same time as the real hand, which is occluded. In less
than one minute, the participant has the subjective experience of owning the fake hand as
part of the body (Botvinick and Cohen, 1998). This illusion comes with appearance and
positional constraints, and its intensity varies depending on the subject (Lanfranco et al.,
2023). The illusion can be measured using subjective questionnaires. Objective measures,
such as skin conductance, were introduced to evaluate the body’s reaction to the process
of the fake limb embodiment (Armel and Ramachandran, 2003; Guterstam et al., 2019;
Fan et al., 2021) and confirmed that external hands also produce physical responses.

The second well-known phenomenon is perceptual drift, which can be seen as a
mislocalization phenomenon due to sensory integration (Tosi et al., 2023). Participants
localize their own limb slightly drifted towards the fake limb (Tsakiris and Haggard,
2005; Guterstam et al., 2013). By measuring the perceived location of the hand before
and after the illusion is induced, researchers have suggested that the closer participants
estimate their real hand to the position of the rubber hand, the stronger the illusion
is (Tosi et al., 2023). While studies used this measure to elucidate the effects of the
ownership effect (Botvinick and Cohen, 1998; Costantini and Haggard, 2007), other studies
highlighted that the correlation between the perceived ownership and the proprioceptive
drift does not necessarily emerge (Holmes et al., 2004, 2006; Rohde et al., 2011, 2013;
Abdulkarim and Ehrsson, 2016), questioning the use of perceptual drift to investigate the
feeling of body ownership, and thus suggesting that perceptual drift and body-ownership
illusion are a consequence of two interrelated but different processes.

Computational models of body perception should be able to account (at least) for the
two well-known phenomena mentioned above. There are already candidate computational
models for the mislocalization effect based on the optimal integration of the multisensory
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signals (Samad et al., 2015; Hinz et al., 2018; Lanillos et al., 2021; Rood et al., 2020;
Maselli et al., 2022). The rationale is that the brain optimally integrates tactile, visual and
proprioceptive cues to make them fit into an internal model of the body (learned through
experience). In the presence of multisensory conflicts induced by the new visuotactile
input, the part of the internal model that is used to explain body localization and that
is adaptive forces the system to incorrectly estimate the limb in the space. The models
differ in the mathematical framework used to integrate the signals (Kilteni et al., 2015):
optimal signal integration (Ernst and Banks, 2002), Bayesian Causal Inference (Samad
et al., 2015), Free Energy Minimization (Hinz et al., 2018; Lanillos et al., 2021), and
synaptic plasticity (e.g., spike-timing-dependent plasticity) (Zhao et al., 2023).

The computational mechanism behind the body ownership illusion is more elusive
than the mechanism behind the mislocalization effect. One of the most influential
proposed mechanisms, from a conceptual point of view, is that the brain, during the body
illusion experiment, decides whether the information comes from the fake limb or the
own limb (Samad et al., 2015; Kilteni et al., 2015). This means that the subject decides
between two models of the perceived reality. This may explain why the increase of the
number of presented cues (visuotactile synchronization, coherent poses, active movement)
that support the fake limb model results in a stronger illusion. Thus, according to this
computational model, causal inference plays a strong role in the body illusion. Still,
the computational process and its dynamics behind the perceptual experience where
the participant starts feeling a fake limb as its own remains unknown. Bayesian Causal
Inference, as presented in (Samad et al., 2015), describes body ownership as a static
probability computation, where no explanation is given on the inner functional mechanism
producing the dynamics of the perceptual drifts nor the illusion (Finotti et al., 2023).
Importantly, in recent experiments, the notion of uncertainty as a driving mechanism due
to (visual) noise induction (Chancel et al., 2022; Chancel and Ehrsson, 2023) is gaining
strength. It aligns with a hypothesis that body ownership works as a perceptual inference
process, where uncertainty monitoring modulates the experience.(Lanillos et al., 2021).
For a more comprehensive summary of computational models of body illusions, see the
Appendix 4.5.1.

4.1.2 A unified body-ownership model based on precision

The models described in the previous section vary significantly in their approaches to
investigating specific phenomena observed in limb embodiment illusions. However, none
have yet fully explained the mechanism and dynamics behind the ownership illusion
and its relation to multisensory integration and localization drifts. We address this
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gap by presenting a novel mathematical description of the mechanism that may trigger
the feeling of owning a fake limb. Our model builds upon previous seminal Bayesian
modeling accounts (i.e., Predictive Processing (Lanillos et al., 2021) and Bayesian Causal
Inference (Samad et al., 2015)), but focuses on the role of the precision (inverse variance)
adaptation during body illusions. In Bayesian models, the sensory precision parameter
determines the weight of prediction errors arising from different sensory modalities. These
prediction errors are, in turn, used in attention and uncertainty processing in the brain
(Parr and Friston, 2017, 2019). Prior work suggests that precision optimization may
be critical for resolving conflicts between competing models of sensory input (Chancel
et al., 2022). However, existing computational accounts have not fully explored how
dynamic precision adaptation could explain the temporal evolution of body ownership
illusions. Understanding this process could reveal how the neuronal processes actively
adjust the relative influence of different sensory signals to resolve uncertainty when faced
with conflicting bodily information.

Our hypothesis posits that body illusions are a consequence of the brain aiming to
minimize uncertainty by (online) adapting to the precision of prediction errors. Neurobio-
logically, this precision parameter can be related to the postsynaptic gain, which influences
the encoding of prediction errors (Mumford, 1992; Feldman and Friston, 2010; Adams
et al., 2013; Friston, 2023; Anil Meera et al., 2022). Interestingly, aberrant precision has
been implicated in the causes of hallucinations (Brown et al., 2013; Jeganathan and
Breakspear, 2021; Feeney et al., 2017; Jardri and Denève, 2013; Adams et al., 2013), and
these precisions are thought to be modulated via NMDA receptors and neuromodulators
such as dopamine, acetylcholine, serotonin, and noradrenaline (Adams et al., 2013; Parr
and Friston, 2017; Parr et al., 2018; Novicky et al., 2023b,a). Essentially, as precision
reflects the uncertainty of the prediction error, it may also function as a model of the
experimental results observed when introducing visual noise in a body illusion experiment,
where sensory uncertainty was found to be essential for the ownership illusion (Chancel
et al., 2022).

We propose a computational model of body ownership illusion – evaluated in the
RHI paradigm – that uses precision and its adaptation to sensory noise levels to explain
the perceptual switch of feeling a fake hand as part of the body. The model schematic,
the paradigm and used variables are described in Figure 4.1A,B and C, respectively.
Similarly to the Bayesian Causal Inference approach (Samad et al., 2015), the brain
decides between two different hypotheses or models M of reality. However, our approach
will base its decision on each model’s posterior uncertainty. Model M1 explains the
observed data as “my hand is the real hand", while M2 explains the data as “my hand is
the rubber hand". The induced noise from covering the real hand prompts the system



108 CHAPTER 4. PRECISION NOT PREDICTION

Figure 4.1: Maximum posterior precision body-ownership model. (A) Our proposed
model consists of two main blocks: the environment and the agent. The state of the environment
x produces the output y that is measured by the agent as sensory measurements, along with the
observation noise z. The visual noise is high when the real hand is covered, and low when the
real hand is visible. The agent estimates the noise via attentional mechanisms, i.e., precision
priors, which leads to estimating the uncertainty of the M1 and M2 models. Through model
selection, the agent selects the best suitable model, producing the body-ownership illusion. Using
the selected model, the state estimation is performed, resulting in the state estimate X that
represents x. The proprioceptive drift is the difference between the perceived hand position Sy
and the real position of the hand Sy (that the agent does not have access to). Note that all
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to adapt. This adaptation makes the posterior estimates more uncertain. Consequently,
hypothesis/model selection switches to the most probable one, which is to own the fake
limb, thus producing the illusion.

Our computational model suggests that: i) body mislocalizations (e.g., proprioceptive
drift) result from body state estimation, where prediction errors are minimized, and ii)

body ownership illusions, i.e., perception of a fake limb/hand as one’s own, result from
uncertainty minimization, where precision adaptation to overcome induced noise triggers
a model selection switch.
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4.2 Methods

We introduce a mathematical model for the body-ownership illusion, which is drawn from
the Bayesian brain hypothesis (Doya et al., 2007) and grounded on the free energy principle
(FEP) (Friston et al., 2017). This principle proposes that the brain generates cognition
and behaviour following a Bayesian optimization strategy. It postulates that living beings
show resilience over time, which is achieved via minimizing entropy (the second law of
thermodynamics) to preserve their equilibrium state (i.e., to self-organize) (Friston, 2010;
Parr et al., 2022). To do this, living systems embed a generative internal model that
explains the world (i.e., perception) and adjusts to the environment (by changing their
belief or exerting actions) via minimizing the free energy functional (an upper bound
on sensory surprisal) (Friston, 2009). We build on this theory to describe body illusions
being driven by uncertainty minimization, i.e., the aim to obtain a maximum posterior
precision or minimum posterior uncertainty. We first present the model description and
notation and then detail each computational sub-process.

4.2.1 Problem formulation and parameters

Figure (4.1A) shows the model schematic for the body-ownership illusion based on
posterior precision. It consists of the environment and the agent. The environment
comprises an experimenter (E) that provides the participant (or the agent) with sensory
stimuli—see Fig. (4.1C) for the notation used. The experimenter strokes the real hand
(which is at position Ea) and/or the rubber hand (which is at position Er) locations.
Thereby, the experimenter generates a force (Et) on the real hand, which the agent (A)
can feel. Moreover, the agent can collect the visual signals Av and Rv that represent the
position of the real hand and the rubber hand, respectively. The agent also feels a tactile
sensation At on its real hand. The y coordinate position of the real hand Sy is observed
by the agent as Py (proprioceptive measurement). Stacking these variables together we
have: i) the environment state X = [Ea Er Et Sy]T and ii) the measurements of the
agent as Y = [Av Rv At Py]T .

We assume that the environment is a generative process1 that produces the sensory
measurements from the state variables. We define this mapping as a linear function M

between the state X and output (measurements) Y with measurement noise z as:

1In the FEP literature, the generative process refers to the real world process that the
agent has only access through the senses, and the generative model refers to the agent model
approximation of the reality learnt by experience.
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Y = MX+ z →




Av

Rv

At

Py



= M




Ea

Er

Et

Sy



+ z (4.1)

The agent processes the measurement Y to make sense of the world through estimation.
However, the experimenter can manipulate Y to make the agent fall into the body illusion.
We model this process within the RHI paradigm using the following components, as shown
in Figure 4.1A: i) noise estimation (attention), ii) state estimation (body localization), iii)
posterior uncertainty estimation, and iv) model selection (body ownership). The next
section will explain each of these computational blocks in detail.

4.2.2 Maximum posterior precision body-ownership model

In our proposed approach, the agent selects the model that best minimises its uncertainty
in estimation. This implies that the agent estimates, at each time step, both the state and
the noise in the environment given the competing models or hypotheses of the perceived
reality. For instance, in the RHI, the two models are “my hand is my real hand" and
“my hand is the rubber hand". In the following subsections, all subprocesses of the agent,
depicted in Figure 4.1A, are detailed.

4.2.2.1 Competing models of perceived reality

We assume that the brain can maintain different hypotheses of the perceived reality, where
each of them defines how sensory information is generated. In the classical RHI, this
accounts for two hypotheses or competing models of reality (M1 and M2). However, the
this approach can be extended to any number of hypotheses. M1 accounts for accurate
body estimation neglecting the rubber hand, and M2 considers that the rubber hand
is our hand. We further model the participant’s sensitivity to experience the illusion
by means of how both models are integrated. We define body ownership existing on a
continuous spectrum parameterized by α. This spectrum spans between two extreme
cases: a strongly non-illusory model (α = 10) where the agent maintains accurate body
ownership and a strongly illusory model (α = −10) where the agent is susceptible to
incorporating external objects into their body representation. Mathematically, this is
defined as the weighted combination of both non-illusory and illusory models:

SM =
1

1 + e−α
M1 +

e−α

1 + e−α
M2 (4.2)
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where M1 represents the mapping for accurate body perception:

Y = M1X + z →
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and M2 represents how sensory information will be generated if the rubber hand is our
hand:

Y = M2X + z →
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Algorithm 1 Model selection by uncertainty minimization

Require: Models M = {M1,M2}
for t = 0 : dt : T do

Y = DataGeneration() ▷ Environment generates the data
for Mi ∈ M do ▷ Iterate through possible models

∆λ = NoiseEstimation(Y, λ,Mi) ▷ Compute ∆λ by minimizing F
λt+1(Mi) = λt(Mi) + ∆λ ▷ Update the noise parameter
∆x = StateEstimation(Y, x,Mi) ▷ Compute ∆x by minimizing F
xt+1(Mi) = xt(Mi) + ∆x ▷ Update the state estimation
Πλ(Mi) = EvaluatePrecision() ▷ Precision on λ
Πx(Mi) = EvaluatePrecision() ▷ Precision on X
Σx(Mi) = (Πx(Mi))

−1 ▷ Compute uncertainty in state estimation
end for
M∗ = argminMi

trace(
√
Σx(Mi) ) ▷ Model selection

xt+1 = xt+1(M
∗) ▷ Select the state

λt+1 = λt+1(M
∗) ▷ Select the noise

end for

The key differences between these mappings (or generative models) lie in the processing
of tactile information (At): while in both models tactile sensation depends on the
proprioceptive estimation (Py), in M1, tactile sensation receives input from the real hand
stimulation (Ea), while in M2 it depends on the rubber hand stimulation (Er). M1

maintains an accurate position estimation factoring in hand separation (parametrized as
the distance between the hand position Ay and the rubber hand position Ry), while M2

allows information integration using the rubber hand position. Thus, both models use the
hand separation parameter (Ay −Ry), but they apply it differently - M1 applies it to the
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real hand position while M2 applies it to the rubber hand position. This mathematical
difference captures the essence of the illusion, where the proprioceptive signals become
linked to the rubber hand rather than the real hand. Note that all variables highlighted
in bold text belong to the generative process (environment), and the non-bold variables
belong to the generative model (agent).

The inclusion of tactile force (Et) in our model represents the continuous nature of
the stroking stimulation of the experimenter during the RHI. While Ea and Er represent
the spatial locations where stroking occurs on the real and rubber hands, respectively, Et

captures the temporal dynamics of the applied force. Having visual and tactile signals
allows us to model both the spatial and temporal aspects of visuotactile integration.
The tactile force parameter enables our model to capture how the strength and timing
of tactile stimulation could influence the illusion. Although this implementation is a
simplification of the complex spatiotemporal patterns involved in actual RHI experiments,
it provides a tractable way to model continuous sensory stimulation.

The α parameter of Eq. 4.2 determines the relative weighting between the two
running hypotheses, with more negative values of α leading to stronger illusory effects
and more positive values maintaining accurate body representation. This formulation
allows us to capture both the gradual onset of the illusion and individual variations
in susceptibility while maintaining the key computational features that enable both
accurate body representation and illusory perception when appropriate. A participant
with alpha = 10 will consider the information from the experimenter touching the real
hand and also the force applied to the real hand as the most important, compared to the
other extreme participant (α = −10), which values the rubber hand as the main source of
these stimuli, slightly ignoring the force Et.

4.2.2.2 Model selection by uncertainty minimization

To determine the most plausible hypothesis, our agent selects the one with higher posterior
precision. First, we describe the overall mechanism of model selection2 that produces the
body ownership illusion—depicted as a pseudocode in algorithm 1—and then we detail
the different computations, such as noise precision estimation, body state estimation and
uncertainty estimation. The code and the parameters for replication of the results and
figures can be found in Appendix 4.5.3.

For all competing models Mi, we compute the posterior precision of states ΠX(Mi),
along with the estimated state (X). We define the model selection criterion, using the
posterior precision of state estimation, for the competing models as:

2See Discussion section for the reason of using model selection instead of model averaging,
which is usually followed in computational neuroscience.
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M = argminMi
trace

[
(ΠXMi))

− 1
2
]
. (4.5)

The core idea is that the agent selects the model that minimises the uncertainty in
state estimation, mathematically described as the trace (sum of diagonal elements) of the
square root of the posterior covariance matrix (inverse of precision matrix, ΣX = (ΠX)−1)
of state estimation. According to the proposed model, the RHI will begin at the moment
where M2 has lower uncertainty, compared to M1. Once the RHI starts, the distinction
between the actual hand and the rubber hand is hypothesised to begin to fade from the
agent’s point of view, resulting in a flow of information from external inputs on the rubber
hand (Er) to the sensory perception about the actual hand (At and Py). This can be
observed by comparing the differences in the last two rows of equations (4.3) and (4.4):
As the agent switches from model M1 to model M2 the RHI begins.

Free parameters: The core free parameter of the model is the estimate of the noise
parameter λ, which is learned dynamically through precision adaptation. This parameter
captures the key phenomena. Our model has other parameters: i) The prior noise precision
parameter Pλ for each sensory input; ii) The model matrices M1 and M2 that define how
states map to observations; iii) The prior mean and precision (ηλ and Pλ) for λ that
helps to embed prior information for precision adaptation; and iv) The learning rates k

for state and precision estimation.

4.2.2.3 Role of precision in the computational model

In our computational model, we consider three sources of variance, i.e. three precision
parameters that need to be estimated: i) noise precision Πz, that is parameterized using λ

(details in appendix 4.5.2) , ii) prior precision on estimates Pλ, and iii) posterior precision
on estimates ΠX and Πλ. While the noise precision (Πz) is learned online by our model
using the agent’s prior precision (Pλ), the posterior precision (ΠX) is computed alongside
the state estimates X. The noise precision learning contributes to the identification of
the noise levels in the sensory data, while the posterior precision computation contributes
to the decision (model selection) of which model to rely on (M1 or M2). The following
sections will detail the mathematical formulations behind these processes.

4.2.2.4 Joint State and Noise Precision Estimation

We model body state estimation as inferring the internal states of the body from the
observations Y , given a model of reality. The agent keeps track of the states X, the activ-
ities of the experimenter Ea,Er,Et and the perceived hand position Sy. This estimate is



114 CHAPTER 4. PRECISION NOT PREDICTION

computed in the agent by approximate Bayesian inference through the minimization of
the free energy (Meera and Wisse, 2020). The free energy of the agent that tries to predict
the outputs Y, under state X and model M , and learns (or estimates) the measurement
noise parameter λ, with prior mean and precision ηλ and Pλ respectively, can be written
down as (see (Meera and Lanillos, 2023) for full derivation):

F =
1

2
(λ− ηλ)TPλ(λ− ηλ) +

1

2
(Y −MX)TΠz(Y −MX)− log |Πz|, (4.6)

where the operation T denoted the transpose. Here, the noise precision Πz is parametrized
using λ (see appendix 4.5.2). The agent performs state estimation under a selected model
using free energy minimization:

X(t+∆t) = X(t) +
(
e
−k ∂2F

∂X2 ∆t − I
)( ∂2F

∂X2

)−1 ∂F

∂X
, (4.7)

where I denotes the identity matrix. The update rule uses the first two gradients of F
in Eq 4.7, which can be calculated by differentiating Eq (4.6) with respect to X. This
mathematical routine updates X such that it minimises F in Eq 4.6 with respect to X.
The agent performs online noise precision learning by updating λ such that it minimises
the free energy, using its first two free energy gradients:

λ(t+∆t) = λ(t) +
(
e
−k ∂2F

∂λ2 ∆t − I
)(∂2F

∂λ2

)−1 ∂F

∂λ
. (4.8)

The gradients of F can be calculated by differentiating Eq (4.6) with respect to λ.
Note that the update of λ changes the learned observation noise Πz as per Eq (4.10)
in Appendix. The updated parameter λ is used to compute Πz in Eq (4.6). This is
further used in the state estimation in Eq (4.7) in the next time step. Therefore, the
noise parameter λ directly influences the state estimation. In this particular setting when
the noise has a large amplitude, the agent can perceive illusory body state estimation.

4.2.2.5 Uncertainty in estimation

According to FEP, the posterior precision of the estimate (the second-order statistic
reflecting the confidence about the estimates (Meera and Lanillos, 2024)) is obtained
using the second-order gradient of F . We use this to evaluate the uncertainty about the
estimates by taking the inverse of the posterior precision of the state estimates as (Meera
and Lanillos, 2023):

ΣX = (ΠX)−1 =
( ∂2F

∂X2

)−1

, (4.9)
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where ΣX denotes the agent’s uncertainty in making predictions about the states, given
the observed data. The agent computes the precision for both the competing models
ΠX(M1) and ΠX(M2) to decide. It is used directly in the model selection criterion given
in Eq (4.5). The core idea is that the agent decides to believe in a model that best
minimizes (or resolves) its uncertainty in estimation. The hypothesis is that once the
visual signals of the hand (Av) are highly noisy (hand covered), the illusory condition
(trace(

√
ΣX(M1)) > trace(

√
ΣX(M2))) becomes true and the agent switches its model

selection from a non-illusory model (M1) to an illusory model (M2), resulting in the
experience of RHI.

4.2.3 Evaluative measures for the model

Now that it has been explained how the agent uses the uncertainty in state estimation
for model selection, we conclude with a description of how to model hand coverage,
the illusion sensitivity and measure proprioceptive drift. Note that these measures are
not modeled as part of the agent in Figure 4.1, but are used as fitted parameters for
evaluations and comparisons.

4.2.3.1 Modeling hand coverage

We model the real hand coverage by making the visual signal very noisy. The measurement
noise z is composed of four components (zAv, zRv, zAt, zPy). When the real hand
is covered, the visual signal Av obstruction is modeled by adding a high noise zAv.
Analogously, for no coverage of the real hand, we use a low noise zAv on the signal. In
broad terms, the noise level zAv modulates the error in the visual information input. This
modeling, although controversial, is grounded on the idea that darkness is completely
uncertain (Friston et al., 2012) and hence, that the absence of visual information invokes
a strong noise component—see discussion (Sec. 4.4.3) for further explanation.

4.2.3.2 Individual differences through illusion sensitivity

There is a high variability between individual susceptibility to the body illusion. Moreover,
depending on the manipulation (e.g., temporal synchrony), the body illusion sensitivity
varies (Lanfranco et al., 2023). To account for the agent’s sensitivity to experience
the illusion, we modulate the α parameter from Eq 4.2. Technically, reliance on prior
versus posterior evidence of each participant is modeled through parameter α. Intuitively,
the higher the α, the less susceptible the agent is to experience the illusion. Thus, Eq
(4.2) captures the variability of body ownership sensitivity, which also influences the
experienced proprioceptive drift.



116 CHAPTER 4. PRECISION NOT PREDICTION

4.2.3.3 Measuring the proprioceptive drift

During the RHI experiment, the agent’s state estimate of it’s hand position Sy may
be disrupted, due to the high noise amplitude in the visual data (zAv), leading to the
experience of a proprioceptive drift, where the perceived hand position Sy shifts from the
real hand position Ay, towards the rubber hand position Ry. The agent cannot report
the proprioceptive drift during the RHI because it is an illusion, and the agent does not
have access to the true signal Sy. The proprioceptive drift in this paper is computed by
taking the difference between the real position of the hand Sy and the agent’s estimated
hand position Sy as shown in Figure 4.1.

4.3 Results

Here, we show using simulations how the proposed precision-based model may explain
the mechanism and dynamics behind body ownership illusions and their relation to
multisensory integration and localization drifts. To this end, we simulated the RHI
paradigm, being one of the most paradigmatic body perceptual manipulations, where a
participant experiences the illusion that an isolated fake hand becomes an agent’s hand.
The parameters used to generate the results are described in Appendix 4.5.3. We describe
the following results:

1. We validate the proposed model in a simulated RHI experiment (Fig. 4.2), where
we show how posterior uncertainty minimization under the two competing models
of reality yields to a perceptual switch that produces the illusion of owning the fake
hand.

2. We analyse the precision adaptation mechanism of the proposed model, which is
underneath the perceptual switch (Fig. 4.3). The introduction of visual noise by
covering the hand is one of the factors producing the effect. The online adaptation
to the sensory noise through precision estimation appears as an essential property
to experience the illusion.

3. To further validate our model, we show that breaking the noise precision learning
– where the model does not adapt to the sensory noise – leads to a state where
switching the current model of reality to a different one is implausible, hence, no
illusion can occur (Fig. 4.4).
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(Fig. 4.6), where M1 produces noisy estimations but not drift, while when selecting
M2, the model produces the experimentally observed proprioceptive drift.

6. We validate the effect of the inter-hand distance on the proprioceptive drift dynamics,
given that the illusion is happening (Fig. 4.7).

7. Finally, using the modeling of artificial participants with individual differences,
we explore the effect of the participant’s susceptibility to experience the RHI (α)
and the inter-hand distance (Ry) on the generated proprioceptive drift (Fig. 4.8).
The results show a similarity between the profiles found in a recent experiment in
humans and macaques (Fang et al., 2019) and our model.

4.3.1 Body-ownership illusion: model selection based on the
uncertainty minimization

Figure 4.2 describes the proposed model behaviour, as described in algorithm (1), as a
function of uncertainty estimation when the variance of the sensory input increases (Fig.
4.2). First, the posterior uncertainty ((ΠX)−1)—when both hands are visible and being
stroked by the researcher (Figure (4.2, panel 1)—favors the non-illusory hypothesis (M1).
Once the hand becomes covered (Figure 4.2 panel 2), there is an immediate increase in M1

uncertainty, which is due to the increase of the noise estimate of the real hand (λ). After
a few moments, there is a switch between the two models regarding posterior uncertainty
(Figure 4.2 panel 3). This leads to the participant believing that they own the rubber
hand, as the M2 hypothesis now provides a lower uncertainty compared to M1. As this
is happening, we can see that in model M2, there is also an observable proprioceptive
drift driving away from Py=0 towards the location of Ry=0.8 (red line, bottom panel).
Therefore, this simulation shows the two main effects of body-ownership illusions and
the potential computational mechanisms responsible for body ownership (minimizing
uncertainty) and proprioceptive drift or mislocalization (state estimation as multisensory
integration).

4.3.2 Estimating noise through precision adaptation

We evaluated the reliability of our model when estimating the sensory noise. Figure (4.3)
shows that both proprioceptive (purple line) and visual (blue line) signals from the real
hand become noisy after the hand is covered at the 15th second. This is because covering
the real hand results in noisier visual and proprioceptive signals. The coloured lines in
Figure 4.3B follow the real noise levels (the dashed lines) in all signals, showing that
model is capable of correctly estimating the precision levels of all sensory signals from
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Figure 4.2: Body-ownership perceptual switch. The experiment sequence and its results
in our model: 1) Both hands are being simultaneously stroked; 2) The real hand is covered and
the strokes continue; 3) The participant starts experiencing the RHI. In the bottom graph, the
competition of the two models and their uncertainty during the experiment are shown. The
middle panel shows the estimated posterior state uncertainty ((ΠX)−1) of both models and the
bottom panel the perceived position of the hand (Sy) given the participant believes in model
M1 (blue) or in model M2 (red). After the hand is covered, there is a switch between these two
models, as M2 starts being more precise (lower uncertainty). This then leads to believing that
the rubber hand is the participant’s hand, thus leading to a proprioceptive drift depicted in the
bottom graph. Note that the blue line in this panel represents the real proprioceptive signal Sy,
whereas the red line represents the estimated Sy under the assumption of M2. In this simulation,
we used rubber hand position Ry = 0.8.

data.

4.3.3 Validating the model via breaking precision adaptation

We hypothesised that precision learning/adaptation is a necessary precondition for model
switching. In other words precision learning is crucial for the model switching, and if this
is broken (by providing priors that inhibit learning), the switch will not occur. To test
this, we disrupted the noise precision learning by biasing it with a high prior precision
on noise. We defined (Pλ = diag([e10, e−4, e−4, e−4])) for the signal Av. In Figure (4.4),



118 CHAPTER 4. PRECISION NOT PREDICTION

Figure 4.2: Body-ownership perceptual switch. The experiment sequence and its results
in our model: 1) Both hands are being simultaneously stroked; 2) The real hand is covered and
the strokes continue; 3) The participant starts experiencing the RHI. In the bottom graph, the
competition of the two models and their uncertainty during the experiment are shown. The
middle panel shows the estimated posterior state uncertainty ((ΠX)−1) of both models and the
bottom panel the perceived position of the hand (Sy) given the participant believes in model
M1 (blue) or in model M2 (red). After the hand is covered, there is a switch between these two
models, as M2 starts being more precise (lower uncertainty). This then leads to believing that
the rubber hand is the participant’s hand, thus leading to a proprioceptive drift depicted in the
bottom graph. Note that the blue line in this panel represents the real proprioceptive signal Sy,
whereas the red line represents the estimated Sy under the assumption of M2. In this simulation,
we used rubber hand position Ry = 0.8.

data.

4.3.3 Validating the model via breaking precision adaptation

We hypothesised that precision learning/adaptation is a necessary precondition for model
switching. In other words precision learning is crucial for the model switching, and if this
is broken (by providing priors that inhibit learning), the switch will not occur. To test
this, we disrupted the noise precision learning by biasing it with a high prior precision
on noise. We defined (Pλ = diag([e10, e−4, e−4, e−4])) for the signal Av. In Figure (4.4),

4.3. RESULTS 119

Figure 4.3: Precision adaptation (attention). (A) Visualization of visual signal from the
real hand Av signal in blue. It is highly noisy after the real hand is covered (at time = 15 seconds).
This represents the highly uncertain nature of the visual data for the hand position once it is
covered.(B) Noises estimate block from our model in Fig. 4.1, given the sensory measurements.
The colored plots track the true noise parameter λ (in dashed coloured lines), showing that our
model is capable of correctly estimating the precision levels of all sensory signals. In other words,
the uncertainty of the sensory signals is fully captured by our model in real time. Simulation
parameters can be found in Appendix 4.5.3.

the effects of this manipulation are shown. Figure (4.4A) shows the improperly learned
precision signals of the input Av due to the high prior on λ. Consequently, Figure (4.4B)
demonstrates that the posterior state uncertainty (ΠX)−1 of M1 remains consistently lower
than M2, regardless of hand coverage in our earlier findings in Figure (4.2). These results
provide face-validation for the necessity of precision learning/adaptation in achieving the
body-ownership illusion under our proposed model.

4.3.4 Dependence of the illusion on inter-hand distance

We further examined how the illusory perceptual switch depends on the distance between
the real and the rubber hand (|Sy −Ry|). Empirically, the RHI breaks down when the
fake hand is too far from the real one, as the brain struggles to integrate highly discrepant
multisensory information. Our model captures this effect naturally (Figure 4.5). Because
M1 has a lower uncertainty with an increased inter-hand distance, the illusory state cannot
emerge. Figure 4.5A shows that the non-illusory model M1 is always more certain about
the states for the time frames when the is not covered, independent of the distance Ry.
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Figure 4.4: Breaking precision adaptation leads to no illusion. (A) This figure is similar
to Figure 4.3B, except for the fact that the agent is now biased towards believing that the signal
Av is highly precise by using a higher prior precision (Pλ = diag([e10, e−4, e−4, e−4])) for the
signal Av), although it is as noisy as in Figure 4.3A. Note that λAv (in blue) stays high, around
10 instead of tracking the real λ (in black). (B) If an agent is (incorrectly) overconfident over the
visual signal Av, it will lead to a behaviour where the two competing models will not switch—the
red curve always stays above the blue one (compare with the switching in Figure 4.2). Simulation
parameters can be found in Appendix 4.5.3.

Figure 4.5B shows the model’s posterior state uncertainty for the time frame when the
hand is covered. When the rubber hand is too far from real hand (when |Ry| > 3), the
non-illusory model becomes more certain (blue curve below the red curve), implying that
the RHI will not happen when the inter-hand distance is too high. Notice that Figure
4.5A and B are completely symmetrical, highlighting that the model behaves in the same
manner with negative and positive values.

4.3.5 Proprioceptive drift in competing models

We have shown that our model can explain the RHI as a result of adaptation to the
precision of sensory stimuli. In this section, we will now show how our model explains
proprioceptive drift in more detail than in Figure 4.2, where it is mentioned only briefly
as an independent mechanism that happens alongside model selection. Here, we show
that proprioceptive drift occurs only in the illusory model M2 (Figure 4.6B) but not
in the non-illusory model M1 (Figure 4.6A). These plots represent a single trial of the
experiment described in Figure 4.2. In Figure 4.6, the red lines that represent the
estimated perception of the signal coincide with the blue lines that represent the real
values of the experimenter’s stimulation. Therefore, the agent correctly estimates the
location of the touch of the real hand (Ea) (Figure 4.6 first panel), of the fake hand
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Figure 4.5: Model switch is dependent on the inter-hand distance. The vertical axis of
panel A represents the mean posterior state uncertainty of all 4 signals (Ea,Er,Et,Sy) averaged
when hand is uncovered (from the 4th to the 11th second), while in panel B, the average when
hand is covered is from 20th second to the 30th second. These averages are then plotted for both
M1 and M2 for different inter-hand distances. The horizontal axis represents different positions
of the rubber hand (Ry = −5 : 0.2 : 5). Notice that the value of Ry = Ay = 0 was removed, as
it would mean that the fake hand is literally lying on the participant’s real hand. The colors
on the bottom indicate whether the model remains at M1 or switches to M2 under a given Ry.
Simulation parameters can be found in Appendix 4.5.3.

(Er) (Figure 4.6 second panel), and the tactile sensation (Et) (Figure 4.6 third panel).
However, as shown in Figure 4.6B, even during the first half of the experiment, when
both hands are visible, the M2 model produces a small deviation in the estimated hand
position Sy from its true value (Figure 4.6B in the bottom panel). Here, the red curve
deviates from the blue line towards the dashed horizontal line (Ry). This plot highlights
that the model is able to generate the proprioceptive drift.

The proprioceptive drift also occurs before the hand is covered, though participants
would not experience this drift since the non-illusory model M1 has a lower posterior
state uncertainty compared to M2 (see Figure 4.6A last panel for comparison, and Figure
4.2 for model selection). This demonstrates that the proprioceptive drift exists within
the mathematical structure of the M2 model even before it becomes the selected model.
Moreover, we show how the process of model selection is independent from the mechanism
of drift computation. Only when M2 becomes the selected model after hand occlusion
does this drift become part of the agent’s experienced hand position.
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Figure 4.6: Replicating the proprioceptive drift. (A) State estimates of all the variables
under the non-illusory model M1. (B) The same state estimates when the illusory model M2

has been chosen. Both figures show state estimates of all input data Ea, Er, Et, and Sy. Only
in the illusory model on the right, the proprioceptive drift (Sy) and the related touch (Et) are
observed. Also note the increase of noise in Ea in under both models when the hand is covered.
The distance between the rubber hand and real hand is 0.8 in this case. The distance dependence
on the proprioceptive drift is evaluated in Figure 4.8.

4.3.5.1 Dependence of proprioceptive drift on inter-hand distance

The dependence of the proprioceptive drift on the inter-hand distance has been observed
empirically in many experiments (Preston, 2013; Kalckert et al., 2019). Here, we also
validate our model with this logic. In Figure (4.7), we compare two illusory models
where the distance of the two (real and rubber) hands is increased. In Figure (4.7A), the
inter-hand distance is smaller (Ry = 0.3) compared to the one in Figure (4.7B, (Ry=1.2).
In the latter figure, the estimate in Er is incorrect, which leads to a smaller and shorter
proprioceptive drift (measured as the difference between the real and estimated values of
Ry, bottom panels) compared to Figure (4.7A).

Next to the inter-hand distance, we also we modulated the strength of both the
illusory and non-illusory models via the parameter α in the softmax function in Eq (4.2) –
see methods for more detail. By doing so, we assume that we modulate the subjective
susceptibility of the competing models. We vary these two parameters, the inter-hand
distance Ry and the susceptibility α, independently, to show that the proprioceptive
drift is increasing in amplitude when slowly increasing the distance between the two
hands. The speed of the amplitude increase becomes smaller with higher distance (Figure
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(4.8)). In this figure, a higher α value is associated with the agent being less susceptible
to the illusion and vice versa. We plot the maximum value of the proprioceptive drift
for simplification, which is represented on the vertical axis, while the distance between
the subject’s and the rubber hand is on the horizontal axis. In addition, we show that
modulating the subjective strength of the illusory model results in different strengths of
the proprioceptive drift, as shown in (Fang et al., 2019).

In the introduction, we touched upon the discussion of whether proprioreceptive drift
is a good indicator of the RHI. The results, from our perspective, also link the difference
between the selection of the illusory model and feeling the drift, and not selecting the
illusory model and still feeling the drift, ultimately supporting the case of two distinct
computations for proprioceptive drift and illusion per se. Here, we therefore argue that
these two are the result of separate but related computational mechanisms (Holmes et al.,
2004, 2006; Rohde et al., 2011, 2013) – state estimation and precision maximisation.

Figure 4.7: Inter-hand distance influence on the preceptual drift. The same template
as in Figure 4.6 was used. Here, however, both figures represent the state estimates under the
illusory model, where we varied the interhand distance. (A) Near (Ry = 0.3). Effect of M2 when
the inter-hand distance is small (Ry = 0.3). (B) Far (Ry = 1.2). Effect of M2 when inter-hand
distance is increased. This shows that with the increase of the distance between the hands, the
proprioceptive drift becomes stronger (or increases in amplitude).
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Figure 4.8: Dependence of the inter-hand distance and the participant’s susceptibility
to experience the illusions on the proprioceptive drift. Inspired by (Fang et al., 2019),
we show a similar trend from previous empirical findings where the modulation of the inter-hand
distance and different subjective experience to the illusion affects the proprioceptive drift. Every
line in the plot can be related to individual differences when transiting from M1 non-illusory to
M2 illusory models (i.e., susceptibility to experience the illusion). This is modulated through
the parameter α. Here, α = 10 and α = −10 are equal to models from equations (4.3) and (4.4),
respectively. We measured the proprioceptive drift as the average of Sy between the 17th and
the 30th second. Note that the dashed lines represent the distances for near and far conditions
from Figure (4.7).

4.4 Discussion

We have proposed a novel theoretical model that can explain body illusion dynamics and
evaluated it through a simulated RHI experiment. We built a general model that selects
between competing interpretations of body representations and switches between them
by maximizing the precision (minimizing the uncertainty) of the state estimation (Fig.
4.2). The model was face-validated on previous experimental results via replicating the
proprioceptive drift (Fig. 4.6), its dependence on the inter-hand distance (Fig. 4.7), and
the illusion dependency on the inter-hand distance (Fig. 4.5). We showed that the model
can reproduce the observed differences in proprioceptive drift among participants due
to the subjective susceptibility towards illusion—modulated by the α parameter (Figure
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4.8). Overall, our model provides i) useful insights into the process dynamics during the
RHI, going beyond previous static computational models, and ii) a unified mathematical
account that can distinguish between the ownership illusion and the perceptual drift.

In the following subsections, we discuss how this model’s predictions may contribute
to future research in body ownership: its neural underpinnings, its relation with other
recent body-ownership models, and how to empirically test the model with the challenges
and limitations of the current implementation.

4.4.1 Potential neural underpinnings of the model

The current work introduces the model and does not explicitly embed the computations
in a specific brain region. However, some neurobiological clues exist regarding where such
computations could be performed in the brain. Recent neuroimaging evidence points
to a network of regions involved in body ownership illusions, particularly the premotor
cortex and posterior parietal cortex (IPS) (Chancel et al., 2022; Gentile et al., 2013). The
posterior parietal cortex is especially relevant to our precision-based model, as it plays
a key role in multisensory integration and uncertainty processing. Recently, Chancel
et al. (2020) (Chancel and Ehrsson, 2020) directly applied a causal inference model to
fMRI data, identifying the posterior parietal cortex as crucial for resolving uncertainty
during body ownership decisions. Additionally, the premotor cortex shows consistent
activation during body ownership illusions (Ehrsson, 2020), suggesting its involvement in
maintaining coherent body representations under sensory uncertainty.

4.4.2 Alignment with other uncertainty-based models

There is a strong connection between our model and other models built on Bayesian Causal
Inference (Samad et al., 2015). However, there are important differences. For instance,
Chancel and colleagues (Chancel et al., 2022) defined a model where the implementation
of uncertainty relies on visual noise manipulation via augmented reality with three
discrete noise levels. However, our model treats uncertainty as a continuous variable
that dynamically adapts through precision estimation. This fundamental difference
in uncertainty handling reflects distinct theoretical approaches to the decision-making
process. In (Chancel et al., 2022), a fixed decision criterion is used for each noise level
to study how participants infer common cause probability, while our model employs
online precision adaptation, where the system actively learns about and adjusts to sensory
uncertainty. These models should be viewed as complementary rather than competing
accounts. Relevantly, (Chancel et al., 2022) provides rigorous psychophysical evidence
for the role of Bayesian inference in body ownership, demonstrating how increased visual
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noise facilitates ownership illusions. This aligns with our model’s predictions about the
relationship between sensory uncertainty and integration. However, our model extends
this by suggesting how the brain might continuously update its estimates of sensory
precision rather than simply responding to externally manipulated uncertainty levels.
Their careful experimental paradigm validates key principles that our more mechanistic
model assumes, particularly regarding how the brain weighs and integrates multisensory
information under varying levels of uncertainty.

The combination of Chancel et al’s experimental rigor (Chancel and Ehrsson, 2020;
Chancel et al., 2022) with our more mechanistic model of precision estimation suggests
promising directions for future research. Their findings about the relationship between
synchrony detection and ownership judgments could be extended to test conditions of
continuously varying uncertainty, as predicted by our model. Similarly, our model’s
predictions about dynamic precision estimation could be tested using modified versions
of their psychophysical paradigms. Together, these approaches could provide a more
complete understanding of how the brain determines and maintains body ownership
through precision-weighted integration of multisensory signals.

4.4.3 Testing our model and limitations

Our computational model of body ownership based on precision adaptation makes several
testable predictions that could be empirically validated. Here, we outline experimen-
tal approaches that could confirm or challenge key aspects of our model, including i)

predictions about dynamic proprioceptive drift, ii) the mechanisms of model selection
versus averaging, iii) the distinction between uncertain and absent signals, and iv) the
temporal dynamics of the illusion. These proposed experimental tests would help validate
our theoretical framework and potentially refine our understanding of the computational
mechanisms underlying body ownership illusions.

Dynamic proprioceptive drift prediction A key prediction from our precision-
based model concerns the temporal dynamics of body ownership illusions. Unlike static
models that focus only on end states, our approach captures moment-to-moment changes
in the proprioceptive drift (PD). Our model thus predicts that the PD should dynamically
vary with each brush stroke during the RHI induction rather than being a static effect
measured only after the illusion. While current experimental paradigms typically measure
PD only before and after the induction period, this prediction suggests the need for
continuous measurement techniques to capture potential stroke-by-stroke variations in
perceived hand position. Such dynamic measurements could provide crucial validation of
our model and offer new insights into the temporal dynamics of body ownership illusions.
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There are already several methodologies that can be directly implemented in the model
(Riemer et al., 2015; Kharrat et al., 2022), awaiting further tests of the precision-based
theory developed here.

Model selection versus model averaging Although we used model selection as
the mechanism behind for reporting body ownership, we also offered a way to perform
model averaging through the weighted combination to capture individual differences and
the illusion sensitivity. While model averaging is the most widely accepted computational
account to combine different uncertain models in the brain, we took inspiration from
the affordance competition hypothesis (ACH) that states that there are at least two
competing neural correlates for distinct actions in the parieto-dorsal stream (Cisek and
Kalaska, 2005; Cisek, 2007; Sakreida et al., 2016). Once a decision is made, only one such
neural activation of hand position can remain. This leads to the final action, referred to
as the winner-take-all algorithm. The ACH slightly resembles our modeling effort, but
there are differences. Our approach does not consider a ‘simple’ hand movement but
rather a more complicated model that combines body ownership via an intricate network
of multisensory integration. Thus, different models of body ownership compete rather
than actions that are generated from these models. Ultimately, though, we can consider a
similar switch in neuronal activity of brain regions as characterized by the ACH showing
similar neuronal patterns.

Uncertain signals versus no signals One of the assumptions of our body-
ownership illusion model states that although the real hand is “invisible", it still produces
a signal that is highly noisy – from the agent’s perspective – rather than not producing a
signal at all. This plays a role in the switch between the two models and can be used to
study different levels of perceptual manipulation where, instead of fully hiding the hand,
the degree of visibility is manipulated (similarly to (Chancel et al., 2022)). We emphasized
that the primary driving mechanism stems from the adaptation to the changing precision
of the sensory input signal that triggers the switch between hypotheses or models of
reality. Assuming high noise of an invisible hand rather than no signal is an alternative
way of modeling input signals, which is, however backed up by logical arguments regarding
the free energy principle called the dark room problem (Friston et al., 2012). Simply, if
the goal of an agent is to resolve all uncertainty, how come all agents do not live in a
dark room, where everything is completely expectable? The resolution is that darkness is
completely uncertain.
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Time scales, proprioceptive drift and onset illusion In our simulations
(Figures 4.6 and 4.8) the proprioceptive drift appears to follow the touch of the stimulation
and dissipates when the strokes no longer occur. This, in empirical settings, would result
in a participant perceiving the proprioceptive drift only during an episode of touch. A
more stable belief of the proprioceptive drift can be obtained using temporal integration,
operating over multiple timescales, such as implementing a slow-updating belief state
that retains information over 10-30 seconds rather than the rapid updates (sub-second)
currently implemented in our model, for instance, involving exponentially weighted
averaging of the proprioceptive position estimate across multiple touch episodes, similar
to integrating over the signal across a longer period (as in (Hinz et al., 2018)).

Another issue related to time scales within the simulation is that our model predicts
an unrealistically rapid onset of the ownership illusion and proprioceptive drift. While
empirical studies show the rubber hand illusion typically requires 10-30 seconds to develop
(Chancel and Ehrsson, 2020; Ehrsson et al., 2004; Kalckert and Ehrsson, 2017), our model
shows effects within 2-3 seconds of hand occlusion. This discrepancy likely stems from
our simplified implementation of precision adaptation dynamics. In reality, the brain
may require longer periods of sustained multisensory evidence to adjust precision weights
and switch between competing models of body ownership. Incorporating slower learning
rates or additional constraints on precision adaptation will better match the empirically
observed temporal dynamics. Additionally, rather than implementing a binary switch
between hypotheses, a more gradual accumulation of evidence through probabilistic model
averaging might better capture the progressive emergence of the illusion reported in
experimental studies.

Temporal synchronicity While we model synchronicity generation of the signals
within the participant’s sensitivity (Lanfranco et al., 2023) to the body illusion through
the α parameter, one of the main limitations of our model is that the simulation does
not account for deviations in the visuo-tactile temporal synchronization of the strokes,
a well-studied aspect of the RHI. Thus, explicit temporal synchronisation of the signals
should be incorporated to allow fair comparison with human data experiments.

4.4.4 Future work

In summary, future research should focus on the experimental validation of the model to
assess the dynamics of switching between competing models depending on the posterior
uncertainty (precision), as proposed in our study. In this context, researchers could create
scenarios where multiple states of body ownership are simultaneously induced, allowing
only one to predominate. The introduction of different temporal scales and explicit
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temporal synchronicity could refine the model to align with recent human experimental
data, allowing for more direct empirical testing. Furthermore, the generalisation of the
proposed model for any competing hypotheses would enable the study of probabilistic
transition dynamics between different competing perceptions of reality. These modifica-
tions could potentially explain phenomena such as double-limb and supernumerary limb
illusions (Guterstam et al., 2013; Fan et al., 2021), providing valuable insights into the
mechanisms of body ownership.
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coming from the subject own hand or from the fake hand. However, this account presents
body ownership as a static probability computation, where no explanation is given on
the inner functional mechanism producing the dynamics of the perceptual drifts nor the
illusion (Finotti et al., 2023). Bayesian causal inference was revisited in (Chancel et al.,
2022), focusing on the impact of the input noise to the emergence of the RHI.

Another line of research inspired by the predictive processing approach to perception
(Rao and Ballard, 1999; Hohwy, 2013; Clark, 2015), yielded in a set of computational
models of body illusions that follow the prediction error minimization as the inner
mechanism. (Hinz et al., 2018) aimed to investigate how the distance between the
rubber and real hands modulates the proprioceptive drift. The work compared the data
obtained from a human RHI experiment and a humanoid RHI experiment. It used the
learnt generative model of the sensory signals (proprioceptive, visual and visuotactile)
to dynamically estimate the location of the real hand. Mathematically, the model used
approximated Bayesian inference (i.e., free energy minimization) to infer the body pose
given the input signals. Whilst, this work supports the separation of body-ownership
illusion and proprioceptive drift, as these seem to be split into two interconnected processes,
as suggested by (Abdulkarim and Ehrsson, 2016; Abdulkarim et al., 2021), it only provided
the computation for replicating the proprioceptive drift and not the body-ownership. In
a follow-up model (Lanillos et al., 2021; Maselli et al., 2022), the focus shifted from the
passive perceptual process to the active component of the illusion. The model and human
evidence suggests that participants actively move their body position (or generate forces)
to minimize the discrepancy between proprioceptive signals coming from the real hand,
and visual signals coming from the rubber hand. As an aside result, the model explained
that perceptual drifts are not necessarily linked to tactile stimulation, but is achievable
with visual and proprioceptive signals in VR (Maselli and Slater, 2013).

The models described above assumed that the location of the hand is already processed.
The work by (Rood et al., 2020) introduced deep neural networks to allow the body
illusion model to use large-scale visual inputs. The architecture implemented the deep
active inference framework for continuous time variables (Sancaktar et al., 2020). This
model was able to account for the perceptual and active drifts dynamics during the illusion
using synthetic images generated from VR. Furthermore, it introduced the synchronicity
of the input signals as a variable. However, this model did not contribute to the biological
underpinnings of body ownership. There are other connectivity based models, such
as (Zhao et al., 2023), where the neural network connections are inspired by brain
functional segregation.
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4.5.2 Precision parametrization

Precision learning follows the online learning of measurement noise precision (or the inverse
noise covariance matrix) Πz. Intuitively, this refers to the brain’s attentional mechanism
of gauging the right amount of noise in the environment so as to make inferences about
the world under high noise (uncertainties)—see (Reynolds et al., 2000; Reynolds and
Heeger, 2009). We postulate that an accurate attentional mechanism (online precision
learning) is critical to experiencing the RHI. We use the FEP for online precision learning.
This follows two steps: modeling and learning. The noise precision Πz is modeled through
an exponential parametrization with respect to parameter λ = [λ1 λ2 ... λm]T (where m

is the number of observations) as:

Πz =




eλ
1

0...

0 eλ
2

0...

0 0 eλ
3

...

... ... ...




m×m

. (4.10)

This parametrization was chosen to ensure that Πz always remains positive definite
(Πz ≻ O) throughout the estimation. Intuitively, this ensures the noise covariance to be a
positive real number.

4.5.3 Code and parameters used for simulations

The MATLAB code 3 for the simulation is available: https://github.com/ajitham123/

precision_RHI/. This section lists the parameters that were used in our simulations. The
generative process uses the model given in Eq (4.3). The same model is used as M1 with
Ay = 0 and Ry = 0.8, while the model in Eq (4.4) is used as M2. The α in Eq (4.2) is set to
10 for a low sensitivity to the illusion, and to -10 for a high sensitivity to the illusion. The
generative process is simulated for 32 seconds with a sampling time of 0.1s. The observation
noise for each signal is parametrized using λ =


λAv λRv λAt λPy

T
= [9, 7, 8, 10]

for hand visible, and λ = [−1, 7, 8, 4] for hand covered (see Figure (4.3) for the generated
data). The causes (hand strokes) X (plotted in blue in Figure (4.6)) comprises of i) four
Gaussian bumps centered around t = 4, 6, 8, 10 seconds for hand visible case and ii) five
Gaussian bumps centered around t = 20, 22, 24, 26, 28 seconds for hand covered case. The
magnitude of these bumps for Ea,Er,Et,Sy are 0.5, 1, 1, 0, respectively (when stroked).
The estimation starts with priors on noise parameters (in Eq (4.6)) as ηλ = [10, 10, 10, 10]

with prior precision Pλ = diag([e−4, e−4, e−4, e−4]) where diag(.) converts an array into
a diagonal matrix. All the numbers described here were arbitrarily selected to start the

3The code will be made public upon paper acceptance
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estimation from low noise levels with low confidence. For breaking the precision learning
in figure 4.4, a higher prior precision (Pλ = diag([e10, e−4, e−4, e−4])) for the signal Av

was used. The state estimation starts at t = 0 with a unit precision. All the learning
rates in Section 4.2.2.4 are set to k = 4 for a quick learning. All figures are generated
using these parameters as the basic reference for the simulation, unless another value is
mentioned for a few variables within the text.
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Abstract

Computational models of visual attention in artificial intelligence and robotics have
been inspired by the concept of a saliency map. These models account for the mutual
information between the (current) visual information and its estimated causes. However,
they fail to consider the circular causality between perception and action. In other words,
they do not consider where to sample next, given current beliefs. Here, we reclaim salience
as an active inference process that relies on two basic principles: uncertainty minimisation
and rhythmic scheduling. For this, we make a distinction between attention and salience.
Briefly, we associate attention with precision control, i.e., the confidence with which beliefs
can be updated given sampled sensory data, and salience with uncertainty minimisation
that underwrites the selection of future sensory data. Using this, we propose a new
account of attention based on rhythmic precision-modulation and discuss its potential
in robotics, providing numerical experiments that showcase its advantages for state and
noise estimation, system identification and action selection for informative path planning.

Keywords

Attention • Saliency • Free-energy principle • Active inference • Precision • Brain-inspired
robotics • Cognitive robotics

5.1 Introduction

Attention is a fundamental cognitive ability that determines which events from the
environment, and the body, are preferentially processed (Itti and Koch, 2001). For
example, the motor system directs the visual sensory stream by orienting the fovea
centralis (i.e., the retinal region of highest visual acuity) towards points of interest within
the visual scene. Thus, the confidence with which the causes of sampled visual information
are inferred is constrained by the physical structure of the eye – and eye movements are
necessary to minimise uncertainty about visual percepts (Ahnelt, 1998). In neuroscience,
this can be attributed to two distinct, but highly interdependent attentional processes:
(i) attentional gain mechanisms reliant on estimating the sensory precision of current
data (Feldman and Friston, 2010; Yang et al., 2016a), and (ii) attentional salience that
involves actively engaging with the sensorium to sample appropriate future data (Parr
and Friston, 2019; Lengyel et al., 2016). Here we refer to perceptual-related salience, i.e.,
processing of low-level visual information (Santangelo, 2015). Put simply, we formalise
the fundamental difference between attention — as optimising perceptual processing —
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and salience as optimising the sampling of what is processed. This highlights the dynamic,
circular nature with which biological agents acquire, and process, sensory information.

Understanding the computational mechanisms that undergird these two attentional
phenomena is pertinent for deploying apt models of (visual) perception in artificial
agents (Klink et al., 2014; Mousavi et al., 2016; Atrey et al., 2019) and robots (Frintrop
and Jensfelt, 2008; Begum and Karray, 2010; Ferreira and Dias, 2014; Lanillos et al.,
2015a). Previous computational models of visual attention, used in artificial intelligence
and robotics, have been inspired (and limited) by the feature integration theory proposed
by (Treisman and Gelade, 1980) and the concept of a saliency map (Tsotsos et al., 1995; Itti
and Koch, 2001; Borji and Itti, 2012). Briefly, a saliency map is a static two-dimensional
‘image’ that encodes stimulus relevance, e.g., the importance of particular region. These
maps are then used to isolate relevant information for control (e.g., to direct foveation
of the maximum valued region). Accordingly, computational models reliant on this
formulation do not consider the circular-dependence between action selection and cue
relevance – and simply use these static saliency maps to guide action.

In this article, we adopt a first principles account to disambiguate the computational
mechanisms that underpin attention and salience (Parr and Friston, 2019) and provide a
new account of attention. Specifically, our formulation can be effectively implemented for
robotic systems and facilitates both state-estimation and action selection. For this, we
associate attention with precision control, i.e., the confidence with which beliefs can be
updated given (current) sampled sensory data. Salience is associated with uncertainty
minimisation that influences the selection of future sensory data. This formulation speaks
to a computational distinction between action selection (i.e., where to look next) and
visual sampling (i.e., what information is being processed). Importantly, recent evidence
demonstrates the rhythmic nature of these processes via a theta-cycle coupling that
fluctuates between high and low precision—as unpacked in Sec 5.2. From a robotics
perspective, resolving uncertainty about states of affair speaks to a form of Bayesian
optimality, in which decisions are made to maximise expected information gain (Lindley,
1956; Friston et al., 2021; Sajid et al., 2021a). The duality between attention and salience
is important for resolving uncertainty and enabling active perception. Significantly, it ad-
dresses an important challenge for defining autonomous robotics systems that can balance
optimally between data assimilation (i.e., confidently perceiving current observations)
and exploratory behaviour to maximise information gain (Bajcsy et al., 2018).

In what follows, we review the neuroscience of attention and salience (Sec. 5.2) to
develop a novel (computational) account of attention based on precision-modulation
that underwrites perception and action (Sec. 5.3). Next, we face-validate our formu-
lation within a robotics context using numerical experiments (Sec. 5.4). The robotics
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implementation instantiates a free energy principle (FEP) approach to information pro-
cessing (Friston, 2010). This allows us to modulate the (appropriate) precision parameters
to solve relevant robotics challenges in perception and control; namely, state-estimation
(Sec. 5.4.2.2), system identification (Sec. 5.4.2.3), planning (Sec. 5.4.3), and active percep-
tion (Sec. 5.4.3.3). We conclude with a discussion of the requisite steps for instantiating a
full-fledged computational model of precision-modulated attention – and its implications
in a robotics setting.

5.2 Attention and salience in neuroscience

Our interactions with the world are guided by efficient gathering and processing of sensory
information. The quality of these acquired sensory data is reflected in attentional resources
that select sensations which influence our beliefs about the (current and future) states
of affairs (Lengyel et al., 2016; Yang et al., 2016b). This selection is often related to
gain control, i.e., an increase of neural spikes when an object is attended to. However,
gain control only accounts for half the story because we can only attend to those objects
that are within our visual field. Accordingly, if a salient object is outside the centre of
our visual field, we orient the fovea to points of interest. This involves two separate,
but often conflated, processes: attention and salience – where the former relates to
processing current visual data, and the latter to ensuring the agent samples salient data
in the future (Parr and Friston, 2019). That these two processes are strongly coupled is
exemplified by the pre-motor theory of attention (Rizzolatti et al., 1987), which highlights
the close relationship between overt saccadic sampling of the visual field and the covert
deployment of attention in the absence of eye movements. Specifically, it posits that
covert attention1 is realised via processes that are generated by particular eye movements
but inhibits the action itself. In this sense, it does not distinguish between covert and
overt2 types of attention.

From a first principles (Bayesian) account, it is necessary to separate between attention
and salience because they speak to different optimisation processes. Explicitly, attention as
a precision-dependent (neural) gain control mechanism that facilitates optimisation of the
current sampled sensory data (Feldman and Friston, 2010; Desimone, 1996). Conversely,
salience is associated with selection of future data that reduces uncertainty (Mirza et al.,
2016a; Friston et al., 2015a; Parr and Friston, 2019). Put simply, it is possible to optimise
attention in the absence of eye movements and active vision, whereas salience is necessary
to optimise the deployment of eye movements. In what follows, we formalise this distinction

1Covert attention is where saccadic eye movements do not occur.
2Overt attention deals with how an agent tracks the object with eye movements



144 CHAPTER 5. RECLAIMING SALIENCY

with a particular focus on visual attention (Kanwisher and Wojciulik, 2000), and discuss
recent findings that speak to a rhythmic coupling that underwrites periodic deployment
of gain control and saccades, via modulation of distinct precision parameters.

5.2.1 Attention as neural gain control

Neural gain control can be regarded as an amplifier of neural communication during
attention tasks (Eldar et al., 2013; Reynolds et al., 2000). Computationally, this is
analogous to modulating a precision term, or the inverse temperature parameter (Feldman
and Friston, 2010; Parr and Friston, 2017a). For this reason, we refer to precision and
gain control interchangeably. An increase in gain amplifies the postsynaptic responses of
neurons to their pre-synaptic input. Thus, gain control rests on synaptic modulation that
can emphasise — or preferentially select — a particular type of sensory data. From a
Bayesian perspective (Rao, 2005; Spratling, 2008; Parr et al., 2018), this speaks to the
confidence with which beliefs can be updated given sampled sensory data (i.e., optimal
state estimation) – under a generative model (Whiteley and Sahani, 2008; Parr et al.,
2018). For example, affording high precision to certain sensory inputs would lead to
confident Bayesian belief updating. However, low precision reduces the influence of
sensory input by attenuating the precision of the likelihood, relative to a prior belief,
and current observations would do little to resolve ensuing uncertainty. Thus, sampled
visual data (from different areas) can be predicted with varying levels of precision, where
attention accentuates sensory precision. The deployment of precision or attention is
influenced by competition between stimuli (i.e., which sensory data to sample) and prior
beliefs. Interestingly, casting attention as precision or, equivalently, synaptic gain offers a
coherency between biased competition (Desimone, 1996), predictive coding (Spratling,
2008) and generic active inference schemes (Feldman and Friston, 2010; Parr et al., 2018;
Brown et al., 2013; Kanai et al., 2015).

Naturally, gain control is accompanied by neuronal variability, i.e., sharpened neural
responses for the same task over time. Consistent with gain control, these fluctuations in
neural responses across trials can be explained by precision engineered message passing
(Clark, 2013) via (i) normalization models (Reynolds and Heeger, 2009; Ruff and Cohen,
2016), (ii) temperature parameter manipulation (Mirza et al., 2019; Parr et al., 2018; Parr
and Friston, 2017a; Parr et al., 2019; Feldman and Friston, 2010), or (iii) introduction of
(conjugate hyper-)priors that are either pre-specified (Sajid et al., 2021b, 2020) or optimised
using uninformed priors (Friston et al., 2003; Anil Meera and Wisse, 2021). Recently,
these approaches have been used to simulate attention by accentuating predictions about
a given visual stimulus (Reynolds and Heeger, 2009; Feldman and Friston, 2010; Ruff and
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Cohen, 2016). For example, normalization models propose that every neuronal response is
normalized within its neuronal ensemble (i.e., the surrounding neuronal responses) (Heeger,
1992; Louie and Glimcher, 2019). Thus, to amplify the neuronal response of particular
neuron, the neuronal pool has to be inhibited such that that particular neuron has a
sharper evoked response (Schmitz and Duncan, 2018). Importantly, these (superficially
distinct) formulations simulate similar functions using different procedures to accentuate
responses over a particular neuronal pool for a given neuron or a group of neurons. This
introduces shifts in precision to produce attentional gain and the precision of neuronal
encoding.

5.2.2 Salience as uncertainty minimisation

In the neurosciences, (visual) salience refers to the ‘significance’ of particular objects in
the environment. Salience often implicates the superior colliculus, a region that encodes
eye movements (White et al., 2017). This makes intuitive sense, as the superior colliculus
plays a role in generation of eye movements – being an integral part of the brainstem
oculomotor network (Raybourn and Keller, 1977) – and salient objects provide information
that is best resolved in the centre of the visual field, thus motivating eye movements to
that location. For this reason, our understanding of salience is a quintessentially action-
driving phenomenon (Parr and Friston, 2019). Mathematically, salience has been defined as
Bayesian surprise (Itti and Koch, 2001; Itti and Baldi, 2009), intrinsic motivation (Oudeyer
and Kaplan, 2009), and subsequently, epistemic value under active inference (Mirza et al.,
2016b; Parr et al., 2018). Active inference – a Bayesian account of perception and
action (Friston et al., 2017a; Da Costa et al., 2020) – stipulates that action selection is
determined by uncertainty minimisation. Formally, uncertainty minimisation speaks to
minimisation of an expected free energy functional over future trajectories (Da Costa
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involves seeking sensory data that have a predictable, uncertainty reducing, effect on
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current beliefs about states of affairs in the world (Parr et al., 2018; Mirza et al., 2016b).
Thus salience contends with beliefs about data that must be acquired and the precision of
beliefs about policies (i.e., action trajectories) that dictate it. Formally, this emerges from
the imperative to maximise the amount of information gained regarding beliefs, from
observing the environment. Happily, prior studies have made the connection between eye
movements, salience, and precision manipulation (Friston et al., 2011; Brown et al., 2013;
Crevecoeur and Kording, 2017). This connection emerges from planning strategies that
allow the agent to minimise uncertainty by garnering the right kind of data.

Next, we consider recent findings on how the coupling of these two mechanisms,
attention and salience, may be realised in the brain.

5.2.3 Rhythmic coupling of attention and salience

To illustrate the coupling between attention and salience, we turn to a recent rhythmic
theory of attention. The theory proposes that coupling of saccades, during sampling of
visual information, happens at neuronal and behavioural theta oscillations; a frequency of
3-8Hz (Fiebelkorn and Kastner, 2019, 2021). This frequency simultaneously allows for:
(i) a systematic integration of visual samples with action, and (ii) a temporal schedule to
disengage and search the environment for more relevant information.

Given that gain control is related to increased sensory precision, we can accordingly
relate saccadic eye movements to the decreased precision. This introduces saccadic
suppression, a phenomenon that decreases visual gain during eye movements (Crevecoeur
and Kording, 2017). This phenomenon was described by Helmholtz who observed that
externally initiated eye movements (e.g., when oneself gently presses a side of an eye) eludes
the saccadic suppression that accompanies normal eye movements – and we see the world
shift, because optic flow is not attenuated (Helmholtz, 1925). An interesting consequence
of this is that, as eye movements happen periodically (Rucci et al., 2018; Benedetto et al.,
2020), there must be a periodic switch between high and low sensory precision, with
high precision (or enhanced gain) during fixations and low precision (or suppressed gain)
during saccades. Interestingly, it has been shown that rather than having action resetting
the neural periodicity, it is better understood as something that aligns within an already
existing rhythm (Tomassini et al., 2017; Hogendoorn, 2016). Additionally, the rhythmicity
of higher and lower fidelity of sensory sampling has been shown to fluctuate rhythmically
around 3Hz (Benedetto and Morrone, 2017), suggesting that action emerges rhythmically
when visual precision is low (Hogendoorn, 2016), triggering salience.

Building upon this, we hypothesise that theta rhythms generated in the fronto-parietal
network (Fiebelkorn et al., 2018; Helfrich et al., 2018; Fiebelkorn and Kastner, 2020)
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couples saccades with saccadic suppression causing the switches between visual sampling
and saccadic shifting. This introduces a diachronic aspect to the belief updating pro-
cess (Friston et al., 2020; Parr and Pezzulo, 2021; Sajid et al., 2022); i.e., sequential
fluctuations between attending to current data (perception) and seeking new data (ac-
tion). This supports empirical findings that both eye movements (Sommer and Wurtz,
2006) and filtering irrelevant information (Nakajima et al., 2019; Phillips et al., 2016;
Fiebelkorn and Kastner, 2020) are initiated in this cortical network. Interestingly, both
eye movements and visual filtering then propagate to sub-cortical regions, i.e., the superior
colliculus—for saliency map composition (White et al., 2017)—and the thalamus—for
gain control (Kanai et al., 2015; Fiebelkorn et al., 2019), respectively. Furthermore, this is
consistent with recent findings that the periodicity of neural responses are important for
understanding the relation of motor responses and sensory information – i.e., perception-
action coupling (Benedetto et al., 2020). Importantly, theta rhythms also speak to the
speed (i.e., the temporal schedule) with which visual information is sampled from the
environment (Busch and VanRullen, 2010; Dugué et al., 2015, 2016; Helfrich et al., 2018).
Meaning visual information is not sampled continuously, as our visual experiences would
suggest, but rather it is made of successive discrete samples (VanRullen, 2016; Parr et al.,
2021).

The prefrontal theta rhythm has been associated with working memory (WM), a
process that holds compressed information about the previously observed stimuli, in
the sense that measured power in this frequency range using electroencephalography
increases during tasks that place demands on WM (Hsieh and Ranganath, 2014; Pomper
and Ansorge, 2021; Brzezicka et al., 2019; Balestrieri et al., 2021; Axmacher et al., 2010;
Peters et al., 2020; Köster et al., 2018). The implication is that the neural processes
that underwrite WM may depend upon temporal cycles with periods similar to that of
perceptual sampling. Importantly, this cognitive process is influenced by how salient a
particular stimulus was (Santangelo and Macaluso, 2013; Santangelo et al., 2015; Fine
and Minnery, 2009). Moreover, WM has been implicated with attentional mechanisms
(Gazzaley and Nobre, 2012; Knudsen, 2007; Oberauer, 2019; Panichello and Buschman,
2021; Peters et al., 2020). This is aligned with our account where we illustrate a rhythmic
coupling between salience and attention.

In summary, the computations that underwrite attention and active vision are coupled
and exhibit circular causality. Briefly, selective attention and sensory attenuation optimize
the processing of sensory samples and which particular visual percepts are inferred. In
turn, this determines appropriateness of future eye movements (or actions) and shapes
which prior stimuli are encoded into the agent’s working memory. Interestingly, the close
functional (and computational) link between the two mechanisms endorses the pre-motor
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Figure 5.1: A graphical illustration of the precision-modulated account of perception and action.
Salience and attention are computed based upon beliefs (assumed to be) encoded in parts of
the fronto-parietal network and realised in distinct brain regions: superior colliculus (SC) for
perception as inference and thalamus for planning as inference, respectively. To deploy attentional
processes efficiently, these two mechanisms have to be aligned, which is done rhythmically,
hypothetically in theta frequency. This coupling enables the saccadic suppression phenomenon
through fluctuations in precision (on an arbitrary scale). When precision is low (i.e., the trough
of the theta rhythm), the saccade emerges. Note that there might be distinct processes inhibiting
the action (e.g., covert attention), and (despite a decline in precision) saccades might not emerge
in every theta cycle. On the other hand, high precision facilitates confident inferences about the
causes of visual data. Under this account, thalamus is used for initiating gain control (or visual
sampling in general) by providing stronger sensory input, while superior colliculus dictates next
saccades, that lead to most informative fixation positions.

theory of attention.

5.3 Proposed precision-modulated account of at-

tention and salience

Here, we introduce our precision-modulated account of perception and action. A graphical
illustration is provided in Figure 5.1. For this, we turn to attention and salient action
selection which have their roots in biological processes relevant for acquiring task-relevant
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information. Under an active inference account, this attention influences (posterior)
state estimation and can be associated with increased precision of belief updating and
gain control—described in Sec. 5.2.1. Furthermore, this is distinct from salience despite
interdependent neuronal composition and computations.

Further alignment between the two constructs can be revealed by considering the
temporal scheduling between movement (i.e., action) and perception for uncertainty
resolution (Parr and Friston, 2019). We postulate that this perception-action coupling is
best understood as a periodic fluctuation between minimising uncertainty and precision
control. Subsequently, action is deployed to reduce uncertainty. Such an alignment
specifies what stimulus is selected and under what level of precision it is processed. . Parr
and Friston (2019) hypothesise that action alignment with precision is due to the eye
structure that provides precise information in the fovea and requires the agent to foveate
the most informative stimulus. We extend this by considering the periodic deployment of
gain control with saccades (Hogendoorn, 2016; Fiebelkorn and Kastner, 2019; Nakayama
and Motoyoshi, 2019; Tomassini et al., 2017; Benedetto and Morrone, 2017).

Accordingly, our formulation defines attention as precision control and salience as
uncertainty minimisation supported by discrete sampling of visual information at a theta
rhythm. This synchronises perception and action together in an oscillatory fashion (Hogen-
doorn, 2016). Importantly, a Bayesian formulation of this can be realised as precision
manipulation over particular model parameters. We reserve further details for Sec. 5.4.
Summary Based upon our review, we propose a precision-modulated account of attention
and salience, emphasising the diachronic realisation of action and perception. In the
following sections, we investigate a realisation of this model for a robotic system.

5.4 Precision-based attention for Robotics

The previous section introduced a conceptual account to explain the computational
mechanisms that undergird attention based on neuroscience findings. We focused on
reclaiming saliency as an active process that relies on neural gain control, uncertainty
minimisation and structured scheduling. Here, we describe how we can mathematically
realise some of these mechanisms in the context of well-known challenges in robotics.
Enabling robots with this type of attention may be crucial to filter the sensory signals and
internal variables that are relevant to estimate the robot/world state and complete any
task. More importantly, the active component of salience (i.e., behaviour) is essential to
interact with the world—as argued in active perception approaches (Bajcsy et al., 2018).

We revisit the standard view of attention in robotics by introducing sensory preci-
sion (inverse variance) as the driving mechanism for modulating both perception and
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action (Clark, 2013; Friston et al., 2011). Although saliency was originally described
to underwrite behaviour, most models used in robotics, strongly biased by computer
vision approaches, focus on computing the most relevant region of an image (Borji and
Itti, 2012)—mainly computing human fixation maps—relegating action to a secondary
process. Illustratively, state-of-the-art deep learning saliency models—as shown in the
MIT saliency benchmark (Bylinskii et al., 2019)—do not have the action as an output.
Conversely, the active perception approach properly defines the action as an essential
process of active sensing to gather the relevant information. Our proposed model, based
on precision modulated action and perception coupling (i) place attention as essential
for state-estimation and system identification and (ii) and reclaims saliency as a driver
for information-seeking behaviour, as proposed in early works (Tsotsos et al., 1995), but
goes beyond human fixation maps for both improving the model of the environment
(exploration) and solving the task (exploitation).

Table 5.1: Robotics applications and their precision realisations.

Task Application Precision manipulation Section

Perception State & input estimation Noise precision modelling Π̃ 5.4.2.2
System Identification Posterior parameter precision learning Πθ 5.4.2.3
Exploration-exploitation in learning Prior parameter precision modelling P θ 5.4.2.4
Noise estimation Noise precision learning Π̃ 5.4.2.5

Action Informative Path Planning (IPP) Precision optimisation (of map) 5.4.3.2

Active perception IPP with action-perception cycle Precision modulation 5.4.3.3

In what follows, we highlight the key role of precision by reviewing relevant brain-
inspired attention models deployed in robotics (Sec. 5.4.1). We propose precision-
modulated attentional mechanisms for robots in three contexts - perception (Sec. 5.4.2),
action (Sec. 5.4.3) and active perception (Sec. 5.4.3.3). The precision-modulated per-
ception is formalised for a robotics setting; via (i) state estimation (i.e., estimating the
hidden states of a dynamic system from sensory signals – Sec. 5.4.2.2), and (ii) system
identification (i.e., estimating the parameters of the dynamic system from sensory signals
– Sec. 5.4.2.3). Next, we show that precision-modulated action can be realised through
precision optimisation (planning future actions – Sec. 5.4.3.2) and discuss practical con-
siderations for coupling with precision-modulated perception (precision based active
perception - Sec. 5.4.3.3). Table 5.1 summarises our proposed precision manipulations to
solve relevant problems in robot perception and action. Table 5.2 provides the definitions
of precision within our mechanism.
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Table 5.2: Precision parameters that are manipulated in Sec.5.4.2

Term Symbol Definition

Sensory precision Πz Inverse covariance of sensory noise z (Eqn. 5.1).
Prior parameter precision P θ The robot’s confidence on its prior parameters ηθ.
Noise precision Π̃ The inverse covariance of all noises (Eqn. 5.5).
Posterior parameter precision Πθ The robot’s confidence on its parameter estimates.

5.4.1 Previous brain-inspired attention models in robotics

Brain-inspired attention has been mainly addressed in robotics from a ‘passive’ visual
saliency perspective, e.g., which pixels of the image are the most relevant. This saliency
map is then generally used to foveate the most salient region. This approach was strongly
influenced by early computational models of visual attention (Tsotsos et al., 1995; Itti
and Koch, 2001). The first models deployed in robots were bottom-up, where the sensory
input was transformed into an array of values that represents the importance (or salience)
of each cue. Thus, the robot was able to identify which region of the scene has to look
at, independently of the task performed—see Borji and Itti (2012) for a review on visual
saliency. These models have also been useful for acquiring meaningful visual features in
applications, such as object recognition (Orabona et al., 2005; Frintrop, 2006), localisation,
mapping and navigation (Frintrop and Jensfelt, 2008; Kim and Eustice, 2013; Roberts
et al., 2012). Saliency computation was usually employed as a helper for the selection
of the relevant characteristics of the environment to be encoded. Thus, reducing the
information needed to process.

More refined methods of visual attention employed top-down modulation, where the
context, task or goal bias the relevance of the visual input. These methods were used,
for instance, to identify humans using motion patterns (Butko et al., 2008; Morén et al.,
2008). A few works also focused on object/target search applications, where top-down
and bottom-up saliency attention were used to find objects or people in a search and
rescue scenario (Rasouli et al., 2020).

Attention has also been considered in human-robot interaction and social robotics
applications (Ferreira and Dias, 2014), mainly for scene or task understanding (Ude et al.,
2005; Kragic et al., 2005; Lanillos et al., 2016), and gaze estimation (Shon et al., 2005) and
generation (Lanillos et al., 2015a). For instance, computing where the human is looking
at and where the robot should look at or which object should be grasped. Furthermore,
multi-sensory and 3D saliency computation has also been investigated (Lanillos et al.,
2015b). Finally, more complex attention behaviours, particularly designed for social
robotics and based on human non-verbal communication, such as joint attention, have
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also been addressed. Here the robot and the human share the attention of one object
through meaningful saccades, i.e., head/eye movements (Kaplan and Hafner, 2006; Nagai
et al., 2003; Lanillos et al., 2015a).

Although attention mechanisms have been widely investigated in robotics, specially
to model visual cognition (Begum and Karray, 2010; Kragic et al., 2005), the majority of
the works have treated attention as an extra feature that can help the visual processing,
instead of a crucial component needed for the proper functioning of the cognitive abilities
of the robot (Lanillos and Cheng, 2018a). Furthermore, these methods had the tendency
to leave the action generation out of the attention process. One of the reasons for not
including saliency computation, in robotic systems, is that the majority of the models
only output ‘human-fixation map’ predictions, given a static image. Saliency computation
introduces extra computational complexity, which can be finessed by visual segmentation
algorithms (e.g., line detectors in autonomous navigation). However, it does not resolve
uncertainty nor select actions that maximise information gain in the future. In essence,
the incomplete view of attention models that output human-fixation maps has arguably
obscured the huge potential of neuroscience-inspired attentional mechanisms for robotics.

Our proposed model of attention, based on precision modulation, abandons the current
robotics narrow view of attention and saliency by explicitly modelling attention within
state estimation, learning and control. Thus, placing attentional processes at the core of
the robot computation and not as an extra add-on. In the following sections, we describe
the realisation of our precision-based attention formulation in robotics using common
practical applications as the backbone motif.

5.4.2 Precision-modulated perception

We formalise precision-modulated perception from a first principles Bayesian perspective –
explicitly the free energy principle approach proposed by Friston et al. (2011). Practically,
this entails optimising precision parameters over (particular) model parameters.

Through numerical examples show how our model is able to perform accurate state
estimation (Bos et al., 2021) and stable parameter learning (Meera and Wisse, 2021a,b).
To illustrate the approach, we first introduce a dynamic system modelled as a linear state
space system in robotics (Sec. 5.4.2.1)—we used this formulation in all our numerical
experiments. We briefly review the formal terminologies for a robotics context to appro-
priately situate our precision-based mechanism for perception. Explicitly, we introduce:
precision modelling (by adapting a known form of the precision matrix), precision learning
(by learning the full precision matrix), and precision optimisation (use precision as an
objective function during learning). As a reminder, precision modelling is associated with
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(instantaneous) gain control and precision learning (at slower time scales) is associated
with optimising that control.

5.4.2.1 Precision for state space models

A linear dynamic system can be modelled using the following state space equations
(boldface notation denotes components of the real system and non-boldface notation its
estimates):

ẋ = Ax + Bu + w, y = Cx + z. (5.1)

where A, B and C are constant matrices defining the system parameters, x ∈ Rn is the
system state (usually an unobserved variable), u ∈ Rr is the input or control actions,
y ∈ Rm is the output or the sensory measurements, w ∈ Rn is the process noise with
precision Πw (or inverse variance Σw−1), and z ∈ Rm is the measurement noise with
precision Πz.

For instance, we can describe a mass-spring damper system (depicted in Fig. 5.2b)
using state space equations. A mass (m = 1.4kg) is attached to a spring with elasticity
constant (k = 0.8N/m), and a damper with a damping coefficient (b = 0.4Ns/m). When
a force (u(t) = e−0.25(t−12)2) is applied on the mass, it displaces x from its equilibrium
point. The linear dynamics of this system is given by:
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Note that Eq. (5.2) is equivalent to Eq. (5.1) with parameters A =
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Now we introduce attention as precision modulation assuming that the robotic goal is
to minimise the prediction error (Friston et al., 2011; Lanillos and Cheng, 2018b; Meera
and Wisse, 2020), i.e., to refine its model of the environment and perform accurate state
estimation, given the information available. In other words, the robot has to estimate
x and u from input prior ηu with a prior precision of Pu, given the measurements y,
parameters A, B, C and noise precision Πw and Πz. Formally, the prediction error ϵ̃ of
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the sensory measurements ϵ̃y, control input reference ϵ̃u and state ϵ̃x are:
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Note that ϵ̃y = ỹ − C̃x̃ is the difference between the observed measurement and the
predicted sensory input given the state3. Here Dx performs the (block) derivative
operation, which is equivalent to shifting up all the components in generalised coordinates
by one block.

We can estimate the state and input using the Dynamic Expectation Maximisation
(DEM) algorithm (Friston et al., 2008; Meera and Wisse, 2020) that optimises a free
energy variational bound F to be tractable4. This is:

X =


x̃

ũ


= argmax

X
F = argmax

X
−1

2
ϵ̃T Π̃ϵ̃ (5.4)

Crucially, Π̃ is the generalised noise precision that modulates the contribution of each
prediction error to the estimation of the state and the computation of the action. Thus,
Π̃ is equivalent to attentional gain. For instance, we can model the precision matrix to
attend to the most informative signal derivatives in ỹ. Concisely, the precision Π̃ has the
following form:

Π̃ =



S ⊗Πz 0 0

0 S ⊗ Pu 0

0 0 S ⊗Πw


 , (5.5)

where S is the smoothness matrix. In Sec. 5.4.2.2, we show that modelling the precision
matrix Π̃ using the S matrix improves the estimation quality.

The full free energy functional (time integral of free energy F̄ =

Fdt at optimal

precision) that the robot optimises to perform state-estimation and system identification

3The tilde over the variable refers to the generalised coordinates, i.e., the variable includes all
temporal derivatives. Thus, ϵ̃ is the combined prediction error of outputs, inputs and states. For
example, the generalised output ỹ is given by ỹ = [y, y′, y′′...]T , where the prime operator denotes
the derivatives. We use generalised coordinates (Friston et al., 2010) for achieving accurate state
and input estimation during the presence of (coloured) noise by modelling the time dependent
quantities (x, v, y, w, z) in generalised coordinates. This involves keeping track of the evolution
of the trajectory of the probability distributions of states, instead of just their point estimates.
Here the coloured noise w and z are modelled as a white noise convoluted with a Gaussian kernel.
The use of generalised coordinates has recently shown to outperform classical approaches under
coloured noise on real quadrotor flight (Bos et al., 2021)

4Note that this expression of the variational free energy is using the Laplace and mean-field
approximations commonly used in the FEP literature
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is described in Eq. (5.6)—for readability we omitted the details of the derivation of this
cost function, and we refer to (Anil Meera and Wisse, 2021) for further details.

F̄ =− 1

2

∑
t

[
ϵ̃yT Π̃z ϵ̃y + ϵ̃uTP ũϵ̃u + ϵ̃xT Π̃w ϵ̃x︸ ︷︷ ︸

precision weighed prediction error

]

− 1

2

[
ϵθTP θϵθ + ϵλTPλϵλ︸ ︷︷ ︸

prior precision weighed prediction error of θ and λ

]

+
1

2
nt ln |ΣX |

︸ ︷︷ ︸
state and input entropy

+
1

2
nt [ ln |Π̃z|+ ln |P ṽ|+ ln |Π̃w|

]
︸ ︷︷ ︸

noise entropy

+
1

2
ln |ΣθP θ|

︸ ︷︷ ︸
parameter entropy

+
1

2
ln |ΣλPλ|

︸ ︷︷ ︸
hyperparameter entropy

(5.6)

Here ϵθ = θ − ηθ, ϵλ = λ − ηλ are the prediction errors of parameters and hyper-
parameters5. F̄ consist of two main components: i) precision weighed prediction errors
and ii) precision-based entropy. The dominant role of precision — in the free energy
objective -– is reflected in how modulating these precision parameters can have a profound
influence perception and behaviour. The theoretical guarantees for stable estimation
(Meera and Wisse, 2021b), and its application on real robots (Lanillos et al., 2021) make
this formulation very appealing to robotic systems.

Note that we can manipulate three kinds of precision within the state space formulation:
i) prior precision (P ũ, P θ, Pλ), ii) conditional precision on estimates (ΠX ,Πθ,Πλ) and iii)
noise precision (Πz,Πw). Therefore, to learn the correct parameter values θ, we i) learn
the parameter precision Πθ, ii) model the prior parameter precision P θ, and iii) learn the
noise precision Πw and Πz (parameterised using λ).

5.4.2.2 State and input estimation

State estimation is the process of estimating the unobserved states of a real system from
(noisy) measurements. Here, we show how we can achieve accurate estimation through
precision modulation in a linear time invariant system under the influence of coloured
noise (Meera and Wisse, 2020). State estimation in the presence of coloured noise is
inherently challenging, owing to the non-white nature of the noise, which is often ignored

5System identification involves the estimation of system parameters (denoted by θ, e.g.,
vectorised A), given y,u, by starting from a parameter prior of ηθ with prior precision P θ, and
a prior on noise hyper-parameter ηλ with a prior precision of Pλ. Note that we parametrise
noise precision (Πw and Πz) using λ ∈ R2×1 =

[
λz

λw

]
as an exponential relation (e.g., Πw(λw) =

exp(λw)In×n).
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in conventional approaches, such as the Kalman Filter (Welch et al., 1995).
Figure 5.2 summarises a numerical example that shows how one can use precision

modulation to focus on the less noisy derivatives (lower derivatives) of measurements,
relative to imprecise higher derivatives. Thus, enabling the robot to use the most
informative data for state and input estimation, while discarding imprecise input. Figure
5.2b depicts the mass-spring damper system used. The numerical results show that the
quality of the estimation increases as the embedding ordering increases but the lack of
information in the higher order derivatives of the sensory input do not affect the final
performance due to the precision modulation. The higher order derivatives (Fig. 5.2a)
are less precise than the lower derivatives, thereby reflecting the loss of information in
higher derivatives. The state and input estimation was performed using the optimisation
framework described in the previous section. The quality of estimation is shown in Fig.
5.2c, where the input estimation using six derivatives (blue curve) is closer to the real
input (yellow curve) than when compared to the estimation using only one derivative
(red curve). The quality of the estimation reports the sum of squared error (SSE) in the
estimation of states and inputs with respect to the embedding order (number of signal
derivatives considered).

Figure 5.2: An illustration of an attention mechanism in state and input estimation. The
quality of the estimation improves as the embedding order (number of derivatives) of generalised
coordinates are increased. However, the imprecise information in the higher order derivatives of
the sensory input y does not affect the final performance of the observer because of attentional
selection, which selectively weighs the importance afforded to each derivative, in the free energy
optimisation scheme.

To obtain accurate state estimation by optimising the precision parameters, we recall
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that the precision weights the prediction errors. From Eq. (5.3), the structural form of Π̃
is mainly dictated by the smoothness matrix S, which establishes the interdependence
between the components of the variable expressed in generalised coordinates (e.g., the
dependence between y, y′ and y′′ in ỹ). For instance, the S matrix for a Gaussian kernel
is as follows (Meera and Wisse, 2022):

S =


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


, (5.7)

where s is the kernel width of the Gaussian filter that is assumed to be responsible
for serial correlations in measurement or state noise. Here, the order of generalised
coordinates (number of derivatives under consideration) is taken as six (S ∈ R7×7). For
practical robotics applications, the measurement frequency is high, resulting in 0 < s < 1.
It can be observed that the diagonal elements of S decreases because s < 1, resulting
in a higher attention (or weighting) on the prediction errors from the lower derivatives
when compared to the higher derivatives. The higher the noise colour (i.e., s increases),
the higher the weight given to the higher state derivatives (last diagonal elements of S
increases). This reflects the fact that smooth fluctuations have more information content
in their higher derivatives. Having established the potential importance of precision
weighting in state estimation, we now turn to the estimation (i.e., learning) of precision
in any given context.

5.4.2.3 System identification

This section shows how to optimise system identification by means of precision learn-
ing (Anil Meera and Wisse, 2021; Meera and Wisse, 2021b). Specifically, we show how
to fuse prior knowledge about the dynamic model with the data to recover unknown
parameters of the system through an attention mechanism. This involves the learning
of the 1) parameters and 2) noise precisions. Our model ‘turns’ the attention to the
least precise parameters and uses the data to update those parameters to increase their
precision. Hence, allowing faster parameter learning.

For the sake of clarity, we use again the mass-spring-damper system as the driving
example (Sec. 5.4.2.1). We formalise system identification as evaluating the unknown
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parameters k, m and b, given the input u, the output y, and the general form of the
linear system in Eq. (5.2).

Figure 5.3: The schematic of the robot’s attention mechanism for learning the least precise
parameters of a given generative model of a mass-spring-damper system.

Figure 5.3 depicts the process of learning unknown parameters (dotted boxes denote
the processes inside the robot brain). The robot measures its position x(t) using its sensors
(e.g., vision or range sensor). We assume that the robot has observed the behaviour
of a mass-spring-damper system before or a model is provided by the expert designer.
However, some of the parameters are unknown. The robot can reuse the prior learned
model of the system to relearn the new system. This can be realised by setting a high prior
precision on the known parameters and a low prior precision on the unknown parameters.
By means of precision learning, the robot uses the sensory signals to learn the parameter
precision Πθ, thereby improving the confidence in the parameter estimates θ. This directs
the robot’s attention towards the refinement of the parameters with least precision as
they are the most uncertain. The requisite parameter learning proceeds by the gradient
ascent of the free energy functional given in Eq. (5.6). The parameter precision learning
proceeds by tracking the negative curvature of F̄ as Πθ = − ∂2F̄

∂θ2
(Anil Meera and Wisse,

2021).
The learning process – by means of variational free energy optimisation (maximisation)

– is shown in Fig. 5.3b. The learning involves two parallel processes: precision learning
(Fig. 5.3a), and parameter learning (Fig. 5.3c). Precision learning comprises of parameter
precision learning (top graph) – i.e., identifying the precision of an approximate posterior
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density for the parameters being estimated – and noise precision learning (bottom graph).
The high prior precision on the known system parameters (0 and 1), and low prior
precision on the unknown system parameters (− k

m
,− b

m
and 1

m
, highlighted in blue)

directs attention towards learning the unknown parameters and their precision. Note
that in Fig. 5.3a, the precision on the three unknown parameters start from a low prior
precision of P θ = 1 and increase with each iteration, whereas the precision of known
parameters (0 and 1) remains a constant (3.3 × 106). The noise precisions are learned
simultaneously, which starts from a low prior precision of Pλw

= Pλz

= 1 and finally
converges to the true noise precision (dotted black line). Both precisions are used to learn
the three parameters of the system (Fig. 5.3b), which starts from randomly selected values
within the range [-2,2] and finally converges to the true parameter values of the system
(θ3 = − k

m
= −0.5714, θ4 = − b

m
= −0.2857 and θ6 = 1

m
= 0.7143), denoted by black

dotted lines. From an attentional perspective, the lower plot in (Fig. 5.3a) is particularly
significant here. This is because the robot discovers the data are more informative than
initially assumed, thereby leading to an increase in its estimate of the precision of the
data-generating process. This means that the robot is not only using the data to optimise
its beliefs about states and parameters (system identification), it is also using these data
to optimise the way in which it assimilates these data.

In summary, precision-based attention, in the form of precision learning, helps the
robot to accurately learn unknown parameters by fusing prior knowledge with new
incoming data (sensory measurements), and attending to the least precise parameters.

5.4.2.4 Precision-modulated exploration and exploitation in system
identification

Exploration and exploitation in the parameter space can be advantageous to robots
during system identification. Precision-based attention—here the prior precision—allows
a graceful balance between the two, mediated by the prior precision6. A very high
prior precision encourages exploitation and biases the robot towards believing its priors,
while a low prior precision encourages exploration and makes the robot sensitive to new
information.

We use again the mass-spring-damper system example but with a different prior
parameter precision P θ. The prior parameters are initialised at random and learned
using optimisation. Figure 5.4b shows the increase in parameter estimation error (SSE)
as the prior parameter precision P θ increases until it finally saturates. The bottom left

6Note that here we are using exploration and exploration not in terms of behaviour but for
parameter learning. Exploration means adapting the parameter to a different (unexplored) value
and exploitation means keeping that value
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Figure 5.4: Precision-based attention allows exploration and exploitation balanced model
learning mediated by the prior precisions on the parameters P θ. The higher the P θ, the higher
the attention on prior parameters ηθ and the lower the attention on the sensory signals while
learning.

region (circled in red) indicates the region where the prior precision is low, encouraging
exploration with high attention on the sensory signals for learning the model. This region
over-exposes the robot to its sensory signals by neglecting the prior parameters. The
top right region (circled in red) indicates the biased robot where the prior precision is
high, encouraging the robot to exploit its prior beliefs by retaining high attention on
prior parameters. This regime biases the robot into being confident about its priors and
disregarding new information from the sensory signals. Between those extreme regimes
(blue curve) the prior precision balances the exploration-exploitation trade-off. Figure 5.4a
describes how increased attention to sensory signals helped the robot to recover from
poor initial estimates of parameter values and converge towards the correct values (dotted
black line). Conversely, in Fig. 5.4c, high attention on prior parameters did not help the
robot to learn the correct parameter values.

These results establish that prior precision modelling allows balanced exploration and
exploitation of parameter space during system identification. Although the results show
that an over-exposed robot provides better parameter learning, we show – in the next
section – that this is not always be the case.

5.4.2.5 Noise estimation

In real-world applications, sensory measurements are often highly noisy and unpredictable.
Furthermore, the robot does not have access to the noise levels. Thus, it needs to learn
the noise precision (Πz) for accurate estimation and robust control. Precision-based
attention enables this learning. In what follows, we show how one can estimate Πz using
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Figure 5.5: Simulations demonstrating how a biased robot could be advantageous, especially
while learning in a highly noisy environment. As the sensor noise increases, the quality of parameter
estimation deteriorates to a point where an explorative robot generates higher parameter estimation
errors than when compared to the biased robot that relies on its prior parameters. However, the
sensor noise estimation is accurate even for high noise environments, demonstrating the success
of the attention mechanism using the noise precision learning.

noise precision learning and that biasing the robot to prior beliefs can be advantageous in
highly noisy environments.

Consider again the mass-spring-damper system in Figure 5.5b, where heavy rain-
fall/snow corrupts visual sensory signals. We evaluate the parameter estimation error
under different noise conditions, using different levels of noise variances (inverse precision).
For an over-exposed robot (only attending to sensory measurements), left plot of Fig.
5.5a, the estimation error increases as the noise strength increases, to a point where the
error surpasses the error from a prior-biased robot. This shows that a robot, confident in
its prior model, assigns low attention to sensory signals and outperforms an over-exposed
robot that assigns high attention to sensory signals, in a highly noisy environment. The
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right plot of Fig. 5.5a shows the quality of noise precision learning for an over-exposed
robot. It can be seen that all the data points in red lie close to the blue line, indicating
that the estimated noise precision is close to the real noise precision. Therefore, the robot
is capable of recovering the correct sensory noise levels even when the environment is
extremely noisy, where accurate parameter estimation is difficult.

These numerical results show that attention mechanism — by means of noise precision
learning — allows the estimation of the noise levels in the environment and thereby
protects against over-fitting or overconfident parameter estimation.
Summary. We have shown how precision-based attention—through precision modelling
and learning— yields to accurate robot state estimation, parameter identification and
sensory noise estimation. In the next section, we discuss how action is generated in this
framework.

5.4.3 Precision-modulated action

Selecting the optimal sequence of actions to fulfil a task is essential for robotics (LaValle,
2006). One of the most prominent challenges is to ensure robust behaviour given the
uncertainty emerging from a highly complex and dynamic real world, where the robots
have to operate on. A proper attention system should provide action plans that resolve
uncertainty and maximise information gain. For instance, it may minimise the information
entropy, thereby encouraging repeated sensory measurements (observations) on high
uncertainty sensory information.

Salience, which in neuroscience is sometimes identified as Bayesian surprise (i.e.,
divergence between prior and posterior), describes which information is relevant to
process. We go one step further by defining the saliency map as the epistemic value of a
particular action Friston et al. (2015b). Thus, the (expected) divergence now becomes
the mutual information under a particular action or plan. This makes the saliency map
more sophisticated because it is an explicit measure of the reduction in uncertainty or
mutual information associated with a particular action (i.e., active sampling), and more
pragmatic because it tells you where to sample data next, given current Bayesian beliefs.

We first describe a precision representation usually used in information gathering
problems and then how to directly generate action plans through precision optimisa-
tion. Afterwards, we discuss the realisation of the full-fledged model presented in the
neuroscience section for active perception. We use the informative path planning (IPP)
problem, described in Fig. 5.6, as an illustrative example to drive intuitions.
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tion. Afterwards, we discuss the realisation of the full-fledged model presented in the
neuroscience section for active perception. We use the informative path planning (IPP)
problem, described in Fig. 5.6, as an illustrative example to drive intuitions.
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Figure 5.6: IPP problem for localising human victims in an urban search and rescue sce-
nario (Meera et al., 2019). A UAV, in a realistic simulation environment, plans a finite look-ahead
path to minimise the uncertainty of its human occupancy map (e.g., modelled as a Gaussian
process) of the world. The planned path is then executed, during which the UAV flies and captures
images at a constant measurement frequency. After the data acquisition is complete, a human
detection algorithm is executed to detect all the humans on the images. These detections are then
fused into the UAV’s human location map. The cycle is repeated until the uncertainty of the map
is completely resolved (this usually implies enough area coverage and repeated measurements
on uncertain locations). The ground truth of the human occupancy map and the UAV belief is
shown in (c) and (b) respectively. The final map approaches the ground truth and all the seven
humans on the ground are correctly detected.

5.4.3.1 Precision maps as saliency

One of the popular approaches in information gathering problems is to model the infor-
mation map as a distribution (e.g., using Gaussian processes (Hitz et al., 2017)). This is
widely used in applications, such as a target search, coverage and navigation. The robot
keeps track of an occupancy map and the associated uncertainty map (covariance matrix
or inverse precision). While the occupancy map records the presence of the target on the
map, the uncertainty map records the quality of those observations. The goal of the robot
is to learn the distribution using some learning algorithm (Marchant and Ramos, 2014).
A popular strategy is to plan the robot path such that it minimises the uncertainty of
the map in future (Popović et al., 2017). In Sec. 5.4.3.2, we will show how we can use
the map precision to perform active perception, i.e., optimise the robot path for maximal
information gain. Optimising the map precision drives the robot towards an exploratory
behaviour.
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5.4.3.2 Precision optimisation for action planning

Figure 5.7: Finding humans with unmanned air vehicles (UAVs): an informative path planning
(IPP) approach (Anil Meera, 2018). The simulation environment on the left consists of a tall
building at the centre, surrounded by seven humans lying on the floor. The goal of the UAV is
to compute the action sequence that allows maximum information gathering, i.e., the humans
location uncertainty is minimised. On the right is the final occupancy map coloured with the
probability of finding a human at that location. It can be observed that all humans on the
simulation environment were correctly detected by the robot.

Figure 5.8: Variance map of the probability distribution of people location (Fig. 5.7) – inverse
precision of human occupancy map. The plot sequence shows the reduction of map uncertainty
(inverse precision) after measurements (Anil Meera, 2018).

To introduce precision-based saliency we use an exemplary application of search and
rescue. The goal is to find all humans using an unmanned air vehicle (UAV) (Lanillos,
2013; Lanillos et al., 2014; Rasouli et al., 2020; Meera et al., 2019). We use precision
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for two purposes: i) precision optimisation for action planning (plan flight path) and ii)
precision learning for map refinement. In contrast to previous models of action selection
within active inference in robotics (Oliver et al., 2021; Lanillos et al., 2021) here precision
explicitly drives the agent behaviour. Figure 5.7 describes the scenario in simulation. The
seven human targets on the ground are correctly identified by the UAV. We can formalise
the solution as the UAV actions (next flight path) that minimise the future uncertainties
of the human occupancy map. In our precision-based attention scheme, this objective
is equivalent to maximising the posterior precision of the map. Figure 5.8 shows the
reduction in map uncertainty after subsequent assimilation of the measurements (camera
images from the UAV, processed by a human detector). The map (and precision) is
learned using a recursive Kalman Filter by fusing the human detector outcome onto the
map (and precision). The algorithm drives the UAV towards the least explored regions in
the environment, defined by the precision map.

Figure 5.9: The human occupancy map (probability to find humans at every location of
the environment) at four time instances during the UAV flight showing ambiguity resolution.
The ambiguity arising from imprecise sensor measurements (false positive) is resolved through
repeated measurements at the same location. The plot sequence shows how the assimilation of
the measurements updates the probability of the people being in each location of the map (Meera
et al., 2019).

Furthermore, Fig. 5.9 shows an example of uncertainty resolution under false positives.
In this case, human targets are moved to the bottom half of the map. The first measurement
provides a wrong human detection with high uncertainty. However, after repeated
measurements at the same location in the map the algorithm was capable of resolving this
ambiguity, to finally learn the correct ground truth map. Hence, the sought behaviour is
to take actions that encourage repeated measurements at uncertain locations for reducing
uncertainty.

Although the IPP example illustrates how to generate control actions through precision
optimisation, the task, by construction, is constrained to explicitly reduce uncertainty.
This is similar to the description of visual search described in (Friston et al., 2012), where
the location was chosen maximise information gain. Information gain (i.e., the Bayesian
surprise expected following an action) is a key part of the expected free energy functional
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that underwrite action selection in active inference. In brief, expected free energy can be
decomposed into two parts the first corresponds to the information gain above (a.k.a.,
epistemic value or affordance). The second corresponds to the expected log evidence or
marginal likelihood of sensory samples (a.k.a., pragmatic value). When this likelihood
is read as a prior preference, it contextualises the imperative to reduce uncertainty by
including a goal-directed, imperative. For example, in the search paradigm above, we
could have formulated the problem in terms of reducing uncertainty about whether each
location was occupied by a human or not. We could have then equipped the agent with
prior preferences for observing humans.

In principle, this would have produced searching behaviour until uncertainty had been
resolved about the scene; after which, the robot would seek out humans; simply because,
these are its preferred outcomes. In thinking about how this kind of neuroscience inspired
or biomimetic approach could be implemented in robotics, one has to consider carefully,
the precision afforded sensory inputs (i.e., the likelihood of sensory data, given its latent
causes) – and how this changes during robotic flight and periods of data gathering. This
brings us back to the precision modulation and the temporal scheduling of searching and
securing data. In the final section, we conclude with a brief discussion of how this might
be implemented in future applications.

5.4.3.3 Precision-based active perception

In this section, we discuss the realisation of a biomimetic brain-inspired model in relation
to existing solutions in robotics in the context of path-planning. Figure 5.10 compares our
proposed precision-modulated attention model—from Fig. 5.1—with the action-perception
loop widely used in robotics. By analogy with eye saccades to the next visual sample,
the UAV flies (action) over the environment to assimilate sensory data for an informed
scene construction (perception). Once the flight time of the UAV is exhausted (similar to
saccade window of the eye), the action is complete, after which the map is updated, and
the next flight path is planned.

In standard applications of active inference, the information gain is supplemented
with expected log preferences to provide a complete expected free energy functional (Sajid
et al., 2021a). This accommodates the two kinds of uncertainty that actions and choices
typically reduce. The first kind of uncertainty is inherent in unknowns in the environment.
This is the information gain we have focused on above. The second kind of uncertainty
corresponds to expected surprise, where surprise rests upon a priori expected or preferred
outcomes. As noted above, equipping robots with both epistemic and pragmatic aspects
to their action selection or planning could produce realistic and useful behaviour that
automatically resolves the exploration-exploitation dilemma. This follows because the
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Figure 5.10: Precision-modulated attention model adapted to the action-perception loop in
robotics. Each cycle consists of two steps: 1) action (planning and execution of a finite-time
look ahead of the robot path for data collection) and 2) perception (learning using the collected
data). This scheduling, using a finite time look-ahead plan, is quite common in real applications
and of particular importance when processing is computationally expensive, e.g., slow rate of
classification, non-scalable data fusion algorithms, Exponential planners, etc. However, the
benefits of incorporating ’optimal’ scheduled loop driven by precision should be further studied.

expected free energy contains the optical mixture of epistemic (information-seeking) and
pragmatic (i.e., preference seeking) components. Usually, after a period of exploration,
the preference seeking components predominate because uncertainty has been resolved.
Although expected free energy provides a fairly universal objective function for sentient
behaviour, it does not specify how to deploy behaviour and sensory processing optimally.
This brings us to the precision modulation model, inspired by neuroscientific considerations
of attention and salience.

Hence, there are key differences between biological and robotic implementations of the
search behaviour. First, the use of oscillatory precision to modulate visual sampling and
movement cycles, as opposed to arbitrary discrete action and perception steps currently
used in robotics. Second, precision modulation influences both state estimation and
action following the same uncertainty reduction principle. Importantly, our salience
formulation speaks to selecting future data that reduces this uncertainty. For instance,
we have shown—in the information gathering IPP example described in the previous
subsection—that by optimising precision we also optimise behaviour.

We argue the potential need and the advantages of realising precision based temporal
scheduling, as described the our brain-inspired model, for two practically relevant test
cases: (i) learning dynamic models and (ii) information seeking applications.
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In Section 5.4.2.4, we have shown how the exploration-exploitation trade-off can
be mediated by the prior parameter precision during learning. However, the accuracy-
precision curve (Fig. 5.4b) is often practically unavailable due to unknown true parameters
values, challenging the modelling of prior precision. An alternative would be to use a
precision based temporal scheduling mechanism to alternate between exploration and
exploitation by means of a varying P θ (similar to Fig. 5.10) during learning, such that
system identification is neither biased nor over exposed to sensory measurements. In
Fig. 5.5a, we showed how noise levels influence estimation accuracy, and how biasing
the robot by modelling P θ can be beneficial for highly noisy environments. A precision
based temporal scheduling mechanism by means of a varying P θ could provide a balanced
solution between a biased robot (that exploits its model) and an exploratory one.

Furthermore, temporal scheduling, in the same way that eye saccades are generated,
can be adapted for information gathering applications, such as target search, simultane-
ous localization and mapping, environment monitoring, etc. For instance, introducing
precision-modulation scheduling for solving the IPP, and scheduling perception (map
learning) and action (UAV flight). Precision modulation will switch between action and
perception: when the precision is high, perception occurs (c.f., visual sampling), and
when the precision is low, action occurs (c.f., eye movements). This switch, which is often
implemented in the robotics literature using a budget for flight time, will be now dictated
by precision dynamics.

In short, we have sketched the basis for a future realisation of precision-based active
perception, where the robot computes the actions to minimise the expected uncertainty.
While most attentional mechanisms in robotics are limited to providing a ‘saliency’ map
highlighting the most relevant features, our attention mechanism proposes a general
scheduling mechanism with action in the loop with perception, both driven by precision.

5.5 Concluding remarks

We have considered attention and salience as two distinct processes that rest upon
oscillatory precision control processes. Accordingly, they require particular temporal
considerations: attention to reliably estimate latent states from current sensory data
and salience for uncertainty reduction regarding future data samples. This formulation
addresses visual search from a first principles (Bayesian) account of how these mecha-
nisms might manifest -– and the circular causality that undergirds them via a rhythmic
theta-coupling. Crucially, we have revisited the definition of salience from the visual
neurosciences; where it is read as Bayesian surprise (i.e., the Kullback Leibler divergence
between prior and posterior beliefs). We took this one step further and defined salience as
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the expected Bayesian surprise (i.e., epistemic value) of a particular action (e.g., sampling
this set of data) (Friston et al., 2017b; Sajid et al., 2021a). Formulating salience as the
expected divergence renders it the mutual information under a particular action (or action
trajectory) (Friston et al., 2021), – and highlights its role in encoding working memory
(Parr and Friston, 2017b). For brevity, our narrative was centred around visual attention
and its realisation via eye movements. However, this model does not strictly need to be
limited to visual information processing, because it addresses sensorimotor and auditory
processing in general. This means it explains how action and perception can be coupled
in other sensory modalities. For instance, (Tomassini et al., 2017) showed that visual
information is coupled with finger movements at a theta rhythm.

The point of contact with the robotics use of salience emerges because the co-variation
between a particular parameterisation and the inputs is a measure of the mutual informa-
tion between the data and its estimated causes. In this sense, both definitions of salience
reflect the mutual information – or information about a particular representation of a
(latent) cause – afforded by an observation or consequence. However, our formulation is
more sophisticated. Briefly, because it is an explicit measure of the reduction in uncer-
tainty (i.e., mutual information) associated with a particular action (i.e., active sampling)
and specifies where to sample data next, given current Bayesian beliefs. These processes
(attention and salience) are a consequence of precision of beliefs over distinct model
parameters. Explicitly, attention contends with precision over the causes of (current)
outcomes and salience contends with beliefs about the data that has to be acquired and
precision over beliefs about actions that dictate it. Since both processes can be linked via
precision manipulation, the crucial thing is the precision that differentiates whether the
agent acquires new information (under high precision) or resolves uncertainty by moving
(low precision).

The focus of this work has been to illustrate the importance of optimising precision at
various places in generative models used for data assimilation, system identification and
active sensing. A key point – implicit in these demonstrations – rests upon the mean field
approximation used in all applications. Crucially, this means that getting the precision
right matters, because updating posterior estimates of states, parameters and precisions
all depend upon each other. This may be particularly prescient for making the most
sense of samples that maximises information gain. In other words, although attention
and salience are separable optimisation processes, they depend upon each other during
active sensing. This was the focus of our final numerical studies of action planning.

To face-validate our formulation, we evaluated precision-modulated attentional pro-
cesses in the robotic domain. We presented numerical examples to show how precision
manipulation underwrites accurate state and noise estimation (e.g., selecting relevant
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information), as well as allowing system identification (e.g., learning unknown parameters
of the dynamics). We also showed how one can use precision-based optimisation to solve
interesting problems; like the informative path planning in search and rescue scenarios.
Thus, in contrast to previous uses of attention in robotics, we placed attention and
saliency as integral processes for efficient gathering and processing of sensory information.
Accordingly, ‘attention’ is not only about filtering the current flow of information from the
sensors but performing those actions that minimise expected uncertainty. Still, the full
potential of our proposal has yet to be realised, as the precision-based attention should
be able to account for prior preferences beyond the IPP problem (e.g., localising people
using UAVs). Finally, we briefly considered the realisation of temporal scheduling for
information gathering tasks, opening up interesting lines of research to provide robots
with biologically plausible attention.
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Chapter 6

Psilocybin Accelerates EEG
Microstate Transitions and
Elevates Approximate Entropy

Based on:

Novický, F., Stoliker, D., Razi, A., & Zeldenrust, F. Psilocybin accelerates EEG
microstate transitions and elevates approximate entropy. Manuscript in preparation.

Abstract

Although the therapeutic potential of psilocybin has been documented, its effects on
brain function remain incompletely understood. The relaxed beliefs under psychedelics
(REBUS) theory proposes that psychedelics work by relaxing prior beliefs and increasing
neural entropy, but this has primarily been tested using fMRI rather than EEG, which
offers superior temporal resolution. This study investigated how psilocybin affects the
spatiotemporal dynamics of the brain on the millisecond scale, examining whether its
effects are modulated by mindfulness training and different cognitive states. Using EEG
microstate and approximate entropy analyzes, we compared people who completed an
8-week Mindfulness-Based Cognitive Therapy program (N = 33) with controls (N = 30)
in four conditions: video watching, resting state, meditation and music listening. The
results showed that the 19 mg dose of psilocybin significantly altered brain dynamics,
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decreasing the duration of the microstate while increasing the rates of occurrence and
the complexity of the signal. Mindfulness training showed no significant effect on these
changes. While brain activity patterns primarily distinguished between eyes-open and
eyes-closed cognitive states, psilocybin notably diminished the typical neural differences
between passive rest and attentional states (meditation and music). These findings
support the prediction of the REBUS theory of increased and neural entropy and under
psychedelics and suggest that psilocybin creates a more dynamic and less constrained
brain state, particularly when visual input is reduced. The combination of microstate
and entropy analyses provides complementary insights into how psychedelics affect both
the temporal organization and complexity of neural activity.

Keywords

psilocybin • resting state • EEG microstates • approximate entropy • mindfulness-based
cognitive therapy

6.1 Introduction

Psilocybin, the primary psychoactive compound found in ’magic mushrooms’, has emerged
as a powerful tool for investigating fundamental brain dynamics and information processing.
Acting primarily as a serotonin 5-HT2A receptor agonist, psilocybin induces profound
alterations in neural activity and network organization (Nichols, 2016; Vollenweider and
Preller, 2020). While its therapeutic potential in treating various psychiatric disorders has
been well-documented ((Carhart-Harris et al., 2021; Goldberg et al., 2020; Griffiths et al.,
2018), the precise mechanisms by which psilocybin modulates the activity of large-scale
neural networks and information flow in the brain remain incompletely understood.

The relaxed beliefs under psychedelics (REBUS) theory, proposed by (Carhart-Harris
and Friston, 2019), provides a compelling framework for understanding the neurophys-
iological and cognitive effects of psychedelics like psilocybin. This theory posits that
psychedelics work by relaxing the precision weighting of prior beliefs, thereby altering the
brain’s predictive processing and allowing for more flexible, "bottom-up" information flow.
According to this theory, the brain should exhibit increased randomness and variability
in its neural activity under the influence of psychedelics due to the lower precision of
top-down predictions, leading to an increase in signal diversity and complexity.

The REBUS theory has gained substantial empirical support across multiple studies
using various methodologies. For instance, (Tagliazucchi et al., 2014) demonstrated an
increased global functional connectivity in the brain after psilocybin administration using
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fMRI which increases the variability of neural activity. (Herzog et al., 2023) developed
whole-brain models showing an increased neural entropy under psychedelics, while (Savino
and Nichols, 2022) found similar entropy increases in rat prefrontal cortex during LSD
administration. Recent work by (Shinozuka et al., 2024) revealed that LSD flattens the
hierarchy of directed information flow in whole-brain dynamics, and (Viol et al., 2019)
characterized network changes in functional brain connectivity induced by ayahuasca
using entropy-degree diagrams. Additional support comes from (McCulloch et al., 2023),
(Mediano et al., 2024), (Singleton et al., 2021), and (Siegel et al., 2024), who consistently
found increased entropy under psychedelics using various analytical approaches. However,
these studies predominantly relied on either animal models or fMRI measurements,
leaving a gap in our understanding of these effects through EEG analysis, which offers
millisecond-level temporal resolution in measuring neural activity. EEG data can be
particularly analyzed with two complementary analytical approaches: microstate analysis
and approximate entropy (ApEn). Microstate analysis is a clustering method specifically
designed for EEG data that characterizes the brain’s electrical activity as a sequence
of quasi-stable spatial configurations of the scalp potential field (Pascual-Marqui et al.,
1995). These microstates, typically lasting tens of milliseconds (Zanesco, 2024), represent
the coordinated activity of large-scale neural networks and have been linked to various
cognitive processes such as attention, memory, and decision making (Michel and Koenig,
2018; Khanna et al., 2015). By analyzing transitions between specific microstates, we can
directly examine how psilocybin affects the spatiotemporal organization of brain activity,
with increased transition rates and shorter microstate durations potentially indicating a
higher entropy in neural dynamics.

Approximate entropy (ApEn) analysis provides a complementary perspective by
quantifying the regularity or predictability of time series data (Pincus, 1991; Cannard
and Delorme, 2022). When applied to EEG signals, ApEn can detect increases in signal
complexity that may reflect the relaxation of prior beliefs proposed by the REBUS theory.
Higher ApEn values indicate more complex and irregular signals, potentially capturing the
increased bottom-up information flow and reduced hierarchical constraints that REBUS
theory predicts should occur under psychedelics.

Together, the methods described above offer distinct yet complementary windows into
how psilocybin affects brain dynamics: microstate analysis reveals changes in large-scale
network coordination, while ApEn quantifies shifts in signal complexity at a more granular
level. This dual approach allows us to test REBUS theory’s predictions about increased
neural entropy and flexibility using temporal dynamics captured by EEG, complementing
existing fMRI findings about spatial network reorganization.

Building on these analytical approaches, we investigate the acute effects of psilocybin
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on resting state EEG across multiple experimental conditions aims to elucidate psilocybin’s
impact on large-scale brain network dynamics and signal complexity (Tagliazucchi et al.,
2014; Lebedev et al., 2016). This study extends previous research by investigating the
acute effects of psilocybin on resting state EEG using both microstate and approximate
entropy analyses. In addition to this, the study compares individuals who followed a
Mindfulness-Based Cognitive Therapy (MBCT) program with those who did not, allowing
for an exploration of potential interactions between psilocybin effects and mindfulness
practices (Kuyken et al., 2016b; Teasdale et al., 2000). More importantly, though, the
analysis encompasses four distinct resting state conditions: watching a video (eyes open),
closed eyes, meditation, and listening to music. This multi-faceted approach enables a
more detailed understanding of psilocybin’s effects across various contexts and sensory
inputs (Carhart-Harris et al., 2014; Schartner et al., 2017; Barrett et al., 2018).

Building upon the REBUS theory and previous research on psychedelic alteration of
brain activity (Carhart-Harris and Friston, 2019), this study explores several intriguing
questions regarding psilocybin’s effects on brain function:

1. How does prior MBCT training influence brain activity patterns and their modula-
tion by psilocybin on microstates?

2. In what ways do psilocybin’s effects differ across various resting state conditions
(eyes open, closed eyes, meditation, and music listening)?

3. What changes in microstate dynamics and approximate entropy occur following
psilocybin administration, and how do these reflect alterations in large-scale network
coordination and signal complexity?

By addressing these questions, this study aims to provide a more comprehensive un-
derstanding of how psilocybin modulates brain function. The exploration of these aspects
may offer valuable insights into the complex interplay between psychedelic substances,
mindfulness practices, and varied cognitive states.

6.2 Materials and methods

This section explains the processing of PsiConnect data from (Novelli et al., 2025), the
analyses used in this study and their statistical comparisons. For clarity, the reader can
follow Figure 6.1. The links to code repository and the PsiConnect dataset is available in
Software note.
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Figure 6.1: Methodological workflow of the study. The pipeline consists of three main
stages: (1) EEG processing, including filtering and downsampling of the PsiConnect dataset; (2)
Analysis methods, comprising microstate analysis and approximate entropy calculations; and (3)
Statistical comparisons examining differences between MBCT/non-MBCT groups, experimental
sub-conditions, and psilocybin/control conditions. Each analysis branch shows the sequential
processing steps applied to the data and their interconnections.
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6.2.1 Participants and procedure

EEG datasets from the PsiConnect project were used for this study. The PsiConnect
dataset consists of recordings from 63 participants that were assigned to two groups:
MBCT (N=33, average age = 35.52; SD = 10,64; range = 20 — 54; 14 women, 1 non-
binary) and non-MBCT (N = 30, average age = 40.03; SD = 10.85; range 19 — 53;
16 women). The assignment was non-randomized and balanced. The MBCT group
followed a routine of meditating daily (around 20 minutes) and attended a meditation
session lasting around 70 minutes every week. This lasted 8 weeks and followed the
Mindfulness-Based Cognitive Practice (MBCT) guideline (Williams et al., 2011). For
more detailed information about the participants, please see Table S1. The non-MBCT
did not do any of this.

EEG recordings were conducted at two time points: a few weeks before psilocybin
intake (labeled as control) and directly after psilocybin intake (labeled as psilocybin).
The intake consisted of 19mg of psilocybin administered by a trained doctor. The EEG
recording happened roughly after 75 to 120 minutes after the psilocybin intake.During
both control and psilocybin EEG measurements, there were four consecutive recordings
happening in the following order for each participant — watching a video, resting state
(with the only condition that the eyes were kept closed), guided meditation, and listening
to music. Note that in a few cases, the order was changed due to a malfunctioning of
equipment. The first three recordings lasted for 5 minutes, while the last one – music –
lasted for 7 minutes.

6.2.2 EEG Data Acquisition

A BrainAmp MR Plus EEG device with 64 channels was used in the Psiconnect project
with the 10-20 system. This system means that the distances between adjacent electrodes
are 10% and 20% of the total front-back and right-left distance of the skull, respectively
(HH, 1958). The sampling rate was 500Hz, with the electrode Fz—located in the frontal
midline—set as the acquisition reference. Participants were seated comfortably in an
upright position during the measurements. Prior to the analysis, the participants gave
their ethical consent to participating in the study.

6.2.3 Preprocessing

The datasets were preprocessed using EEGLAB (Delorme and Makeig, 2004) following
these steps:
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1. Re-referencing to average and bandpass filtering (1-40 Hz)1

2. Automated artifact removal using the CleanRawData and Artifact Subspace Re-
construction functions in EEGLAB

3. Independent Component Analysis (ICA) for further artifact detection and removal
using ICLabels (Pion-Tonachini et al., 2019)

4. Visual quality check using MICROSTATELAB’s k-means clustering (12 clusters)
(Nagabhushan Kalburgi et al., 2023). Datasets with >7% unexplained variance
underwent verification and manual cleaning of overlooked artifacts

5. Downsampling to a sampling rate of 125 Hz for Approximate Entropy analysis

Datasets with excessive electrode (more than 25%) or time segment removal (more
than 66%) were discarded. Final dataset counts for each condition are presented in
Table 6.1. Note that this cleaning procedure mostly affected the video sub-condition,
particularly in the psilocybin condition.

Condition Group Video Resting State Meditation Music

Control Non-MBCT 24 28 29 29
MBCT 29 31 31 31

Psilocybin Non-MBCT 17 25 26 24
MBCT 22 27 28 28

Shared Non-MBCT 15 23 25 23
subjects MBCT 19 25 26 26

Table 6.1: Final number of recordings for each subgroup (MBCT = trained meditators; non-
MBCT = no training in meditation), in both psilocybin and control conditions, for all four
sub-conditions. The last row indicates how many participants had both EEG recordings for
psilocybin and control available after cleaning.

6.2.4 Analysis Methods

6.2.4.1 EEG microstate analysis

Global Field Power EEG microstate analysis starts with computing the Global
Field Power (GFP) from the pre-processed EEG recording as follows:

1Average referencing involves taking the mean voltage of all electrodes at each time point
and subtracting it from each individual electrode’s voltage. Note that this process is particularly
helpful when dealing with topographical maps, as this method keeps the distribution of individual
electrodes relative to each other (Murray et al., 2008; Dien, 1998).
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GFPj =

√∑nch
i=1 X

2
i,j

nch
. (6.1)

Here, j is the index of a given time point, i is the channel index, so X2
i,j represents

the squared value of a recorded channel value i at the time-step j. The final sum is then
divided by the number of channels ( nch). Once the GFP is obtained, one also needs
to obtain the peaks of these. These peaks are considered only above a given threshold,
usually 2 standard deviations. The peaks are detected using a sign function:

GFP Peak = {Xj |sgn(δj)− sgn(δj−1) = −2} (6.2)

where δj = GFPj+1 −GFPj . Thus, the value GFP Peak stores the peak time-points
of the Global Field Power GFP in Xj . In other words, δ is positive if the GFP signal goes
up and negative if it goes down. To get to -2, δj needs to be negative and δj−1 positive, so
one goes from a rise to a decline, which is indeed the top of a peak. Ultimately, the GFP
peak values are then used in the clustering algorithm, because they represent time points
where the electric field strength is maximal, providing the highest signal-to-noise patterns
of brain activity (Murray et al., 2008). Additionally, using only GFP peaks rather than
all time points reduces the computational load considerably (Jajcay and Hlinka, 2023).

Atomize and Agglomerate Hierarchical clustering To identify the dominant
spatial patterns at the GFP peaks obtained above, we employ the Atomize and Agglom-
erate Hierarchical Clustering (AAHC) method. Unlike the traditional modified k-means
approach (Pascual-Marqui et al., 1995), AAHC provides a deterministic solution, thus
yielding fully consistent results for every run (Murray et al., 2008; Von Wegner et al.,
2018). This is because AAHC creates a topographic map for every GFP Peak value.
Next, it starts removing the topographic map with the lowest global explained variance
(Von Wegner et al., 2018), one per iteration. Once this is done, the components of the
removed cluster are re-assigned to one of the remaining clusters. This is repeated until
a final number of pre-selected clusters remain (Murray et al., 2008; Von Wegner et al.,
2018), which in the case of this study is four for consistency with previous research on
microstates (Michel and Koenig, 2018). Once the clusters have been found, they are fitted
back to the original data, where only one microstate is assigned to every time step, which
is determined by the highest explained variance out of all microstates. For more technical
details on this process, please see (Von Wegner et al., 2018).

The final result of applying the procedure described above to our data is shown in
Figure (6.2, top row). These topographic maps are used as a reference for all the clusters
in all individual datasets. The deterministic output of AAHC establishes a rigour, as one
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can rely on running the same analysis on the same dataset and always get the same final
topographic maps, which is not necessarily the case with a stochastic modified k-means
method, which can be problematic especially with large datasets such as PsiConnect,
although it is worth highlighting that it has been previously shown that both methods
provide negligible differences when compared (Jajcay and Hlinka, 2023).

The analysis was conducted using four microstates, following the established tradition
in EEG microstate research (Michel and Koenig, 2018; Khanna et al., 2015). While the
optimal number of microstates can vary depending on the specific dataset and research
question, four microstates have been consistently found to explain a significant portion of
the variance in resting-state EEG data across numerous studies (Britz et al., 2010; Koenig
et al., 2002). This approach allows for comparability with existing literature and strikes a
balance between data reduction and physiological interpretability.

Shared Variance between individual and universal microstates To ensure
data quality, we quantified how well individual participants’ microstate topographies
matched the reference topographies shown in Figure 6.2. This similarity was measured
using shared variance, calculated as the squared spatial correlation coefficient between
the voltage distributions of an individual’s microstate and its corresponding reference
microstate (Nagabhushan Kalburgi et al., 2023). If an individual’s microstate topography
shared less than 60% variance with its reference, that microstate’s statistics were excluded
from subsequent analyses for that participant. This quality control step resulted in
excluding approximately 20% of all microstates from further analysis. Importantly, this
exclusion was applied only after the clustering procedure was complete and the microstates
were used to explain the overall variance in the EEG signals. The distributions of shared
variance values for each microstate type are shown in Figure 6.3. Microstates A and B
required more frequent exclusion (21.12% and 22.38% of cases respectively) compared to
Microstates C and D (13.52% and 12.59% respectively), suggesting that the latter two
patterns were more consistently expressed across participants.

6.2.4.2 Approximate Entropy

Quantifying the complexity and regularity of the EEG signals was done with an Ap-
proximate Entropy (ApEn) algorithm (Pincus, 1991). ApEn is a statistical measure
that quantifies the unpredictability of fluctuations in a time series. Lower ApEn values
indicate more regular and predictable signals, while higher values suggest more complex
and irregular signals. The ApEn function processes the EEG data in sliding windows (5s
in our study) and computes the mean ApEn for each channel. The code is available in
the repository (see Software Note), and the simplified pseudoalgorithm can be found in
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Figure 6.2: Topographies for the final four microstates: The first row shows the reference
microstates, created by averaging across all datasets. These reference topographies were used as
templates to ensure consistent labeling of microstates across individual datasets. The second and
third rows display the average topographies for control and psilocybin conditions respectively,
demonstrating their consistency with the reference templates. Red coloring indicates positive
voltage relative to the reference, while blue indicates negative voltage. Note that these condition-
specific averages are shown for visualization only and were not used for microstate labeling. The
consistency between all three rows validates our microstate classification approach. Red and blue
colors show positive and negative voltages, respectively. Identical topographies with opposite
polarities (reversed red/blue patterns) are considered the same microstate, as they represent the
same neural configuration.
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Figure 6.3: Distributions of shared variance between individual topographies with
their reference: The red dashed lines in all plots highlight a percentile at the 60% of the shared
variance between individual dataset microstates and reference microstate. This is a threshold line
and all information related to the individual cluster below 60% was removed from the analysis.
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the Supplementary Materials.

6.2.5 Statistical analyses

30 variables from the MICROSTATELAB plugin in EEGLAB by (Nagabhushan Kalburgi
et al., 2023) were analyzed — apart from Total time of the dataset after removing artifacts
and Total explained variance of the individual dataset by AAHC. This consisted of data
from Occurrence – the frequency of a microstate appearing per second, Duration – the
average time a microstate remains stable before transitioning to another microstate,
Coverage – the percentage of total analysis time occupied by a specific microstate, and
mean GFP (see Equation 6.1) from all four microstates. Next, for both occurrence and
duration, a summation of all microstates was also provided (i.e., the sum of all occurrence
and duration values across all 4 micostates.) The other variables consisted of transitions
among all individual microstates. All comparisons can be found in the Supplementary
materials in section ’Statistical comparisons’.

6.2.5.1 Assumption of the normality distribution

The choice of parametric or non-parametric tests for comparing continuous distributions
depends on whether a given dataset is normally distributed. To test this, the Shapiro-Wilk
test for normality was applied to all datasets that were compared using the microstate
analysis. For a given statistical comparison, the parametric relative or individual sample
tests were applied if both measured distributions resulted in a non-significant value (p-
value >0.05) of the Shapiro-Wilk test. If this condition was not met, the non-parametric
Mann-Whitney U or Wilcoxon Rank-Sum tests were applied instead. All these tests were
implemented using the SciPy toolbox (Virtanen et al., 2020). An alternative would be
to use an ANOVA, which would provide a correction of p-values with it, but this was
resolved by including the False Discovery rate (FDR) correction (Benjamini and Hochberg,
1995). Its precise application is found the Supplementary materials in section ’Statistical
comparisons’.

6.3 Results

This study investigated the acute effects of psilocybin on resting state EEG activity
across different mental states. We examined whether prior mindfulness training (MBCT)
influences psilocybin’s effects on brain activity, how these effects differ across cognitive
states (video, resting state, guided meditation, and music), and how psilocybin alters the
brain’s microstate dynamics and signal complexity.
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In this section, we first describe the microstate analysis approach, then examine
MBCT vs non-MBCT group differences, compare the sub-conditions, and finally analyze
psilocybin’s effects on brain dynamics through both microstate and entropy analyses.

6.3.1 Decomposing the EEG signal into microstates

Before examining psilocybin’s effects, we first needed to establish whether our microstate
analysis could reliably capture distinct brain states across conditions. To assess this, we
examined how well our four microstate clusters could explain the variance in the EEG
data across different conditions.

The following topographies were identified for this study: right-frontal left-posterior
(microstate A), left-frontal right-posterior (microstate B), midline fronto-occipital (mi-
crostate C) and a maximum at the parieto-occipital region (microstate D). These are
shown in Figure 6.2.

In order to assess the performance of the AAHC clustering method in extracting the
basis topographies for representing the EEG data, the Total Explained Variance was
analyzed, as it represents how well the 4 clusters can reconstruct represent the entire raw
dataset. Note that this analysis has been done with all the intact microstates, including
those that did not meet the criterion of sharing at least 60% of variance with the clusters
(Figure 6.3). The total explained variance when using the four clusters to reconstruct the
EEG signal in the psilocybin and control conditions was 66.6% and 65.8%, respectively.
For the sub-conditions ( where psilocybin and control were grouped together), it was
59.89% for video, 68.51% for resting state, 67.27% for music and 68.19% for meditation.
Lastly, for the groups the results are 65.98% for MBCT and 66.56% for the non-MBCT
group. Apart from the video sub-condition, which showed lower explained variance
(59.89%) compared to other conditions ( 68%), the explained variance was consistent
across conditions. The reduced performance in the video condition can be attributed to
increased artifacts from eye movements and blinks - the same artifacts that led to more
data rejection during preprocessing. The high and consistent explained variance across
remaining conditions demonstrates that our four-microstate decomposition provides a
robust representation of the EEG dynamics across experimental conditions.

6.3.2 No significant difference between MBCT and non-
MBCT groups

Having validated our microstate decomposition approach, we next examined whether
mindfulness training influences brain dynamics under psilocybin by comparing MBCT
and non-MBCT groups across all experimental conditions.
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For both psilocybin and control conditions, the MBCT and non-MBCT groups were
compared per sub-conditions. This meant that there were 4x30=120 tests for the control
condition, and the same amount for the psilocybin condition. The statistical analysis was
performed either by a non-parametric Mann-Whitney U test (when the distributions were
not considered normally distributed based on the Shapiro-Wilk test) or by parametric
independent t-test. After the FDR correction for both psilocybin and control, the results
indicated that there were no significant differences between MBCT and non-MBCT for
any of the sub-conditions or measured variables (Table S2). Hence, for the following
analyses, the MBCT and non-MBCT were grouped together. This increased the number
of participants per a group ,which naturally leads to more statistical power.

6.3.3 Sub-conditions reveal changing patterns of attentional
states

Having established that MBCT and non-MBCT groups can be pooled for analysis, we
next examined how different cognitive states - video watching, resting state, meditation,
and music listening - influence brain dynamics under psilocybin and control conditions.

The following analysis examined differences between sub-conditions within both control
and psilocybin conditions, comparing video watching, resting state, meditation, and music
listening. Simplified results are provided in Table 6.2, and the extended ones can be
found in Table S3. The most striking differences emerged between eyes-open (video)
and eyes-closed conditions, but subtle yet important distinctions also appeared in how
psilocybin affected the relationship between passive rest and more directed attentional
states.

In both control and psilocybin conditions, the video condition showed markedly
different patterns from all other conditions. Of the significant differences found, 46 out
of 59 in the control condition and 34 out of 36 in the psilocybin condition involved
comparisons between video and other states. Table 6.2 summarizes these consistent
video-related effects, showing a decreased Global Field Power (GFP) and duration but
increased occurrence across all microstates. However, this difference might be taken with
caution, as the video sub-condition had more artifacts which resulted in a smaller number
of participants, and the overall explained variance using the microstate analysis was also
smaller, compared to other sub-conditions.

A more nuanced pattern emerged when examining the eyes-closed conditions. In the
control condition, significant differences in mean GFP in all microstates distinguished
the resting state from both meditation and music listening (8 significant comparisons),
suggesting neurophysiologically distinct states between passive rest and directed atten-
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tion, such as meditating and listening to music. Intriguingly, under psilocybin, these
distinctions largely disappeared, with only two significant differences for microstate A in
the GFP difference when comparing the music sub-condition with the resting state. This
convergence of resting state with meditation and music listening under psilocybin suggests
that these traditionally distinct mental states become more similar at a neurophysiological
level between active and passive conditions. While in the control condition, the passive
resting state shows distinct GFP patterns from meditation and music listening, psilocybin
appears to reduce these differences, resulting in more similar neural signatures across all
eyes-closed conditions. This finding is particularly intriguing as it suggests psilocybin
may alter the usual boundaries between different attentional states, though the precise
nature—whether psilocybin makes the resting state more active or the active states more
passive—is unclear.

Microstate A Microstate B Microstate C Microstate D

Mean GFP ↓ Mean GFP ↓ Mean GFP ↓ Mean GFP ↓
Duration ↓ Duration ↓ Duration ↓ Duration ↓

Occurrence ↑ Occurrence ↑ Occurrence ↑ Occurrence ↑

Table 6.2: Significant differences for both psilocybin and control conditions, found in all
comparisons between video and the rest of the sub-conditions. Arrows indicate whether the
average mean for video increased (↑) or decreased (↓) compared to all remaining conditions.

6.3.4 The effects of psilocybin

The analysis revealed distinct patterns in how psilocybin modulates brain activity across
different cognitive states. Here, we examine how psilocybin alters three key aspects
of brain dynamics: microstate occurrence rates, duration patterns, and Global Field
Power. By analyzing these metrics across different experimental conditions, we aim to
characterize how psilocybin influences the temporal organization and strength of neural
activity patterns.

When examining microstate occurrence (Figure 6.4A), a clear pattern emerged: during
eyes-closed conditions (resting state, meditation, and music), psilocybin significantly
increased the frequency of all microstates. This suggests a more dynamic brain state with
more frequent transitions between neural configurations. In contrast, during the video
condition (eyes open), only microstate D showed increased occurrence, indicating that
visual input may partially constrain psilocybin’s effects on brain dynamics.

The duration patterns (Figure 6.4B) showed a complementary effect: psilocybin
consistently decreased the duration of all microstates during eyes-closed conditions, while



196 CHAPTER 6. PSILOCYBIN, MICROSTATES, AND ENTROPY

tion, such as meditating and listening to music. Intriguingly, under psilocybin, these
distinctions largely disappeared, with only two significant differences for microstate A in
the GFP difference when comparing the music sub-condition with the resting state. This
convergence of resting state with meditation and music listening under psilocybin suggests
that these traditionally distinct mental states become more similar at a neurophysiological
level between active and passive conditions. While in the control condition, the passive
resting state shows distinct GFP patterns from meditation and music listening, psilocybin
appears to reduce these differences, resulting in more similar neural signatures across all
eyes-closed conditions. This finding is particularly intriguing as it suggests psilocybin
may alter the usual boundaries between different attentional states, though the precise
nature—whether psilocybin makes the resting state more active or the active states more
passive—is unclear.

Microstate A Microstate B Microstate C Microstate D

Mean GFP ↓ Mean GFP ↓ Mean GFP ↓ Mean GFP ↓
Duration ↓ Duration ↓ Duration ↓ Duration ↓

Occurrence ↑ Occurrence ↑ Occurrence ↑ Occurrence ↑

Table 6.2: Significant differences for both psilocybin and control conditions, found in all
comparisons between video and the rest of the sub-conditions. Arrows indicate whether the
average mean for video increased (↑) or decreased (↓) compared to all remaining conditions.

6.3.4 The effects of psilocybin

The analysis revealed distinct patterns in how psilocybin modulates brain activity across
different cognitive states. Here, we examine how psilocybin alters three key aspects
of brain dynamics: microstate occurrence rates, duration patterns, and Global Field
Power. By analyzing these metrics across different experimental conditions, we aim to
characterize how psilocybin influences the temporal organization and strength of neural
activity patterns.

When examining microstate occurrence (Figure 6.4A), a clear pattern emerged: during
eyes-closed conditions (resting state, meditation, and music), psilocybin significantly
increased the frequency of all microstates. This suggests a more dynamic brain state with
more frequent transitions between neural configurations. In contrast, during the video
condition (eyes open), only microstate D showed increased occurrence, indicating that
visual input may partially constrain psilocybin’s effects on brain dynamics.

The duration patterns (Figure 6.4B) showed a complementary effect: psilocybin
consistently decreased the duration of all microstates during eyes-closed conditions, while

6.3. RESULTS 197

in the video condition, only microstate B showed reduced duration. This shortened
duration coupled with increased occurrence suggests that psilocybin creates a more
rapidly shifting neural landscape when visual input is missing.

Global Field Power analysis (Figure 6.4C) revealed state-specific effects of psilocybin.
During resting state, microstates A, B, and D showed a significantly reduced GFP under
psilocybin, while during music and meditation, only microstates B and D exhibited this
reduction. Notably, while the video condition showed no significant GFP differences
between psilocybin and control conditions, it consistently displayed a lower overall
GFP compared to eyes-closed conditions. This lower GFP during video watching likely
reflects the brain’s engagement with structured visual input, which may override some of
psilocybin’s typical effects on neural dynamics.

These findings collectively suggest that psilocybin’s primary effect is to create a more
dynamic and rapidly shifting brain state when visual input is reduced. The drug appears
to promote a pattern of shorter, more frequent microstate transitions, potentially reflecting
a more flexible and less constrained neural system.

6.3.5 Transition and Coverage

Here, we examined the transitions between different microstates and their relative promi-
nence (coverage) to understand whether psilocybin affects the sequential organization of
brain states and their overall expression. This analysis complemented our previous findings
by focusing on the directional flow between brain states rather than their individual
transition characteristics.

Our analysis of (directed) microstate transitions revealed surprisingly few significant
differences across conditions. Out of 240 total transition comparisons, only 5 showed
statistically significant changes. Under the influence of psilocybin, we observed an increase
in transitions from microstate B to D and a decrease from C to A. In the control condition,
when comparing video and meditation sub-conditions, we found increases in transitions
from A to B and B to A, along with a decrease from D to C (see Tables S4 and S3).

However, these transition findings should be interpreted with caution. Recent research
by (Kleinert et al., 2024) has demonstrated that directed microstate transitions generally
show low reliability as a metric. This methodological limitation suggests that while the
observed transitions may represent real phenomena, additional studies would be needed
to confirm their reliability and functional significance.

Similarly, coverage analysis—the percentage of total recording time dominated by
each microstate—showed minimal differences across conditions, with only one significant
result out of 80 comparisons. This single difference appeared when comparing video
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Figure 6.4: Effects of psilocybin on EEG microstate dynamics across different
conditions. A) Microstate occurrence rate (number of times per second) for each microstate
class (A-D). B) Mean duration (in milliseconds) of each microstate class. C) Global Field Power
(GFP) for each microstate class, representing the strength of the scalp electric field. Conditions
shown are: video watching, eyes closed resting state, meditation, and music listening. Significant
differences between psilocybin and control conditions are indicated by asterisks: ∗p < 0.05;
∗∗p < 0.01; ∗∗∗p < 0.001. Note the differential effects of psilocybin across microstate classes and
experimental conditions.



198 CHAPTER 6. PSILOCYBIN, MICROSTATES, AND ENTROPY

Figure 6.4: Effects of psilocybin on EEG microstate dynamics across different
conditions. A) Microstate occurrence rate (number of times per second) for each microstate
class (A-D). B) Mean duration (in milliseconds) of each microstate class. C) Global Field Power
(GFP) for each microstate class, representing the strength of the scalp electric field. Conditions
shown are: video watching, eyes closed resting state, meditation, and music listening. Significant
differences between psilocybin and control conditions are indicated by asterisks: ∗p < 0.05;
∗∗p < 0.01; ∗∗∗p < 0.001. Note the differential effects of psilocybin across microstate classes and
experimental conditions.

6.4. DISCUSSION 199

and meditation sub-conditions in the control condition, where the video sub-condition
showed a decreased coverage (Table S3). The scarcity of significant coverage differences
suggests that the relative distribution of individual microstates remains largely stable
across both psychedelic states and different cognitive contexts. This stability in coverage,
contrasted with the clear changes in occurrence and duration reported earlier, indicates
that psilocybin may alter the temporal dynamics of brain states while preserving their
overall proportional expression. In other words, psilocybin does not target a specific brain
region to fire more or less, but rather only functions by modulating the connectivity.

6.3.6 Approximate entropy

To strengthen the claim that the increased microstate transitions and their shorter
duration highlights an increase in the brain’s dynamic repertoire was done by using the
approximate entropy analysis (Pincus, 1991). This analysis revealed significant changes in
signal complexity across experimental conditions (Figure 6.5). In the comparison between
psilocybin and control conditions, psilocybin consistently increased ApEn in the resting
state, meditation, and music conditions. In agreement with the results described above,
the video condition showed no significant differences, possibly due to the strong influence
of visual input and artifacts by blinking.

Notably, the eyes-closed conditions exhibited the largest increase in ApEn under
psilocybin compared to the control condition, suggesting that psilocybin has the strongest
effect on the complexity of brain signals when visual input is minimized.

The video sub-condition showed the least difference in ApEn between psilocybin and
control conditions, but again it has to be highlighted that this sub-condition suffered
from more artifacts, reduced explained variance and a smaller number of datasets (after
cleaning).

6.4 Discussion

Our analysis of psilocybin’s effects on brain dynamics revealed three key findings. First,
MBCT training showed no significant effect on neural dynamics within either drug
condition across all experimental states. Second, when comparing cognitive states, the
most prominent distinction emerged between eyes-open (video) and eyes-closed conditions,
with an intriguing observation that psilocybin diminished the typical neural differences
between passive rest and directed attention states (meditation and music) found in
the control condition. The finding that the microstate coverage has not changed after
the psilocybin administration points in a direction that the core effect of psilocybin
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Figure 6.5: EEG Topomap Visualization: ApEn differences and p-values across activ-
ities: Topographical maps showing differences in Approximate Entropy (ApEn, left; calculated
as psilocybin minus control) and statistical significance (right) between psilocybin and control
conditions. Rows A-E represent: (A) Overall (i.e., all sub-conditions), (B) Meditation, (C) Video,
(D) Resting State, and (E) Music. ApEn maps use a purple (-0.15) to yellow (0.15) scale, with
yellow indicating a higher complexity under psilocybin. Significance maps use white to red, with
darker red showing a higher significance.
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is not to activate a specific brain region, but rather modulate the connectivity among
regions. Importantly, it needs to be highlighted that the explained variance and number
of datasets after the cleaning procedure of the video sub-condition was lower, thus the
results on this analysis should be taken with more scepticism. Finally, both microstate
and approximate entropy analyses provided converging evidence that psilocybin increases
the brain’s dynamic repertoire during eyes-closed states, characterized by more frequent
transitions between neural configurations, shorter microstate durations, and higher signal
complexity. All the findings are described in detail below.

This study reports no difference between the MBCT and non-MBCT groups. These
groups differed in that the MBCT group followed the mindfulness-based cognitive therapy
(MBCT). They did this based on the book by (Williams et al., 2011): participants
meditated daily for 8 weeks, approximately 20 minutes each day, and attended a weekly
hour-long session with a trainer. MBCT’s effect on the modulation of neuronal and
cognitive states seems to be undefined yet, as there are both observations that MBCT
has no effect, or some significant observations were found (Szumska et al., 2021; Qiu
et al., 2024; Yang et al., 2022; MacCoon et al., 2014; Kuyken et al., 2016a; Zimmerman
et al., 2019). A potential explanation for the lack of effect in the current study is that
the 8-week MBCT program may not have been sufficient to induce lasting changes in
resting-state brain dynamics detectable by our EEG measures. (Gotink et al., 2016)
suggest that more prolonged meditation practice might be necessary to observe robust
changes in brain function. However, it needs to be highlighted that there could still be a
potential modulation of this training across eyes-closed sub-conditions, which this study
did not address. Hypothetically, the MBCT training can still have an influence on the
separation of active perception—meditation and music sub-conditions—and the passive
resting state.

When comparing all sub-conditions – video, music, resting state and meditation –
using the microstate analysis, two key patterns emerged. First, the most prominent
distinction was between eyes-open (video) and eyes-closed conditions, independent of drug
consumption. Second, while the control condition showed distinct GFP patterns between
resting state and attentional tasks (meditation and music), these differences largely
disappeared under psilocybin. However, the primary influence on whole-brain activity
measured by EEG remains whether there is visual input or not, rather than the type of
cognitive engagement. This is further supported by the analysis on approximate entropy
that found no difference within the video sub-condition when comparing psilocybin with
control conditions (Figure 6.5C). Although the limitation of the video sub-condition was
highlighted several times in this study, the fundamental difference between eyes opened
and eyes closed is well-established, as it is one of the most readily observable phenomena
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in raw EEG signals, with the frequency in the visual cortex changing to alpha waves (i.e.,
8-13Hz) when eyes are shut (Karakaş et al., 2007). The convergence of resting state with
meditation and music conditions under psilocybin points to a fundamental reorganization
of attentional states. While sober brain activity shows clear neurophysiological distinctions
between passive rest and active engagement with internal experiences (meditation) or
external stimuli (music), psilocybin appears to dissolve these boundaries.

The main finding of this study is the effect of psilocybin on brain activity. The
microstate analysis found that–—for all sub-conditions with closed eyes–—Global Field
Power (GFP) for B and D microstates, and occurrence and duration for all microstates,
significantly differed, such that occurrence increased, duration decreased and GFP de-
creased under psychedelics (Figure 6.4). The approximate entropy analysis found that
most electrodes increase ApEn after the consumption of psychedelics (Figure 6.5). These
results suggest that consuming psilocybin disorganizes brain connectivity, aligning with
the REBUS theory proposed by (Carhart-Harris and Friston, 2019). However, what
cannot be answered with our method is whether the brain becomes more chaotic, or
whether there is a higher occurrence of more diverse, but organized, brain activity. The
methods implemented only suggest that there is more entropy in time series and more
spatiotemporal diversity, not whether these are chaotic or organized.

Decentralized activity produces a smaller EEG signal compared to grouped activity in
a single region (Schartner et al., 2017). Thus, the smaller GFP hypothetically indicates less
centralized activity. Therefore, the smaller GFP found in two out of the four microstates,
further supports the claim that brain activity becomes more decentralized with psilocybin
consumption. It should also be noted that for the video comparison, there were only two
significant effects: an increased occurrence of the D microstate and a decreased duration
of the B microstate. Since psychedelics are mostly known for how they affect visual
perception (Kometer et al., 2013), it is difficult to argue that psilocybin would have no
effect on brain activity when eyes are open. However, the reason for insignificant results
is most likely due to a low explained variance for the video sub-condition compared to
the rest, and the smaller number of participants after the cleaning procedure. This leads
to taking the results and interpretations on the video sub-condition with more caution.

This study tested several comparisons within the coverage of individual microstates
and their directed microstate transitions. Apart from the significant increase in the
transition from B to D and a decreased transition from C to A in the resting state during
the comparison of psilocybin intake and control, all comparisons of coverage and other
connectivity between microstates was insignificant. The reason why coverage did not
change could be indicate that psilocybin does not modulate particular brain region’s
activity locally, but rather these regions that are affected modulate the global neuronal



202 CHAPTER 6. PSILOCYBIN, MICROSTATES, AND ENTROPY

in raw EEG signals, with the frequency in the visual cortex changing to alpha waves (i.e.,
8-13Hz) when eyes are shut (Karakaş et al., 2007). The convergence of resting state with
meditation and music conditions under psilocybin points to a fundamental reorganization
of attentional states. While sober brain activity shows clear neurophysiological distinctions
between passive rest and active engagement with internal experiences (meditation) or
external stimuli (music), psilocybin appears to dissolve these boundaries.

The main finding of this study is the effect of psilocybin on brain activity. The
microstate analysis found that–—for all sub-conditions with closed eyes–—Global Field
Power (GFP) for B and D microstates, and occurrence and duration for all microstates,
significantly differed, such that occurrence increased, duration decreased and GFP de-
creased under psychedelics (Figure 6.4). The approximate entropy analysis found that
most electrodes increase ApEn after the consumption of psychedelics (Figure 6.5). These
results suggest that consuming psilocybin disorganizes brain connectivity, aligning with
the REBUS theory proposed by (Carhart-Harris and Friston, 2019). However, what
cannot be answered with our method is whether the brain becomes more chaotic, or
whether there is a higher occurrence of more diverse, but organized, brain activity. The
methods implemented only suggest that there is more entropy in time series and more
spatiotemporal diversity, not whether these are chaotic or organized.

Decentralized activity produces a smaller EEG signal compared to grouped activity in
a single region (Schartner et al., 2017). Thus, the smaller GFP hypothetically indicates less
centralized activity. Therefore, the smaller GFP found in two out of the four microstates,
further supports the claim that brain activity becomes more decentralized with psilocybin
consumption. It should also be noted that for the video comparison, there were only two
significant effects: an increased occurrence of the D microstate and a decreased duration
of the B microstate. Since psychedelics are mostly known for how they affect visual
perception (Kometer et al., 2013), it is difficult to argue that psilocybin would have no
effect on brain activity when eyes are open. However, the reason for insignificant results
is most likely due to a low explained variance for the video sub-condition compared to
the rest, and the smaller number of participants after the cleaning procedure. This leads
to taking the results and interpretations on the video sub-condition with more caution.

This study tested several comparisons within the coverage of individual microstates
and their directed microstate transitions. Apart from the significant increase in the
transition from B to D and a decreased transition from C to A in the resting state during
the comparison of psilocybin intake and control, all comparisons of coverage and other
connectivity between microstates was insignificant. The reason why coverage did not
change could be indicate that psilocybin does not modulate particular brain region’s
activity locally, but rather these regions that are affected modulate the global neuronal

6.4. DISCUSSION 203

dynamics. For directional microstate transitions, it has been previously reported that
this measure has a low reliability (Kleinert et al., 2024), thus the significant results on
directional microstate transition—described in Table S4 but also Table S3—should await
further support.

6.4.1 Limitations

A significant limitation of this study, is the fixed order of experimental conditions, with the
video sub-condition always occurring first, followed by eyes closed resting state, meditation,
and music listening. This non-randomized design introduces potential confounds that may
impact the interpretation of the results. First, the primacy effect (Murdock Jr, 1962) might
have influenced participants’ attention and alertness, potentially leading to overestimation
of differences between the video and subsequent sub-conditions. Second, carry-over effects
(Greenwald, 1976) from one condition to the next cannot be ruled out, particularly
considering the temporal dynamics of psilocybin’s effects (Carhart-Harris et al., 2011).
For instance, the acute effects of psilocybin may have intensified over time, potentially
conflating drug effects with condition-specific effects in later trials. Moreover, fatigue or
habituation effects (Groves and Thompson, 1970) could have influenced participants’ brain
states in later conditions, further complicating the interpretation of condition-specific
results. (Maneshi et al., 2012) demonstrated that the order of resting-state conditions
can significantly impact EEG microstate parameters, underscoring the importance of
counterbalancing in future studies. To address this limitation, future research should
employ a randomized or counterbalanced design for condition order, or utilize a between-
subjects design where different groups undergo different condition orders.

The next limitation—and more severe one when it comes to the video sub-condition—is
in the EEG cleaning procedure. From the number of remaining datasets, it is apparent that
the video sub-condition contained more artifacts compared to the other sub-conditions.
This is expected, as during video watching there are stronger artifacts from blinking and
eye movements (Jung et al., 2000). Nevertheless, this led to more removed independent
components which could affect the final analysis. This is corroborated by the decreased
explained variance using the EEG microstate analysis for the video sub-condition. Addi-
tionally, it is surprising that both analyses comparing sub-conditions between video and
the rest, and also testing differences between control and psilocybin conditions, led to
almost all clusters in GFP, occurrence, and duration differing significantly.

The limitation of the EEG microstates analysis is in the selection of clusters. This
study followed the tradition of using 4 clusters (Koenig et al., 1999; Michel and Koenig,
2018) and did not include any sophisticated selection of the ’best’ number of clusters,
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as this is still a topic of debate and different methods produce different results (see
(Nagabhushan Kalburgi et al., 2023)). It is therefore possible that a different number of
clusters would lead to different results.

The selection of statistical test forms a consecutive limitation. The automated selection
of either performing the non-parametric or parametric test using the p-value from the
Shapiro-Wilk test done by (Virtanen et al., 2020) can influence the result. First, one can
criticize that there are some datasets above 50 participants, thus for these, this study
should have implemented the Kolmogorov-Smirnov normality test instead (Massey Jr,
1951). The reason not to do so was: i) the largest number of participants in a distribution
was only 60; and ii) it provides a universal approach of using only one normality test for the
number of datasets implemented here. The next problem with the automated normality
assumption is that normality should be visually checked (Ghasemi and Zahediasl, 2012).
This is, however, quite difficult for the number of distributions implemented in this study,
hence the reason for automation. Lastly, the number of statistical comparisons is quite
high, which with the False Discovery Rate (FDR) correction might lead to false negatives
(Benjamini and Hochberg, 1995).

6.4.2 Future directions

There are significant limits to the analyses performed here that can—and should—be
overcome. For the microstates analysis, one can apply the convolutional non-negative
matrix factorization method (Mackevicius et al., 2019) to capture approximate general
spatiotemporal patterns of brain activity (MacDowell and Buschman, 2020). This is
important, as the assumption that microstates are stable has been disputed (Mishra
et al., 2020). This novel method can thus create a better temporal resolution of evolving
neuronal activity. Regarding ApEn, the issue is that only individual electrodes are
considered. A new method could be developed that considers the complexity of a signal
across several electrodes, rather than within single electrodes, as the current approach
misses valuable information about how distinct parts of the brain are wired together
and could potentially show stable connectivity. In conclusion, there are multiple ways to
improve the methods in neurosciences by focusing on the spatiotemporal layouts of data,
since this is also what devices for humans—EEG, ECoG, fMRI, PET etc.—are able to
capture (i.e., measurements of the brain activity across time).
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6.5 Conclusion

To sum up, this study provides compelling evidence that psilocybin increases the brain’s
dynamic repertoire, particularly during eyes-closed states, characterized by more frequent
transitions between neural configurations and higher temporal complexity. The dual
methodological approach—–combining microstate analysis with entropy measures—–
revealed that while mindfulness training had no detectable effect on brain dynamics,
the primary determinant of neural activity patterns was the presence or absence of
visual input. Notably, psilocybin appeared to dissolve the typical neurophysiological
boundaries between passive rest and directed attention state, but only when eyes were
closed. These findings align with the REBUS theory’s predictions of increased neural
entropy under psychedelics, though our methods cannot definitively determine whether
this represents a shift toward chaos or toward a more diverse but organized pattern
of brain activity. This fundamental reorganization of brain dynamics under psilocybin
advances our understanding of how psychedelics affect neural information processing at
the millisecond scale.

Software note

To produce the figures, obtain statistical analyses, and apply the ApEn algorithm see the
repository on GitHub: github.com/filipnovicky/Entropic_psilocybin. The PsiConnect
dataset is available here after the publication of (Novelli et al., 2025)
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6.6 Supplementary materials

6.6.1 Demographics of participants

Table S1 provides a detailed description of participants from the PsiConnect dataset.

6.6.2 Details on Approximate Entropy

Below the pseudocode for analyzing the Approximate Entropy of the psychedelics influence
is provided:

Algorithm S1 Approximate Entropy Calculation

1: procedure APEN(datasets,m, r, fs, windowSize)
2: Input: datasets (list of EEG data matrices), m = 2, r = 0.2, fs = 125,

window Size = 5
3: Initialize all ApEn Values
4: for each dataset in datasets do
5: for each window in dataset do
6: Normalize window data
7: for i = 1 to 2 do
8: Initialize template matrices of length m+ i− 1
9: Compute Chebyshev distances between templates

10: Count matches within tolerance r · STDelectrode

11: Calculate logarithmic likelihoods
12: end for
13: Compute window ApEn as the difference of likelihoods
14: end for
15: Average ApEn values across windows for each channel
16: Append matched ApEn values to all ApEn Values
17: end for
18: return all ApEn Values
19: end procedure

Where m is the embedding dimension (set to 2), r is the tolerance (0.2 times the
standard deviation of each window), fs is the sampling frequency in Hz(125Hz in this
study), and window Size is the size of the sliding window in seconds (default: 5s). Except
for the sampling frequency, these parameters are selected by a researcher, and follow
from previous literature (Pincus, 1991). A template vector is a subsequence of the
time series data, representing m consecutive time points across all EEG channels for
a given window. The template vector is then repeated for m + 1 time points. For
visualization of what exactly ApEn is doing, the reader can visit this interactive website:
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Characteristic Med. (N=33) Non-med. (N=30)

Age: Mean (SD) 35.52(1064) 40.03(1085)
Range 20 - 54 19 - 53

Gender
Female 14 (42.42%) 16 (53.33%)
Male 18 (54.55%) 14 (46.67%)
Non-binary 1 (3.04%) 0 (0.00%)

Ethnicity
Arab 0 (0.00%) 1 (3.33%)
Asian 7 (21.21%) 6 (20.00%)
Asian/White 1 (3.03%) 0 (0.00%)
Hispanic 0 (0.00%) 2 (6.67%)
White 25 (75.76%) 21 (70.00%)

Handedness
Ambidextrous 0 (0.00%) 1 (3.33%)
Left 2 (6.06%) 2 (6.67%)
Right 31 (93.94%) 27 (90.00%)

Highest education
Highschool 0 (0.00%) 1 (3.33%)
Postgrad 10 (30.30%) 14 (46.67%)
Postgrad (incomp.) 6 (18.18%) 2 (6.67%)
Tertiary dipl/cert 0 (0.00%) 2 (6.67%)
Tertiary (incomp.) 0 (0.00%) 2 (6.67%)
Trade/tech 1 (3.03%) 1 (3.33%)
Trade & tertiary 0 (0.00%) 1 (3.33%)
Undergrad 10 (30.30%) 5 (16.67%)
Undergrad (incomp.) 5 (15.15%) 4 (13.33%)

Psych. Use (3y)
No 30 (90.91%) 29 (96.67%)
Yes 3 (9.09%) 1 (3.33%)

Med. Exp. (3y)
No 23 (69.70%) 17 (56.67%)
Yes 10 (30.30%) 13 (43.33%)

Table S1: Detailed description of the participants.
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https://github.com/filipnovicky/ApEn-Visualization.
The logarithmic likelihood calculation transforms the multiplicative probabilities into

additive quantities, making the calculations more numerically stable and better suited for
handling very small probability values often encountered in EEG analysis. By comparing
sequences of length m with m + 1, we can quantify how predictable the signal is - if
patterns matching at length m continue to match at length m+ 1, this indicates greater
regularity in the signal. The difference between these likelihoods provides a measure
of the signal’s complexity, with larger differences suggesting more complex or chaotic
signals and smaller differences indicating more regular patterns. To identify matching
patterns, the algorithm employs Chebyshev distance between template vectors, calculated
as the maximum absolute difference across any time point between two templates. Lastly,
the algorithm returns a vector containing the mean ApEn value for each EEG channel,
averaged across all windows. The code and the final output are included in the repository.

6.6.3 Statistical comparisons

Table S2 shows p-values for comparing participants who underwent the MBCT training
with those who did not. The False Discovery Rate (FDR) correction was applied both
within the control and psilocybin conditions independently, hence the FDR corrected 120
tests twice.

Table S3 compares sub-conditions among each other, both within control condition
and psilocybin condition. In here, FDR was applied to all statistical comparisons, thus
360 tests underwent this procedure.

Lastly, Table S4 shows FDR values for comparison of drug conditions. This analysis
used the FDR correction for all 120 tests.
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Microstate Metric Video Music Meditation Resting state

A Mean Occurrence 0.3020 0.0057↑ 0.0011↑ 0.0001↑
A Mean Duration 0.0517 0.0001↓ 0.0001↓ >0.0001↓
A Mean GFP 0.5342 0.0963 0.0572 0.0011↓
A Coverage 0.9968 0.8433 0.8643 0.2503

B Mean Occurrence 0.6217 0.0033↑ >0.0001↑ 0.0002↑
B Mean Duration 0.0401↓ 0.0056↓ 0.0001↓ 0.0013↓
B Mean GFP 0.6217 0.0401↓ 0.0072↓ 0.0023↓
B Coverage 0.1966 0.9615 0.8643 0.0504

C Mean Occurrence 0.0761 0.0003↑ 0.0001↑ 0.0002↑
C Mean Duration 0.7545 0.0002↓ 0.0001↓ >0.0001↓
C Mean GFP 0.8643 0.0651 0.0945 0.0651

C Coverage 0.2052 0.8643 0.8718 0.8643

D Mean Occurrence 0.0059↑ 0.0001↑ 0.0007↑ >0.0001↑
D Mean Duration 0.5634 >0.0001↓ 0.0002↓ >0.0001↓
D Mean GFP 0.9192 0.0187↓ 0.0288↓ 0.0002↓
D Coverage 0.1451 0.8433 0.8643 0.8835

Microstate Transitions

A→B 0.3998 0.6217 0.9060 0.3354

A→C 0.9615 0.9192 0.6785 0.5195

A→D 0.3317 0.6217 0.9615 0.3791

B→A 0.1589 0.6217 0.8643 0.8835

B→C 0.9916 0.8643 0.8433 0.2503

B→D 0.3998 0.9236 0.9442 0.0245↑
C→A 0.8835 0.7688 0.9615 0.0256↓
C→B 0.9940 0.9060 0.8433 0.8643

C→D 0.1577 0.8433 0.8835 0.9192

D→A 0.3998 0.9060 0.8896 0.1966

D→B 0.8643 0.6939 0.5586 0.1308

D→C 0.2671 0.9236 0.8918 0.9060

All Groups

Mean Occurrence for All 0.0963 0.0033↑ 0.0009↑ 0.0108↑
Mean Duration for All 0.0676 0.0055↓ 0.0020↓ 0.0055↓

(Continued on next page)
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(Continued from previous page)

Group Metric VIDEO MUSIC GM RS

Table S4: FDR corrected p-values for psilocybin vs control data comparison across
sub-conditions: Using either non-parametric or parametric statistical tests for dependent
samples, this table shows the final p-values of such comparisons, between control and psilocybin
conditions.
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Table S4: FDR corrected p-values for psilocybin vs control data comparison across
sub-conditions: Using either non-parametric or parametric statistical tests for dependent
samples, this table shows the final p-values of such comparisons, between control and psilocybin
conditions. Chapter 7

General Discussion

In this thesis, we explored how neuromodulators shape perception and behaviour through
computational mechanisms. Particularly, we aim to establish serotonin as a biologi-
cal modulator of precision estimates articulated within the active inference framework,
demonstrating how this neurotransmitter influences neural processing during exploration,
perception, and psychedelic use. We first investigated serotonergic effects on active sensing
in rodents (Chapter 2), showing that chronically elevated serotonin levels lead to reduced
estimated sensory precision, suppressed exploratory behaviour, and greater reliance on
prior beliefs. We then extended this computational framework to humanoid robotics
(Chapter 3), before exploring how precision modulation explains body ownership illusions
(Chapter 4) and attention mechanisms (Chapter 5). Finally, we examined how psilocybin’s
effects on neural dynamics (Chapter 6) align with our precision-based account, providing
converging evidence that serotonin fundamentally regulates the balance between sensory
evidence and prior expectations across diverse cognitive contexts.

In chapter 2, we investigated how serotonergic signaling affects active sensing by
comparing whisking behaviour in SERT−/− and wild-type animals. Two competing
computational hypotheses about how this altered serotonergic signaling might affect
precision parameters within an active inference framework were tested: either through
modulation of prior precision or sensory precision. Our simulations supported the
hypothesis that SERT−/− animals exhibit reduced sensory precision, resulting in less
exploratory whisking behaviour and greater reliance on prior beliefs. This finding suggests
that heightened serotonergic tone diminishes the influence of incoming sensory information
on perceptual inference, resulting in a computational phenotype that favors existing models
over new sensory evidence. The same theoretical principle was further demonstrated
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in Chapter 3, where the same model was deployed in a humanoid. However, instead of
exploring using whiskers, the humanoid robot explored the space using a hand. This work
thus aimed to showcase that the demonstrated serotonergic function in exploration might
be considered in other species, such as humans.

The computational account of precision modulation in active sensing connects to
the work from Chapter 5 on rhythmic attention through the embodied nature of infer-
ence (Fiebelkorn and Kastner, 2019). When organisms actively sample their environment
through movement (e.g., whisking or eye movement), they must differentiate self-generated
sensations from external stimuli to avoid misinterpretation. In this Chapter, we specu-
lated that the brain accomplishes this through rhythmically switching levels of sensory
precision, effectively implementing sensory attenuation during self-generated movement.
This mechanism represents a specific application we identified in attentional processes,
such as sensory attenuation (Brown et al., 2013) and gain control (Hillyard et al., 1998).
In both contexts, precision acts as a control parameter that dynamically allocates compu-
tational resources between prior beliefs and sensory evidence, with serotonin playing a
key modulatory role in this balancing act.

The REBUS theory has been tested and finally supported in Chapter 6. This study
focused on analyzing the influence of psilocybin on the spatiotemporal organization of
brain activity. Using EEG microstates analysis (Michel and Koenig, 2018) and quantifying
approximate entropy (Pincus, 1991), this study reported that the brain is more entropic
and dynamic after the psilocybin consumption. Faster EEG microstates switches and
elevated approximate entropy can be interpreted as a decrease in prior precision, thus
increasing the flow of new information into the brain with more importance.

7.1 Complementary serotonergic receptors

Serotonin exerts its diverse effects through at least 14 distinct receptor subtypes, grouped
into seven families (5HT1 through 5HT7), each with unique signaling mechanisms and
functional roles (Barnes and Sharp, 1999; Hoyer et al., 2002). These receptors differ
not only in their molecular structure and downstream signaling pathways, but also in
their anatomical distribution and physiological effects (Pytliak et al., 2011). The 5HT1
family, which includes subtypes like 5HT1A, generally couples to inhibitory G-proteins
(Gi/Go), reducing cellular excitability and cyclic AMP levels (Raymond et al., 2001).
In contrast, the 5HT2 family, including 5HT2A receptors, typically activates excitatory
Gq/11 proteins, leading to increased neuronal activity through phospholipase C activation
(Berg et al., 2005). This fundamental difference in signaling mechanisms suggests that
different serotonin receptors may have opposing effects on neural computation, including
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precision modulation.
Understanding these receptor-specific mechanisms is crucial for reconciling the seem-

ingly contradictory findings presented in this thesis. While both chapters 2 and 6 implicate
serotonin in precision modulation within the active inference framework, they reveal op-
posite directional effects: increased prior precision in SERT−/− animals versus decreased
prior precision following psilocybin administration. This apparent paradox may be re-
solved by considering which specific serotonin receptors mediate these effects and how
their distinct signaling properties translate to computational parameters like precision
weighting.

Chapters 2 and 6, although targeting the same neuromodulator and studied via the
lens of active inference, differed in the study design. First, one study is in animals, the
other in humans. Second, the latter work was studied while controlling the psychedelics
consumption dose, thus targeting the 5HT2A receptor. However, the former affected
the serotonergic system from animals’ birth (as the SERT−/− are genetically mutated).
Lastly, humans were in a calm, passive state, while animals moved and explored freely.

These chapters highlight that serotonin modulates prior precision, but in different
directions. Meaning, the psilocybin consumption decreases the priors, while the priors
increase in the SERT−/− animals. In this section, we will speculate how these seemingly
paradoxical results can be reconciled by distinct receptors. First of all, a stimulation of
distinct serotonergic receptors show distinct outputs (Pytliak et al., 2011), questioning
the universality of the computational approaches to serotonin specifically (Doya et al.,
2021; Azmitia, 2020; Daw et al., 2002; Crockett et al., 2009). By only focusing on the two
most described and most influential serotonergic receptors we know of so far—5HT1A
and 5HT2A—we can unite the two chapters and their opposite findings.

The REBUS theory has made a strong case for explaining the 5HT2A receptors as a
biological mechanism of relaxing the priors by decreasing its precision. This is clearly
aligned with our findings in the psilocybin study (Chapter 6), where we observed increased
brain entropy and dynamics. Meanwhile, Chapter 2 demonstrated that SERT−/− animals
exhibit reduced exploratory whisking behaviour that could be modeled computationally
as decreased sensory precision, leading to increased reliance on priors, which is an effect
that operates in the opposite direction.

Carhart-Harris and Nutt (2017) proposed a model where 5HT1A and 5HT2A receptors
serve complementary but opposing functions: 5HT1A receptors are involved in passive
coping by mediating stress reduction and promoting resilience, while 5HT2A receptors
facilitate active coping through enhanced plasticity and adaptability. According to this
theory, 5HT1A receptor signaling represents the brain’s default response to moderate stress,
while 5HT2A signaling enables major behavioural changes when significant adaptation is
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required.
Importantly, extensive research has demonstrated that 5HT1A receptors show pro-

nounced changes in SERT−/− animals. These receptors exhibit marked desensitization
with a significantly reduced sensitivity to agonist activation, compared to wildtype controls
Araragi et al. (2013). This desensitization is more severe and consistent than changes
observed in other receptor subtypes, where 5HT2A and 5HT2C receptors show variable,
region-specific alterations Li et al. (2003). Furthermore, SERT−/− mice display enhanced
5HT1A receptor-dependent feedback control, with several-fold greater disinhibition of
dorsal raphe neurons when 5HT1A receptors are blocked Soiza-Reilly et al. (2015).

Since we can confidently attribute psilocybin’s effects to 5HT2A receptor activation,
and these effects operate in the opposite direction to what we observed in SERT−/−

animals, this suggests that exploratory behaviour in SERT−/− animals may be primarily
influenced by 5HT1A receptor mechanisms. While SERT knockout affects all serotonergic
receptors due to globally increased extracellular serotonin, the predominant desensiti-
zation of 5HT1A receptors combined with the opposing precision effects we observed
computationally align with the opposing functions attributed to 5HT1A versus 5HT2A
receptors in Carhart-Harris and Nutt (2017) model. Additionally, it was found that the
5HT1A receptor is the most abundant in the mammalian brain, thus both in humans
and rodents Barnes and Sharp (1999). This further supports the possibility that 5HT1A
mediated effects might predominate in shaping the exploratory behaviour of SERT−/−

animals. Our reasoning provides a mathematical underpinning of the theory of the two
serotonergic receptors by Carhart-Harris and Nutt (2017).

It is crucial to note that this receptor-specific interpretation is a theoretical framework
rather than an established mechanism. The SERT−/− model is far more complex than
can be captured by single receptor dynamics. These animals experience lifelong serotonin
elevation from birth, leading to extensive developmental alterations including changes
in glutamate/GABA signaling and compensatory adaptations across multiple receptor
systems Homberg et al. (2010); Ansorge et al. (2004). While studies have documented
altered 5HT1A receptor expression and function in SERT−/− rats (including receptor
desensitization and reduced autoreceptor function) Fabre et al. (2000); Li et al. (1999),
and have shown that 5HT1A receptors are more severely affected than other serotonin
receptor subtypes Holmes et al. (2003), no research has definitively attributed their
behavioural phenotype to any single receptor subtype. The computational patterns we
observe provide one possible lens for organizing these complex effects, but should not be
taken as evidence for simple receptor-specific mechanisms. Rather, they highlight how
precision-based frameworks might help generate testable hypotheses about the diverse
manifestations of serotonergic dysfunction, for instance about the function of 5HT1A in
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SERT−/−.
Having strengthened the case that serotonin is central to regulating the sensory

precision parameter, how can this idea be united with Chapters 4 and 5, where we
demonstrated the function of precision in body ownership and account for the limitations
of precision in action-perception cycle?

7.2 Precision and body ownership

Precision is so well integrated in the neuronal function, and is essential to regulate
uncertainty in the environment. In addition, it has been reported to be particularly
relevant when treating illusions (Brown et al., 2013; Deneve and Jardri, 2016). This
provides a motivation for investigating precision estimation in bodily illusions, specifically.

As a proof of principle that the precision is fundamental in body illusion, we used the
rubber hand illusion (RHI) as a proxy (Botvinick and Cohen, 1998) in Chapter 4, showing
that RHI can be simulated by precision learning and its modulation. In addition, we also
built an account of a rhythmic limit of neuronal architecture to the perception-action cycle
using a proxy of attention in Chapter 5. This cycle is argued to be essential for correct
body movement and estimation. The question then is, how are these cognitive abilities
modulated by serotonin, since precision is behind both serotonin and body ownership?

First of all, Influential computational neuroscience accounts, such as active inference,
place precision as an essential component for the correct body estimation, and propriocep-
tion in general (Seth and Friston, 2016; Limanowski, 2022; Brown et al., 2013; Hinz et al.,
2018). These theories suggest that the brain maintains the body model, where the goal
is to continuously integrate multisensory inputs. Here, precision control serves as a key
mechanism for balancing different sensory inputs (Seth and Friston, 2016). Specifically,
precision weighting allows the brain to contextually modulate the processing of visual
versus proprioceptive information in a top-down manner (Limanowski, 2022). A crucial
aspect of this process is that proprioceptive information, despite its fundamental impor-
tance for body perception and action control (Sakamoto et al., 1989), can be selectively
attenuated to facilitate the integration of novel or conflicting visual feedback (Lanillos
et al., 2021). This has been demonstrated both in static scenarios like the rubber hand
illusion, where proprioceptive attenuation helps resolve visuo-proprioceptive conflicts
(Botvinick and Cohen, 1998), and in dynamic contexts like visuomotor adaptation, where
it aids in learning new sensorimotor connections (Bernier et al., 2009). The neuronal
implementation of this precision control appears to operate through modulation of control
gain in sensory cortices, particularly affecting activity in somatosensory areas during peri-
ods of sensory conflict (Zeller et al., 2016). This conceptualization provides a mechanistic
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explanation for how the brain can maintain a coherent body representation while still
allowing for the flexibility needed to adapt to changing circumstances or incorporate tools
and prosthetics into the body schema (Maravita and Iriki, 2004).

The framework builds on the Chapter 4, where we used the RHI experiment to show
that the precision is central to the correct body estimation, and Chapter 5 which argued
for a perception-action cycle for attention, modulated by rhythmic attention. Given
the support for the importance of precision in body estimation, and demonstrating that
serotonin modelled as sensory precision explains empirical findings on this neuromodulator,
the next section looks at the connection between serotonin and body estimation.

7.3 Serotonin and body ownership

The relationship between precision weighting and body ownership described above provides
some indications for serotonin’s role from the early demonstrations, showing that serotonin
follows the precision computation (i.e., the physiological action of serotonin is the biological
manifestation of precision modulation). This connection manifests itself across multiple
domains, from basic postural control to targeting more complex cognition that may result
in self-dissolution. Both cases offer unique insights into how serotonergic signaling shapes
our sense of embodiment.

Serotonin has been suggested to play a role in postural control, with studies showing
that serotonergic neurons in the raphe nuclei project extensively to motor neurons in
the spinal cord and influence muscle tone regulation (Tierney and Mangiamele, 2001;
Harris-Warrick and Kravitz, 1984; Jacobs et al., 2002; Hornung, 2003; Ghosh and Pearse,
2015). This regulatory function is further evidenced by the serotonin syndrome, where
excessive serotonergic activity leads to, apart from the most recognized increase of body
temperature, muscle rigidity (Boyer and Shannon, 2005; Simon et al., 2024). Furthermore,
developmental studies demonstrate serotonin’s critical role in postural maturation (Pflieger
et al., 2002).

The link between the serotonergic function and body ownership becomes particularly
evident in cases of dystonia, where abnormal muscle contractions lead to unusual postures
(Smit et al., 2016). Interestingly, classical psychedelics have been reported to alleviate
certain forms of dystonia and other motor disorders (Stewart et al., 2020), although it
should be noted that dopaminergic drugs are often used in clinics for these disorders, as they
are most effective (Calne, 1981). This therapeutic effect of serotonin might be explained
through the precision-modulating framework and the REBUS theory. Speculatively,
psychedelics could therefore help reset abnormal sensorimotor patterns that maintain
dystonic postures by altering the precision weighting of proprioceptive signals.
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Perhaps the most striking evidence for serotonin’s role in body ownership comes
from the phenomenon of ego dissolution during psychedelic experiences. When classical
psychedelics activate 5HT2A receptors, they can induce strong alterations in the sense
of self and body ownership (Nour et al., 2016), characterized by a dissolution of the
boundary between self and environment. These experiences can be understood as an
extreme case of precision modulation, where psychedelics decrease the precision of prior
beliefs about body ownership and self-boundaries, temporarily disrupting the normal
hierarchical processing that maintains our sense of embodied self (Millière, 2022). This
mechanism aligns well with the precision account developed earlier in this thesis. Just as
precision modulation helps resolve sensory conflicts in the rubber hand illusion (Chapter
4), serotonergic modulation of precision appears to regulate the broader integration of
multisensory signals that constitute our sense of bodily self. The dramatic alterations in
self-perception induced through serotonergic mechanisms further supports the argument
that serotonin functions as a key precision modulator in perceptual hierarchies.

This basic function demonstrates serotonin’s involvement in proprioceptive precision—
the accuracy with which we sense and maintain our body’s position in space. Alterations in
serotonergic function can lead to postural instability and motor control issues, suggesting
that serotonin behaves as the precision of proprioceptive signals used for maintaining
balance and posture, in line with the general function of precision on proprioception (Seth
and Friston, 2016; Limanowski, 2022).

7.4 Other computational models of serotonin

In this thesis, we argue that the main function of serotonin is the precision adaptation
in an active inference framework. However, there are several other computational works
suggesting alternative homologues for serotonin compared to our view of a precision mod-
ulator. First, Miyazaki et al. (2018, 2020) suggested that the stimulation of serotonergic
neurons leads to an overestimation of the prior probability of reward delivery, or also
in confidence of reward acquisition. This work is derived from a different background
looking at the reward mechanism instead of the exploratory one which was motivated
from our end. Notably, such reward-based frameworks would be unable to reproduce the
effects observed in our whisking simulations, which operate in a reward-free setting and
demonstrate serotonin’s role in sensory processing independent of reward contingencies.
This means that the models do not necessarily need to argue for opposite, just for distinct
functions for distinct goals. Nevertheless, as confidence of reward acquisition can simply
be seen as a precision of probability of reward acquisition, it supports the view that
serotonin modulates precision across different domains. As the sensory precision will
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modulate the exploratory mechanisms, the reward mechanism could exploit the precision
of acquiring a given goal.

In addition to the reward-based approach, Dayan and Huys (2008) proposed a com-
putational model linking serotonin’s role in behavioural inhibition to mood disorders.
Their model conceptualized trains of thought as actions that navigate through different
states, with serotonin enabling inhibition of thought patterns predicted to lead to negative
outcomes. They demonstrated that when serotonin levels are high, thoughts leading to
negative outcomes are adaptively pruned, resulting in an optimistic bias. However, when
modelling sudden serotonin depletion, this protective mechanism fails, leading to greater
exposure to negative outcomes and large negative prediction errors.

While the inhibition-based model focuses primarily on serotonin’s role in behavioural
inhibition, it could potentially be integrated with our account of serotonin as a sensory
precision modulator. In Dayan and Huys (2008), serotonin helps inhibit actions associated
with negative outcomes. We propose this could be reinterpreted through precision: when
encountering situations previously associated with aversive experiences, an agent with
high serotonin levels might assign lower precision to new sensory information about these
negative experiences and higher precision to prior expectations of avoiding harm. This
precision balance would effectively prune thought patterns leading to negative states.
Conversely, low serotonin might lead to assigning high precision to negative sensory
information while maintaining low precision for optimistic priors, resulting in rumination
on negative experiences. This recasting of the inhibition-based model in precision terms
could potentially unify seemingly disparate accounts of serotonergic function.

A third computational account by Lottem et al. (2018) challenged the behavioural
inhibition theory through a carefully designed foraging task. In traditional paradigms,
waiting for rewards is often conflated with behavioural inhibition. To address this, they
developed a task where mice had to actively nose-poke at reward ports to obtain water.
In this ’probabilistically declining schedule’, each successive nose-poke had a decreasing
probability of yielding a reward, eventually reaching zero. This design required mice to
decide when to abandon a depleting reward port in favor of an alternative one. The
behavioural inhibition hypothesis, which suggests serotonin primarily suppresses actions,
would predict that activating serotonergic neurons should decrease active nose-poking
behaviour and cause mice to abandon ports sooner. However, using optogenetic activation
of dorsal raphe serotonin neurons, Lottem et al. (2018) found the opposite: stimulation
increased the number of nose-pokes mice would perform before giving up on a reward
port.

Their results demonstrated that serotonin promotes active persistence, or in other
words the continuation of effortful behaviour despite diminishing returns, rather than
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passive waiting or inhibition. This behaviour was well-captured by a proportional hazards
model, a statistical framework commonly used in survival analysis. In this model, the
’hazard rate’ represents the probability of switching from one reward port to another at any
given moment. Serotonin activation reduced this hazard rate, meaning it decreased the
probability that mice would abandon their current action. This study thus demonstrated
that the serotonergic function in waiting and patience cannot be reduced to simple
behavioural inhibition. The findings align well with treating serotonin as a sensory
precision modulator, as by increasing the weight given to prior beliefs about reward
availability, serotonin could promote behavioural persistence even in the face of reward
omissions. However, the exact computational framework linking these perspectives remains
to be developed formally.

In conclusion, we support the precision-modulation framework over alternative models,
as it offers a more comprehensive explanation for diverse effects of serotonin across
behavioural contexts. However, the limitations particularly arise when addressing receptor-
specific effects, and due to its largely theoretical focus. To test this model, future
studies should directly measure precision-weighting during serotonergic manipulation,
perform causal experiments independently manipulating both serotonin and precision, and
design tasks that dissociate sensory and prior precision to determine if receptor-specific
serotonergic agents affect these components as predicted. While the precision-modulation
framework is testable through its specific predictions, only future empirical studies will
ultimately determine whether the modelling efforts are confirmed or falsified.

7.5 Limitations

Despite the robust theoretical framework that the Free Energy Principle (FEP) provides
for understanding serotonergic function as precision modulation, several limitations of
this approach should be acknowledged. A notable criticism of the FEP, which emerges
implicitly throughout this thesis, concerns its quite complex mathematical abstraction
and the challenges in translating these theories into falsifiable empirical predictions.
While our applications of precision modulation to whisking behaviour, body ownership,
and psychedelic states demonstrate the principle’s explanatory power, the gap between
computational formalism and measurable neural mechanisms remains substantial. The
flexibility of FEP in explaining diverse phenomena could be viewed as both a strength
and a potential weakness, raising questions about whether the framework risks becoming
unfalsifiable when parameters can be adjusted to fit observed behaviours post-hoc.

Additionally, the thesis reveals a tension between the universality claimed by the
FEP and the receptor-specific effects observed in serotonergic function. As discussed
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in above, the opposing effects of different serotonin receptors (5HT1A versus 5HT2A)
on precision weighting illustrate that biological reality may be more complex than a
unified computational principle suggests. This complexity is particularly evident when
attempting to reconcile seemingly contradictory findings from SERT knockout animals
and psilocybin studies. While the precision-modulation framework provides a valuable
theoretical background for understanding these observations, it will require further
refinement to accommodate the nuanced, receptor-specific mechanisms that underlie
serotonergic function in different behavioural and pharmacological contexts.

7.6 Conclusion and future directions

By treating biological brain processes as computational mechanisms, it was demonstrated
that serotonin might play a critical role as a precision parameter. This was studied both in
human and animal contexts, strengthened with theoretical work on attention and illusion.
We aligned our finding of serotonin with the REBUS theory stating that psychedelics
relax the weight of priors by modulating the precision parameter in the brain. It was
also speculated on its influence in modulating both attention and body ownership via
ego dissolution and motor disorders. However, this link is only indirect, and has to be
strengthened with future studies specifically aiming to build a better understanding of
serotonin as a precision modulator in attention and body ownership. Although this thesis
has built a starting path by demonstrating that serotonin acts as a sensory precision
parameter, either with the whisking and humanoid project, or with the psychedelics
research, there is still more to be done to establish clear link between serotonin, precision,
and body ownership and attention. Future computational modelling experiments could
directly test these implications.
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Appendices

8.1 Summary

While theoretical models have increasingly embraced Bayesian frameworks—mathematical
methods that combine prior knowledge with new evidence to make optimal predictions—to
explain neural processing, there remains a significant gap in understanding how these
mathematical principles are implemented in the biological brain. Specifically, we lack
clarity on how neuromodulators like serotonin translate abstract computational parameters
into neural activity. This thesis addresses this knowledge gap by proposing that serotonin
serves as a biological homologue of precision modulation in predictive processing. This is
tested and corroborated within experiments focusing on exploratory behavior, perceptual
illusions, and altered states of neuronal activity induced by psychedelics.

The investigation of serotonergic modulation in rodent whisking behavior reveals how
precision weighting may serve as a key mechanism by which this neurotransmitter system
influences sensory processing or active sensing. Using an active inference framework, the
research demonstrates that serotonin may fundamentally act to modulate the precision
of sensory inputs and/or prior habits, thereby regulating exploratory behavior and
environmental sampling.

The robotics work translates these biological insights into physical artificial sys-
tems, showing how precision-based active inference can guide autonomous behavior. By
implementing precision-weighted sensory processing in a humanoid robot, this study
demonstrates how this framework can enable adaptive sensorimotor control and efficient
information seeking behavior in artificial agents.

The theoretical work on attention and body ownership illusions builds on the theme

236
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of precision-control in embodied systems. The thesis then directly demonstrates how
precision modulation can explain both perception and action. Through mathematical
modeling of the rubber hand illusion, the research shows how the brain might arbitrate
between competing models of sensory input via precision-weighted inference, providing a
novel account of how body ownership experiences emerge.

The analysis of psilocybin’s effects on neural dynamics demonstrates that this com-
pound, which work as a serotonergic agent, may work by elevating the chaotic responses
in the brain, supporting the theory that psychedelics decrease the precision of hierarchical
neural communication. Through EEG microstate analysis and approximate entropy
measures, the results show that psilocybin increases the transition rate and complexity
of brain states, suggesting a fundamental reorganization of neural dynamics through
precision modulation.

The thesis concludes with a discussion exploring how the serotonergic system may
influence the integration of proprioceptive signals leading to a sense of body, and further
evaluating alternative computational frameworks for understanding serotonergic function
across different neural and behavioral domains.
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8.2 Samenvatting

Terwijl theoretische modellen steeds meer Bayesiaanse raamwerken omarmen om neu-
rale verwerking te verklaren, blijft er een grote kloof bestaan in het begrijpen hoe deze
wiskundige principes worden geïmplementeerd in het biologische brein. Specifiek ont-
breekt het ons aan duidelijkheid over hoe neuromodulatoren zoals serotonine abstracte
computationele parameters vertalen in neurale activiteit. In dit proefschrift wordt dit
vraagstuk aangepakt door voor te stellen dat serotonine dient als een biologische ho-
moloog van precisiemodulatie in voorspellende verwerking. Dit wordt getest en bevestigd
in experimenten die zich richten op exploratief gedrag, perceptuele illusies en veranderde
toestanden van neuronale activiteit veroorzaakt door psychedelica.

Het onderzoek naar serotonerge modulatie in het fluistergedrag van knaagdieren
onthult hoe precisieafweging kan dienen als een belangrijk mechanisme waarmee dit neu-
rotransmittersysteem sensorische verwerking of actieve detectie beïnvloedt. Met behulp
van een raamwerk voor actieve inferentie toont het onderzoek aan dat serotonine funda-
menteel kan werken om de precisie van zintuiglijke input en/of voorafgaande gewoonten
te moduleren, waardoor exploratief gedrag en het onderzoeken van de omgeving worden
gereguleerd.

Het roboticawerk vertaalt deze biologische inzichten naar fysieke kunstmatige systemen
en laat zien hoe op precisie gebaseerde actieve inferentie autonoom gedrag kan sturen.
Door het implementeren van precisie-gewogen sensorische verwerking in een humanoïde
robot, laat dit onderzoek zien hoe dit raamwerk adaptieve sensorimotorische controle en
efficiënt informatiezoekend gedrag in kunstmatige agenten mogelijk kan maken.

Het theoretische werk over aandacht en lichaamseigendom illusies bouwt voort op het
thema van precisie-controle in belichaamde systemen. Het proefschrift toont vervolgens
direct aan hoe precisiemodulatie zowel perceptie als actie kan verklaren. Door middel
van wiskundige modellering van de rubberen hand illusie laat het onderzoek zien hoe de
hersenen zouden kunnen arbitreren tussen concurrerende modellen van zintuiglijke input
via precisie-gewogen inferentie, wat een nieuwe verklaring biedt voor hoe lichaamseigendom
ervaringen ontstaan.

De analyse van de effecten van psilocybine op neurale dynamica toont aan dat
deze verbinding, die werkt als een serotonerge stof, mogelijk werkt door de chaotische
reacties in de hersenen te verhogen, wat de theorie ondersteunt dat psychedelica de
precisie van hiërarchische neurale communicatie verminderen. Door middel van EEG
microstatus analyse en benaderende entropiematen laten de resultaten zien dat psilocybine
de overgangssnelheid en complexiteit van hersentoestanden verhoogt, wat wijst op een
fundamentele reorganisatie van neurale dynamiek door precisiemodulatie.
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Het proefschrift sluit af met een discussie waarin wordt onderzocht hoe het serotonerge
systeem de integratie van proprioceptieve signalen kan beïnvloeden, wat leidt tot een gevoel
van lichaam, en waarin alternatieve computationele raamwerken voor het begrijpen van
serotonerge functie in verschillende neurale en gedragsdomeinen verder worden geëvalueerd.
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8.3 Research Data Management

Data Management

Mathematical models and simulation algorithms developed for Chapters 2-5 operate
independently of any subject data and focus purely on theoretical neuroscientific concepts.
The research in Chapter 6 utilized high-density EEG data from a 64-channel BrainAmp
MR Plus system, acquired from the PSICONNECT study (ACTRN12621001375842) at
Monash University. This dataset captured neural activity across multiple cognitive states
recorded both before and after psilocybin administration. Data ownership and usage
rights were established through formal agreements with Monash University as the primary
data custodian, with access permissions secured through official data sharing protocols.

Ethical Approval

The original data collection received full ethical clearance from Monash University Human
Research Ethics Committee and maintains registration with the Australian New Zealand
Clinical Trials Registry (ACTRN12621001375842).

All participants provided written informed consent for data collection and future
research applications, with consent documentation explicitly covering potential data
sharing for scientific research purposes. All data were fully anonymized by the original
research team with participant identifiers removed and replaced with anonymous codes,
ensuring privacy safeguards were maintained throughout all stages of data handling and
analysis.

Findability and Accessibility

The source dataset originates from research conducted at Monash Biomedical Imag-
ing, Australia, spanning February through December 2022. Dataset archival follows
Monash University’s institutional data management framework, with future public re-
lease planned following primary publication of the PSICONNECT findings. Data access
requests should be directed to the PSICONNECT principal investigators: Devon Stoliker
(devon.stoliker@monash.edu) and Adeel Razi (adeel.razi@monash.edu).
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8.4 Curriculum Vitae
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8.5 Portfolio

Courses Organizer Year

Introduction Day Radboud University 2021
Human-Robot Interaction Radboud University 2022
Scientific Integrity Course Radboud University 2025
Mathematics for Biologists (Teaching) Radboud University 2023, 2025

External lectures and conferences

Title Role Year

European Conference on Visual Perception (Nether-
lands)

Poster Presentation 2022

3rd International Workshop on Active Inference
(France)

Verbal Presentation 2022

Serotonin & Beyond Conference (France) Verbal Presentation 2022
Dutch Neuroscience Meeting (Netherlands) Poster Presentation 2023
Living Machines Conference (Italy) Verbal Presentation 2023
Serotonin & Beyond Conference (Germany) Verbal Presentation 2023
Serotonin & Beyond Conference (Italy) Verbal Presentation 2024
BRAINNET Conference (Sweden) Verbal Presentation 2025
Collective Dynamics and Information Processing in
Neural Systems (Italy)

Poster Presentation 2025

Computational Neuroscience Meeting (Italy) Poster Presentation 2025

Research experience and internships

Institution Supervisor Year Duration

University College London Berk Mirza, Noor Sajid 2021 6 months
University of Florence Alessandro Scaglione,

Francesco Resta
2023 3 months

Monash University Adeel Razi 2024 6 months
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particularly useful when setting up models. Mostly, though, the fact that she started the entire
Serotonin & Beyond network, that I had the pleasure to be part of, is admirable and I benefited
a lot both from seeing small details of running such an organization, while being shielded from
much of the administrative burden.

Lastly, it was a great pleasure to have Tom as an external supervisor on board. His insights
and wide, yet integrated, knowledge of the neuroscientific findings is something I have always
admired. I have learned a lot from him, and the aim to write academic texts with such clarity is
something I will always strive for, with the goal of reaching his level one day.

I am particularly grateful for the opportunity to spend part of my PhD in Florence and
Melbourne, experiences that enriched both my research and personal perspective. In Italy,
Alessandro and Francesco welcomed me into their lab and introduced me to fascinating new
analytical approaches, while also allowing me to discover the beauty of Florence. Their mentorship
opened up new methodological horizons that taught me how to see and approach neuronal data.
My time in Australia was equally transformative, thanks to Adeel’s guidance in analyzing a
compelling psilocybin dataset. In Australia, I could also spend some (or more) time in Jakob’s
lab, full of philosophers, which often ended up in quite engaging discussions.

People I could directly work with made my projects so much easier. It was amazing to work
with Ajith, a great scientist I could collaborate with on two projects. As a very knowledgeable
roboticist, his insights in technical understanding are truly astonishing to me. Thanks to Simon
and Joshua, also technically minded coworkers, I had a great time working on our small robotics
project, where all of us learned a lot.

I would also like to acknowledge all my great lab mates. Cheers to the musician Nicolas,
whose talks about the scientific endeavor were both a source of excitement, and a way to ventilate
our frustration at the same time. Mostly, though, he could teach me to play on guitar, which I
won’t forget, as it is stuck in my fingers now. Tousif, the best world tourist I’ve ever met, could
come up with great events by himself – quite literally – and provided not one, but two coffee
machines for the lab, which is beyond appreciation. Farhad’s easygoing nature and and all the
funny teasing made everybody around him laugh, creating some great moments that will stick in
my mind.

I feel very fortunate to have friends who, throughout the years we lived in different countries,
are still very close to me. Starting with my German twin Katharina, who was that patient to
listen to all my problems during the PhD struggles, and did not complain at all. My friend Walter
gave me lots of inspiration, both through his reading recommendations and his questions about
science, which were quite motivating. He would show me that philosophy of science is particularly
great to know of, especially if you work as a scientist. I am quite lucky that I could have Rao
around, almost throughout the entire PhD whose energetic and easygoing nature made life in
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Nijmegen more engaging. Lastly, thanks to Daniel, whose philosophical night talks during our
bachelor’s studies actually started my scientific career, though he would never take credit for that.
Though, I appreciate him even more for his sense of humor which is just perfect.

Finally, I want to acknowledge my mother, whose endless support has been the foundation
of my entire life-long academic journey. Her dedication allowed me to pursue my studies with
complete focus, as she skillfully managed countless details and challenges that I have only come
to fully appreciate now. While there will be many future occasions to properly express what your
guidance has meant to me, I want to recognize here that this achievement is as much yours as it
is mine. Thank you for everything.
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8.8 Donders Graduate School
For a successful research Institute, it is vital to train the next generation of scientists. To achieve
this goal, the Donders Institute for Brain, Cognition and Behaviour established the Donders
Graduate School in 2009. The mission of the Donders Graduate School is to guide our graduates
to become skilled academics who are equipped for a wide range of professions. To achieve this, we
do our utmost to ensure that our PhD candidates receive support and supervision of the highest
quality.

Since 2009, the Donders Graduate School has grown into a vibrant community of highly
talented national and international PhD candidates, with over 500 PhD candidates enrolled.
Their backgrounds cover a wide range of disciplines, from physics to psychology, medicine to
psycholinguistics, and biology to artificial intelligence. Similarly, their interdisciplinary research
covers genetic, molecular, and cellular processes at one end and computational, system-level
neuroscience with cognitive and behavioural analysis at the other end. We ask all PhD candi-
dates within the Donders Graduate School to publish their PhD thesis in de Donders Thesis
Series. This series currently includes over 600 PhD theses from our PhD graduates and thereby
provides a comprehensive overview of the diverse types of research performed at the Donders
Institute. A complete overview of the Donders Thesis Series can be found on our website:
https://www.ru.nl/donders/donders-series

The Donders Graduate School tracks the careers of our PhD graduates carefully. In general,
the PhD graduates end up at high-quality positions in different sectors, for a complete overview see
https://www.ru.nl/donders/destination-our-former-phd. A large proportion of our PhD alumni
continue in academia (>50%). Most of them first work as a postdoc before growing into more
senior research positions. They work at top institutes worldwide, such as University of Oxford,
University of Cambridge, Stanford University, Princeton University, UCL London, MPI Leipzig,
Karolinska Institute, UC Berkeley, EPFL Lausanne, and many others. In addition, a large
group of PhD graduates continue in clinical positions, sometimes combining it with academic
research. Clinical positions can be divided into medical doctors, for instance, in genetics, geriatrics,
psychiatry, or neurology, and in psychologists, for instance as healthcare psychologist, clinical
neuropsychologist, or clinical psychologist. Furthermore, there are PhD graduates who continue
to work as researchers outside academia, for instance at non-profit or government organizations,
or in pharmaceutical companies. There are also PhD graduates who work in education, such as
teachers in high school, or as lecturers in higher education. Others continue in a wide range of
positions, such as policy advisors, project managers, consultants, data scientists, web- or software
developers, business owners, regulatory affairs specialists, engineers, managers, or IT architects.
As such, the career paths of Donders PhD graduates span a broad range of sectors and professions,
but the common factor is that they almost all have become successful professionals.

For more information on the Donders Graduate School, as well as past and upcoming defences
please visit: http://www.ru.nl/donders/graduate-school/phd/



S
E

R
O

TO
N

IN
 IN

 TH
E

 B
AY

E
S

IA
N

 B
R

A
IN

Filip N
ovický

7
7

9

9 789465 151793


	Contents
	Chapter 1 General Introduction
	Chapter 2 Active inference, whisking, and serotonin
	Chapter 3 Robotic active tactile sensing inspired by serotonergic modulation using active inference
	Chapter 4 Precision not Prediction: Body-ownership illusion as a consequence of online precision adaptation under bayesian inference
	Chapter 5 Reclaiming saliency: Rhythmic precision-modulated action and perception
	Chapter 6 Psilocybin Accelerates EEG Microstate Transitions and Elevates Approximate Entropy
	Chapter 7 General Discussion
	Chapter 8 Appendices



