
The brain as a generative model:
information-theoretic surprise in learning

and action

Dissertation

zur Erlangung des akademischen Grades

Doktor der Naturwissenschaften (Dr. rer. nat. / Ph. D.)

am Fachbereich Erziehungswissenschaften und Psychologie

der Freien Universität Berlin

vorgelegt von

Sam Gijsen, M. Sc.

Berlin, 2022



Erstgutachter: Prof. Dr. Felix Blankenburg, Freie Universität Berlin

Zweitgutachter: Prof. Dr. Stefan Kiebel, Technische Universität Dresden

ii



iii



Acknowledgments

First of all, I would like to thank Prof. Felix Blankenburg for the supervision and always

o↵ering time for discussion and help. I am very grateful for all the freedom I was entrusted

over these last years which allowed me to explore various topics, but also for the occasional

and necessary course corrections.

I would like to thank Prof. Arno Villringer for functioning as a second supervisor and

his deliberate advice. Furthermore, I am grateful to Prof. Stefan Kiebel for agreeing to

review my dissertation as well as to Prof. Radoslaw Martin Cichy, Prof. Ste� Pohl, and

Dr. Timo Torsten Schmidt for agreeing to join the doctoral committee.

My thanks go out to the Berlin School of Mind and Brain and the Deutsche Akademis-

cher Austauschdienst for the continued support, financially and otherwise.

I also thank all the great members of the NNU, past and present, as well as associates:

Alex, Christian, Daniela, Dirk, Evgeniya, Gian, Guido, Isil, Jona, Lisa, Pia, Robert, Till,

Timo, Yuan-Hao, and especially Miro, for working on PhD challenges together. I really

appreciate everyone’s help and thank you for making the time at the NNU so enjoyable.

I am sincerely grateful to the family and friends around me. To Fiona, for always being

there and for the invaluable inspiration. To my parents, Chrit and Lilian, and my sisters,

Karolien and Suzan, for their support as well as enabling and encouraging me to choose my

own way.

iv



TABLE OF CONTENTS

Abstract . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . vii

Zusammenfassung . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . viii

List of abbreviations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . x

List of original research articles . . . . . . . . . . . . . . . . . . . . . . . xi

Chapter 1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.1 The brain as a generative model . . . . . . . . . . . . . . . . . . . . . . 3

1.1.1 Bayes and perceptual learning . . . . . . . . . . . . . . . . . . . . 4

1.1.2 Action via reinforcement learning . . . . . . . . . . . . . . . . . . 6

1.2 Information theoretic concepts to investigate learning and action . . . . 8

1.2.1 Surprise about the future . . . . . . . . . . . . . . . . . . . . . . 13

1.2.2 Surprise in perceptual learning . . . . . . . . . . . . . . . . . . . 16

1.2.3 Active inference for action . . . . . . . . . . . . . . . . . . . . . . 18

1.3 Paradigms and modeling . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

1.3.1 The roving-stimulus paradigm and the two-step task . . . . . . . 21

1.3.2 Modeling . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24

1.4 Aim of the thesis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

Chapter 2 Summary of empirical studies . . . . . . . . . . . . . . . . . . . . . . 32

2.1 Model fitting and comparison . . . . . . . . . . . . . . . . . . . . . . . . 32

2.2 Study 1 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

2.3 Study 2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

2.4 Study 3 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37

Chapter 3 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

3.1 Perceptual learning as probabilistic inference . . . . . . . . . . . . . . . 40

3.1.1 Surprise signatures during learning . . . . . . . . . . . . . . . . . 44

3.2 Surprise computation for action selection . . . . . . . . . . . . . . . . . 47

3.3 Role of surprise and uncertainty reduction across functional domains . . 52

3.4 Open questions, future directions, and conclusions . . . . . . . . . . . . 56

BIBLIOGRAPHY . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61

v



Appendix . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75

Original work: Study 1 . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75

Original work: Study 2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . 112

Original work: Study 3 . . . . . . . . . . . . . . . . . . . . . . . . . . . . 168

Author contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 184

Eidesstattliche Erklärung . . . . . . . . . . . . . . . . . . . . . . . . . . 186

vi



Abstract

Our environment is rich with statistical regularities, such as a sudden cold gust of wind

indicating a potential change in weather. A combination of theoretical work and empirical

evidence suggests that humans embed this information in an internal representation of the

world. This generative model is used to perform probabilistic inference, which may be

approximated through surprise minimization. This process rests on current beliefs enabling

predictions, with expectation violation amounting to surprise. Through repeated interaction

with the world, beliefs become more accurate and grow more certain over time. Perception

and learning may be accounted for by minimizing surprise of current observations, while

action is proposed to minimize expected surprise of future events. This framework thus

shows promise as a common formulation for di↵erent brain functions.

The work presented here adopts information-theoretic quantities of surprise to investi-

gate both perceptual learning and action. We recorded electroencephalography (EEG) of

participants in a somatosensory roving-stimulus paradigm and performed trial-by-trial mod-

eling of cortical dynamics. Bayesian model selection suggests early processing in somatosen-

sory cortices to encode confidence-corrected surprise and subsequently Bayesian surprise.

This suggests the somatosensory system to signal surprise of observations and update a

probabilistic model learning transition probabilities. We also extended this framework to

include audition and vision in a multi-modal roving-stimulus study. Next, we studied action

by investigating a sensitivity to expected Bayesian surprise. Interestingly, this quantity is

also known as information gain and arises as an incentive to reduce uncertainty in the active

inference framework, which can correspond to surprise minimization. In comparing active

inference to a classical reinforcement learning model on the two-step decision-making task,

we provided initial evidence for active inference to better account for human model-based

behaviour. This appeared to relate to participants’ sensitivity to expected Bayesian surprise

and contributed to explaining exploration behaviour not accounted for by the reinforcement

learning model. Overall, our findings provide evidence for information-theoretic surprise as

a model for perceptual learning signals while also guiding human action.
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Zusammenfassung

Unsere Umwelt ist reich an statistischen Regelmäßigkeiten, wie z. B. ein plötzlicher kalter

Windstoß, der einen möglichen Wetterumschwung ankündigt. Eine Kombination aus the-

oretischen Arbeiten und empirischen Erkenntnissen legt nahe, dass der Mensch diese In-

formationen in eine interne Darstellung der Welt einbettet. Dieses generative Modell

wird verwendet, um probabilistische Inferenz durchzuführen, die durch Minimierung von

Überraschungen angenähert werden kann. Der Prozess beruht auf aktuellen Annahmen,

die Vorhersagen ermöglichen, wobei eine Verletzung der Erwartungen einer Überraschung

gleichkommt. Durch wiederholte Interaktion mit der Welt nehmen die Annahmen mit der

Zeit an Genauigkeit und Gewissheit zu. Es wird angenommen, dass Wahrnehmung und

Lernen durch die Minimierung von Überraschungen bei aktuellen Beobachtungen erklärt

werden können, während Handlung erwartete Überraschungen für zukünftige Beobachtun-

gen minimiert. Dieser Rahmen ist daher als gemeinsame Bezeichnung für verschiedene

Gehirnfunktionen vielversprechend.

In der hier vorgestellten Arbeit werden informationstheoretische Größen der Überraschung

verwendet, um sowohl Wahrnehmungslernen als auch Handeln zu untersuchen. Wir haben

die Elektroenzephalographie (EEG) von Teilnehmern in einem somatosensorischen Paradigma

aufgezeichnet und eine trial-by-trial Modellierung der kortikalen Dynamik durchgeführt.

Die Bayes’sche Modellauswahl deutet darauf hin, dass frühe Verarbeitung in den somatosen-

sorischen Kortizes confidence corrected surprise und Bayesian surprise kodiert. Dies legt

nahe, dass das somatosensorische System die Überraschung über Beobachtungen signal-

isiert und ein probabilistisches Modell aktualisiert, welches wiederum Wahrscheinlichkeiten

in Bezug auf Übergänge zwischen Reizen lernt. In einer weiteren multimodalen Roving-

Stimulus-Studie haben wir diesen Rahmen auch auf die auditorische und visuelle Modalität

ausgeweitet. Als Nächstes untersuchten wir Handlungen, indem wir die Empfindlichkeit

gegenüber der erwarteten Bayesian surprise betrachteten. Interessanterweise ist diese in-

formationstheoretische Größe auch als Informationsgewinn bekannt und stellt, im Rahmen

von active inference, einen Anreiz dar, Unsicherheit zu reduzieren. Dies wiederum kann

einer Minimierung der Überraschung entsprechen. Durch den Vergleich von active infer-

ence mit einem klassischen Modell des Verstärkungslernens (reinforcement learning) bei

der zweistufigen Entscheidungsaufgabe konnten wir erste Belege dafür liefern, dass ac-
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tive inference menschliches modellbasiertes Verhalten besser abbildet. Dies scheint mit

der Sensibilität der Teilnehmer gegenüber der erwarteten Bayesian surprise zusammen-

zuhängen und trägt zur Erklärung des Explorationsverhaltens bei, das jedoch nicht vom

reinforcement learning-Modell erklärt werden kann. Insgesamt liefern unsere Ergebnisse

Hinweise für Formulierungen der informationstheoretischen Überraschung als Modell für

Signale wahrnehmungsbasierten Lernens, die auch menschliches Handeln steuern.
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Chapter 1

Introduction

Humans face significant uncertainty when operating in the world. The brain only has in-

direct access to the environment as it relies on signals arising in the early sensory system,

which has considerable neural noise. Furthermore, it has to deal with fundamental incon-

clusivity such as a 2D image on the retina being an ambiguous projection of a 3D object. A

prominent viewpoint of how our brains overcome such challenges states that we represent

uncertainty and perform probabilistic inference (Knill and Pouget, 2004). Using a gen-

erative model, which includes information about how possible sensory input is caused by

hidden states in the world, the brain is posited to use previous experience and knowledge

of statistical dependencies in the environment to resolve uncertainty. This ultimately fur-

nishes a best guess of the environmental cause of sensory input, with the reliance on prior

knowledge increasing when sensory measurements are less reliable. More specifically, prob-

ability distributions encoding prior beliefs about hidden states, p(s), are combined with

a likelihood describing the probabilities that sensory data is generated by certain states,

p(y|s). These complementary pieces of information may be combined to yield a posterior

belief p(s|y). This inferential process is described by Bayes theorem:

p(s|y) = p(s)p(y|s)
p(y)

where p(y) is the overall probability of observing y across all states s included in the

generative model. Due to the central role Bayes theorem plays in probabilistic inference,

the hypothesis that computation in the brain rests on analogous principles is commonly

referred to as the Bayesian brain hypothesis. Despite a great surge of interest in the previous

two decades, principles underlying the Bayesian brain hypothesis are already found in the

work of Helmholtz, who proposed viewing perception as analysis-by-synthesis (Helmholtz,

1856). Fundamentally, perception is not considered as the recording of raw input, but by

appreciating the faced uncertainties one is naturally led to consider a reliance on prior

knowledge. The act of perception then corresponds to making inferences about the causes
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of input, while learning corresponds to estimating the parameters of the generative model

(Friston, 2005). For a task like learning, it has been thought since at least the work of Hume

to be impossible without prior information, with this knowledge nowadays embedded in No

Free Lunch theorems (Wolpert, 2012). What aspects of human functioning are Bayesian

and to what extent, are open problems relevant to much of contemporary neuroscience.

Nevertheless, a formal account of the encapsulation of prior information in an internal,

generative model and its inversion forms the basis for current widespread views on brain

function.

Once it is assumed that prior knowledge and its integration with new evidence is crucial

to human functioning, it becomes necessary for this knowledge to be optimized so as to

stay synchronized with the environment. This process of aligning the generative model

with novel information has been described as surprise minimization (Friston, 2005) and

it may follow intuitively that selecting the model and its parameters which render new

observations least surprising is an appropriate strategy. As exact Bayesian inference can

be intractable, the brain is often assumed to engage in approximate inference instead (Daw

et al., 2008; Findling et al., 2021). In case belief updates are approximated using variational

inference can the process be shown to correspond to minimizing surprise (Friston et al.,

2006). This suggests a plausible neural framework for probabilistic inference for perception

and learning. By borrowing concepts regarding surprise originating in information theory

(Shannon, 1948), which has close links with probability theory, surprise can be used as

a measure of how informative outcomes are given currently held beliefs. This approach

has been applied in psychology and neuroscience to describe attentional processes (Itti and

Baldi, 2009) and in machine learning (Schmidhuber, 2010). For the study of (perceptual)

learning, various surprise functions (Modirshanechi et al., 2022) have been used to describe

learning behaviour itself (Nevo and Erev, 2012; Schwartenbeck et al., 2015) and model

neural signals (Mars et al., 2008; Kolossa et al., 2015; Amado et al., 2016).

By applying surprise to future potential outcomes, an expectation of surprise may be

computed. As expected surprise corresponds to the estimated mismatch of current be-

liefs with the (future) environment, it can be interpreted as expected information gain

(Schwartenbeck et al., 2013; Friston et al., 2015). In other words, it addresses the question

of ’How much is there to learn?’. Expected surprise has therefore shown up in optimal ex-

ploration strategies by promoting agents to seek and resolve uncertainty (Sun et al., 2011;
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Little and Sommer, 2013). Surprise minimization is thus a perspective that may be used to

describe probabilistic inference in the service of perception and learning on the one hand,

and action on the other. Here we apply information-theoretic surprise quantities to the

empirical study of both perceptual learning and action, which have traditionally been de-

scribed predominantly in a separated fashion and have only recently began to be merged.

By leveraging model comparison methods, we investigate the role of surprise functions 1)

to explain neural learning signals as captured by EEG and 2) to explain human behaviour

on a decision making task.

First, we will briefly review key ideas related to predictive processing in perceptual

learning and a traditional view of action in terms of reinforcement learning. Afterwards, we

describe how information-theoretic views on surprise minimization may be used to bridge

concepts in learning and action using Bayesian and active inference. Finally, the introduc-

tion will present the used experimental paradigms and the modeling approach.

1.1 The brain as a generative model

Under the Bayesian brain hypothesis, the role of prior knowledge is to enable a ’best guess’

of an environmental cause of ambiguous and noisy sensory input. The more accurately prior

knowledge captures the environment, the better resulting inference may be. The specifics

of the context are likely to determine which information may be leveraged. For example,

when considering the temporal domain, environmental structures that change only slowly

over time are better learned across longer time-horizons. This allows for stable knowledge

that is una↵ected by short-term noise. One would also expect that this knowledge is innate

or learned early in life, such that it may be continuously exploited thereafter. A well-

known example concerns the biased human visual perception of line orientation. Specifically,

humans are thought to be biased toward cardinal (horizontal and vertical) orientations,

which matches the distribution of line orientations in natural scenes (Girshick et al., 2011).

Furthermore, infant development of inferring visual line orientation starts soon after birth

and continues into early childhood (Siu and Murphy, 2018). Even more generally, the

hierarchical structure of the visual world, a constant across evolutionary time, is thought

to have contributed to the human hierarchical visual system (Lee and Mumford, 2003).

Ultimately, environmental structure may be recoverable from an organism that maintains a

generative model of its environment (Kiebel et al., 2008). Beside statistics which are stable
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over long time frames, prior beliefs should also capture current stimulus statistics. This

has been tested by exposing people to stimulus distributions and observing that reproduced

samples consider estimates of the mean and variance of the empirical distributions (Jazayeri

and Shadlen, 2010). Less explicitly, a representation of uncertainty has been recovered from

neural data (Strange et al., 2005; Bestmann et al., 2008; McGuire et al., 2014; van Bergen

et al., 2015) as well as behaviour on learning (Meyniel et al., 2015; Heilbron and Meyniel,

2019) and decision making tasks (Bland and Schaefer, 2012; van Bergen and Jehee, 2019).

As mentioned, Bayes provides the degree to which prior knowledge should be traded-o↵

against incoming sensory evidence. This trade-o↵ should depend on how confident we are

about current beliefs and how reliable our observations are. To test the weighting of prior

and incoming information, noise may be manipulated to experimentally trigger changes in

information integration (Mareschal et al., 2013), with basic Bayesian accounts providing

good descriptions of human behaviour (Stocker and Simoncelli, 2006; Vilares et al., 2012;

Wei and Stocker, 2015). In general, the literature suggests a) that humans rely on prior

knowledge as well as b) this information being dynamically weighted against novel evidence.

1.1.1 Bayes and perceptual learning

Given a generative model of the environment, which encodes knowledge about how sensory

inputs result from causes, prediction becomes possible. A theoretical paradigm of predictive

processing has become dominant in many branches of neuroscience, of which the free energy

principle and predictive coding are prominent examples. Generally traced back to similar

starting points as the Bayesian brain hypothesis (Hohwy, 2018), this predictive processing

paradigm frames prediction as a central function of the brain. It allows for a formulation that

leads to approximate Bayesian inference without requiring any knowledge of Bayes theorem.

Indeed, as exact Bayesian inference is often intractable, Bayesian brains may deviate from

strictly Bayes-optimal inference by using approximation and are in theory compatible with

certain probabilistic reasoning errors (Smith et al., 2022). Often, predictions are assumed

to be generated constantly, with resulting errors fulfilling the important role of feedback,

guiding belief updates to lead to better prediction in the future. However, how much weight

should be given to a prediction error in changing prior beliefs? Again, the optimal influence

is provided by Bayes and depends on uncertainty of the prior and the likelihood. As such,

prediction error schemes include precision terms to set the learning rate. This amounts to
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the claim that not only point-estimates are modeled, but also their associated uncertainty.

As predictions are corrected and beliefs become more accurate through iterative interaction,

the world model of an observer should come to more accurately represent the environment.

As we will expand on later, schemes may propose a form of approximate Bayesian inference

through minimizing prediction errors.

The predictive coding scheme constitutes a prominent example and assumes the brain

to contain hierarchies which generate sensory input from higher-level causes (Friston, 2005).

As a consequence, specific roles are assigned to feedforward (or bottom-up) and backward

(or top-down) connections. Top-down connectivity represents the environmental causal

structure, carrying predictions, while bottom-up connections signal resulting prediction

errors. Although a theory such as predictive coding may be grouped under the umbrella of

the Bayesian brain, it is defined through its assumptions that instantiate specific, testable

claims about the brain. As summarized by Gershman (2019), these include a hierarchical,

probabilistic model with a specific approximation family, free energy approximation, and

optimization scheme. The result is that the computational description may be attempted

to be concretely mapped to neuronal populations and their connectivity, allowing for more

specific, testable hypotheses (Bastos et al., 2012).

This framing is attractive as it potentially o↵ers a cohesive description of perception,

learning, and action by applying prediction error minimization to di↵erent timescales (Mil-

lidge et al., 2021). Perception then corresponds to inference about latent environmental

states on short timescales and aims to surmise causes of sensory information in the mo-

ment (Bogacz, 2017). Learning may be mapped to dynamics unfolding across experiences

and interactions with the environment relating to adjustments of the world-model (Friston,

2010). Finally, prediction errors may be minimized by sampling data that best aligns with

predictions generated by the subjective model (Friston et al., 2016). There are consequently

two hypothesized pathways of optimizing predictions: changing the input itself by acting

on the external world or adjusting the model internal to the agent.

Especially predictive coding has received considerable attention investigating its relation

to redundancy reduction and e�cient coding (Huang and Rao, 2011). Earlier work already

noted that rather than fully transmitting sensory input via forward connections, only re-

laying the part of the data that was not predicted leads to minimum redudancy in neural

signaling (Mumford, 1992). This was initially hypothesized for early sensory processing
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using concepts related to information theory (Attneave, 1954; Barlow et al., 1961), with

Rao and Ballard (1999) providing important initial empirical support concerning visual re-

ceptive field e↵ects. The contemporary and neuroscientific theoretical forms of predictive

coding and free energy minimization still stay close to the concept of minimal redundancy

(Huang and Rao, 2011; Millidge et al., 2021). This is an especially important characteristic

for neuroscience as resource constraints are expected to have selected for highly e�cient

algorithms across evolutionary time.

The predictive processing framework has been successfully applied to explain a variety

of phenomena. These include end-stopping (Rao and Ballard, 1999), bistable perception

(where perception oscillates between two interpretations of a constant stimulus; Weilnham-

mer et al. (2017)), as well as perceptual illusions (Watanabe et al., 2018) and repetition

suppression (Auksztulewicz and Friston, 2016). Further, classic learning signals such as the

mismatch negativity and P300 as recorded by electroencephalography (EEG) have been

found to relate to error-signaling and updating dynamics in the perceptual learning domain

(Lieder et al., 2013; Kolossa et al., 2015; Nassar et al., 2019). Similarly, functional MRI

has been used to map brain networks to prediction error signaling (Fouragnan et al., 2018).

The framework also shows promise in aiding the understanding of psychopathology, with

example applications including autism (Van Boxtel and Lu, 2013) and psychosis (Sterzer

et al., 2018). Further, representations of predictions and prediction errors appear to be neu-

rally represented in a segregated manner (Muckli et al., 2015; Kok et al., 2016; Lawrence

et al., 2019). However, studies commonly do not investigate whether alternate models may

also account for the data (Walsh et al., 2020). In sum, despite originating in a perceptual

learning context, the predictive processing paradigm and in particular the predictive coding

implementation has seen widespread application in cognitive computational neuroscience.

1.1.2 Action via reinforcement learning

Implementations of the predictive processing paradigm have some overlap with the field of

reinforcement learning (RL), which has been extensively applied in neuroscience to study

human action and, to a lesser degree, learning. Nevertheless, RL had a di↵erent starting

point, which is arguably captured to a significant degree by the reward hypothesis. It

states that goals may be fully specified as the maximization of the expected value of the

cumulative sum of reward (Sutton and Barto, 2018), with reward being a scalar value at
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each time step. Essentially, the reward signal is used to specify what the agent should

achieve without communicating how it should be achieved. The field of RL is nowadays

incredibly broad and populated by a diverse set of ideas, yet the concept of relying on

reward per se is still present in some of the prominent literature (Silver et al., 2021).

In traditional RL accounts, action-selection uses a mapping from states (e.g. locations

in space or game board positions) to actions based on the relative action values, which

correspond to estimated cumulative reward. This information is described in a value func-

tion, which in neuroscience is often modeled to be learned via reward prediction errors.

This process corresponds to updating the estimated value by computing the delta between

this estimate and the actual observed sum of rewards (Rescorla, 1972). Versions of such a

delta-rule have been shown to approximate Bayesian inference for certain problems (Nassar

et al., 2010; Wilson et al., 2013). Distributional reinforcement learning, which estimates a

distribution over reward rather than relying on a single scalar, has been suggested as an

extension to this framework (Bellemare et al., 2017). Despite the novelty of the applica-

tion, promising evidence has already been provided for its neural implementation in humans

(Dabney et al., 2020; Lowet et al., 2020).

Classical accounts of reinforcement learning have been highly influential by providing

accurate models for dopamine neurons as encoding value and prediction error (Schultz,

1998; Schultz et al., 2017). A large body of literature has also provided great insights into

the underlying neurobiology of choice behaviour (Lee et al., 2012) and the associated reward

prediction error computation (Garrison et al., 2013). Additionally, the manner of temporal

discounting has been investigated in many task-settings (Dayan and Niv, 2008), which

describes the manner by which humans downweigh distant rewards compared to near-term

rewards. A further important contribution of RL has investigated the distinction between

model-free and model-based inference (Daw et al., 2005; Gläscher et al., 2010). A model-

based strategy uses knowledge of the environmental structure, for example by considering

possible transitions between states. This information can be used to more accurately assign

value updates to estimates following an action or sequence of actions as well as enable

planning. A model-free algorithm is instead more habitual and does not rely on a task

model. Rather, updating happens by associating selected actions and visited states directly

with obtained rewards. Humans have been suggested to use a combination of model-free and

model-based estimates (Daw et al., 2011), although this is likely to depend on the context
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(Kool et al., 2016; Castro-Rodrigues et al., 2022). This distinction between strategies has

also been leveraged to investigate psychopathology such as gambling disorder (Wyckmans

et al., 2019) and obsessive-compulsive disorder (Voon et al., 2015).

1.2 Information theoretic concepts to investigate learning and action

Despite conceptual overlap such as prediction errors and approximations to Bayes, RL

has predominantly been used to study choice behaviour, while predictive processing has

been mainly applied to the domains of learning and perception. However, ideas which

spawned from the Bayesian brain hypothesis have the potential to merge these sub-fields

and describe them in a more unified manner. We will introduce concepts originating in

information theory with a focus on surprise, and show how by using these ideas surprise

minimization can be applied across domains. This will in turn enable a description of how

we investigated learning and action using information-theoretic surprise.

Information theory was originally formulated for a communication system and is based

on probability theory, with information closely tied to predictability (Shannon, 1948). If

a stimulus can be predicted, it is said to carry little information. This is also connected

to the concept of minimal redundancy discussed above, which can be equated to minimal

predictability and maximal informativeness (Barlow et al., 1961; Spratling, 2017). The

information content, also called surprisal or simply surprise, can be defined for an event or

observation y 2 Y . Given a (prior) belief about environmental statistics ⇡t(✓) at time t, the

informational surprise is:

PS(y) = � log

Z

✓
p(y|✓)⇡t(✓)d✓ = � log p(y) (1.1)

where the negative logarithm is taken of the subjective (i.e., estimated) probability of ob-

serving y having marginalized over model parameters. This original definition of Shannon’s

surprise will be referred to as predictive surprise PS(y) so as to dissociate it from alternative

definitions introduced below and to free up the term surprise to refer to the general con-

cept of observations deviating from probabilistic prediction. Equation 1.1 states that if the

probability of observing y is low, the event would be considered surprising and consequently

informative. In essence, this is a probabilistic formulation of a prediction error, although it

is unsigned. A generative model enabling accurate predictions will generate low surprise,
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suggesting an intuitively link between surprise minimization, predictive ability, and a fit

generative model. As discussed, mismatches between predicted and actual sensory input

play an important role in probabilistic inference. Faraji et al. (2018) argue that such errors

of prediction result in puzzlement surprise, concerning the initial realization of an existing

discrepancy between beliefs and observation.

In the context of biology, a potential issue with predictive surprise as puzzlement surprise

is that it is insensitive to confidence. Faraji et al. (2018) make the point that many everyday

events are highly unlikely to occur, such as parking next to a specific car in a large parking

lot, but at least on a experiential level do not seem to instantiate surprise as they are

irrelevant to us. In response, it is hypothesized that surprise also requires a commitment to

a belief. For example, the realization that the car in question belongs to a family member

living abroad may suddenly elicit significant surprise. The authors proposed confidence-

corrected surprise, a quantity which scales with the entropy of the prior. Entropy is another

information-theoretic concept and denotes the expected information or predictive surprise

of observing the outcome of a random event:

H(Y ) = E [PS(Y )]

For the current purpose, we apply it to the belief distribution ⇡t to read out the agent’s

confidence or commitment to a belief, said to correspond to the negative entropy:

�H(⇡t) =

Z

✓
⇡t(✓) log ⇡t(✓)d✓

Given a probability distribution, entropy is low if a large portion of the probability mass

is assigned to a small area of the hypothesis space, as prior to further observations the

outcome is highly predictable. The confidence-corrected surprise is then defined as the

Kullback-Leibler divergence (see below) between the agent’s prior and the posterior of a

naive observer, which observed y with an uninformed prior ⇡̂(✓):

CS(y) = KL [⇡t(✓)||⇡̂(✓|y)] (1.2)

Confidence-corrected surprise reads out not only the subjective probability of an event,

but also depends on the confidence associated with this estimated probability. When the
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underlying learning model is fixed, modeling neural signals as predictive or confidence-

corrected surprise allows for the investigation whether surprise computation is sensitive to

distributional uncertainty.

We may also define a relative entropy term by taking the Kullback-Leibler divergence

between two probability distributions (Kullback and Leibler, 1951), e.g. the Bayesian prior

⇡t(✓) and posterior ⇡t+1(✓) (after having observed y):

KL [⇡t(✓)k⇡t+1(✓)] =

Z
⇡t(✓) log

⇡t(✓)

⇡t+1(✓)
d✓ (1.3)

This quantity, when applied to a prior and posterior belief distribution, is also known as

Bayesian surprise and can be used to capture the change of the internal generative model

in response to new observations (Itti and Baldi, 2009).

BS(y) = KL [⇡t(✓)||⇡t+1(✓)] (1.4)

It is not categorized as an initial form of puzzlement surprise as its computation requires

the agent’s posterior, requiring that beliefs have been updated (Faraji et al., 2018). Con-

sequently, by quantifying the change to the belief distribution in response to new data,

Bayesian surprise is a readout function that enables inference of belief updates of a prob-

abilistic learner. A comparison with puzzlement surprise may be interpreted as a contrast

between signals of model inadequacy and model updating (Figure 1A). Finally, confidence-

corrected surprise can be shown to increase with predictive surprise, Bayesian surprise, and

the negative entropy of ⇡t(✓) (Faraji et al., 2018).

The concept of information as defined by Shannon has received considerable attention

in biology and neuroscience and led to the idea of information as a crucial biological re-

source. This is supported by the observation that animals expend substantial amounts of

energy to both obtain and process information (Laughlin et al., 1998; Laughlin, 2001). The

evolution of these ideas was bootstrapped by the field of cybernetics, which broadly dealt

with systems displaying circular causality or feedback (Wiener, 2019), such as an organism

acting on the world and thereby generating and perceiving new input. Research has ex-

plored analogies between Shannon’s initial communication model and the perception-action

cycle (Klyubin et al., 2004; Lungarella and Sporns, 2006; Klyubin et al., 2008; Tishby and

Polani, 2011). This approach has generated extensions to the RL framework by modeling
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not only expected reward but additionally a sensitivity to informational quantities such as

information-gain (Sun et al., 2011), information processing cost (Tishby and Polani, 2011),

or entropy (Schwartenbeck et al., 2015). In this way, it o↵ers additional incentives beyond

pure reward-maximization which hold the potential promise of giving rise to self-organized

intelligent processing.

The current thesis is concerned with incentives that result from pursuing surprise mini-

mization, which can correspond to Bayesian inference when applying the framework of vari-

ational inference. First, recall that the Bayesian brain hypothesis does not require the brain

to perform exact Bayesian inference, which becomes intractable rather quickly as complexity

increases. Instead, approximate inference may be performed, with schemes falling into one

of two broad categories. On the one hand, Monte Carlo methods are sampling-based and

allow for numerical approximations to probability distributions and stay tractable with a

limited amount of samples (Binder et al., 1993). These algorithms correspond to randomly

picking one hypothesis at a time and evaluating their relative probabilities. The longer this

process is repeated, the closer one’s knowledge approaches the full posterior distribution.

Importance sampling (including particle filters) and Markov chain Monte Carlo are classes

of commonly used algorithms (Hastings, 1970). However, finite samples lead to inferential

biases, some of which are systematic and have been shown to match human errors (Sanborn

and Chater, 2016).

More relevant here and as an alternative to non-parametric sampling methods, inference

may be turned into an optimization problem. In such variational approaches, an approxi-

mation to the posterior p(s|y) is proposed (q(s)) which belongs to a family of distributions.

In order to select q(s), consider the following optimization problem:

q̂(s) = argminq(s)KL [q(s)||p(s|y)] (1.5)

with KL [q(s)||p(s|y)] = 0 if q(s) = p(s|y), that is, if our approximation exactly matches

the true posterior. Note that if the true posterior does not belong to the chosen parametric

family, then this equality cannot be achieved and the approximation will always deviate. At

this point, not much progress has been made because the computation of the KL divergence

requires p(s|y). However, a useful reformulation provides the following relation (Ostwald
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et al., 2014; Blei et al., 2017):

log p(y) = KL [q(s)||p(s|y)]� F [q(s)] (1.6)

F [q(s)] =
X

s

q(s) log
q(s)

p(y, s)
(1.7)

The second line describes the variational free energy, F [q(s)], which is known as the negative

of the evidence lower bound, a quantity common in machine learning (Bishop and Nasrabadi,

2006). This is due to the log marginal likelihood, log p(y), also being known as model

evidence as it can be used in Bayesian model comparison to score models based on their

probability of having generated the observed data. We cannot optimize the KL divergence

directly, but due to the relation in equation 1.6, minimizing F [q(s)] is equivalent. This

results from log p(y) being independent of q(s) and thus changes in the KL divergence and

F [q(s)] cancel each other out. As free energy is iteratively minimized it thus also maximizes

model evidence while providing an improved approximation q(s) to the true posterior, of

which the error bound depends on the chosen family distribution. Equivalently stated,

minimizing the KL divergence between the variational and posterior distribution would

minimize the free energy and render it a closer approximation to the log model evidence.

Note that we already saw the negative of log p(y) above as predictive surprise and thus

engaging in this optimization problem furnishes free energy as a bound on surprise. This

means that the average surprise is reduced when observing an event for a second time

(Friston, 2010). Computing surprise per se is often intractable, as in realistic scenarios the

state space can get very large (equation 1.1). Approximate inference provides a manner by

which surprise may be estimated at the cost of giving up guarantees of finding exact poste-

rior beliefs. In experimental work, we may also operationalize surprise by assuming simple

generative models for participants and thereby enabling exact inference. As information

is defined using probability theory, if it plays a role in human functioning it can only be

computed using subjective (i.e. estimated) probability distributions. It is this probabilistic

information which is suggested to be encoded in the internal generative model. The applica-

tion of predictive coding as a neuroscientific hypothesis has provided a formal description of

perception as inference by framing predictive coding as approximate Bayesian inference via

variational inference and thereby bringing it under the Bayesian brain hypothesis (Friston,

2005; Millidge et al., 2021).
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For completeness, we note that if no restrictions are placed on the family distribution in

variational inference, then we are still left with an infinite summation or integral. To make

variational inference practical, restrictions are necessary, which will no longer guarantee

that the true posterior can be obtained. A common restriction is called the mean field

approximation, which assumes that the (approximate) posterior factorizes into the product

of the dimensions of state space:

q(s) =
Y

i

qi(si)

Although it generally works well, this approach is a considerable simplification which can

bias inference similar to sampling approaches. As the occurrence of these inferential errors

may be tested, these restrictions are one way through which hypotheses assuming variational

inference in the brain become falsifiable. For the mean-field approximation, trial-order

e↵ects are part of the resulting biases, which have been observed in human behaviour (Daw

et al., 2008; Sanborn and Silva, 2013; Gershman, 2019).

1.2.1 Surprise about the future

Next, we comment on the relevance of information-theoretic quantities related to surprise

when applied to the future and action, moving beyond perception and learning. To re-

state, by integrating prior and novel information, the parameters of the generative model

may be estimated through observation of the world. Action relates to this process in two

fundamental ways. First, action is ultimately served by learning. That is to say, action

is the process by which we interact with the world to attain our goals, which an accurate

generative model can support, simply by providing more reliable information about the en-

vironment and through planning. By applying probabilistic inference to action, the concept

of planning-as-inference emerges (Botvinick and Toussaint, 2012). By including action and

their outcome dynamics in the generative model, an agent may infer on possible conse-

quences and plan how to reach specific future outcomes. This has especially innovated the

field of goal-directed action through the application of partially-observed Markov decision

processes (POMDPs), in which agents may only have access to ambiguous observations

generated by an underlying state, rather than directly observing these states (Kaelbling

et al., 1998). Here, too, the usefulness of the generative model and its inversion is bounded

by how well the model represents the target.
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Second, integrating action and basing it on probabilistic inference provides an appealing

tool, as action may take on a function beyond reward maximization per se. If maintaining

an accurate generative model is crucial, actions which are predicted to bring about highly

informative states or observations may be assigned greater value (Schwartenbeck et al., 2019;

Sajid et al., 2021). This natural exploration strategy can lead to forms of active learning by

seeking out actions that reduce uncertainty, thereby linking back action to serve learning.

Such a process is enabled by explicitly representing uncertainty and by being able to infer

how actions may lead to changes in beliefs. Whereas learning is concerned with adjusting

model parameters to reduce surprise with regard to current observations, action may aim

to reduce surprise of future observations and thereby deals with expected surprise. As

discussed more detailed in the next sections, both learning and action can thus be used to

infer a generative model of the environment.

More concretely, one extension of the Bayesian brain formulation to action selection

features expected Bayesian surprise as a loss function. This gain can be formulated as

follows:

I(a) =
X

y

p(y|a)KL [p(s|y, a)||p(s|a)] (1.8)

where the agent uses its beliefs about which future observations y result from action a and

weighs their probability by the extent these observations would change the belief distri-

butions as per the KL-divergence, corresponding to Bayesian surprise as described above

(Gershman, 2019). This expectation has been viewed as information gain and its pursuit

by humans has been investigated in psychology (Klayman and Ha, 1987; Nelson, 2005) and

neuroscience (Yang et al., 2016; Mirza et al., 2018) and has been framed as active learning

in machine learning literature, where its used to allow models to query data labels and

explore e�ciently (Sun et al., 2011; Houthooft et al., 2016). As uncertainty about environ-

mental statistics is reduced by biasing action toward high Bayesian surprise, more accurate

beliefs are expected to yield lower (predictive) surprise going forward. That is, maximizing

short-term Bayesian surprise can help minimize predictive surprise over a longer period.

The information gain quantity from equation 1.8 also arises in active inference. This

framework is derived from the free energy principle and describes the exploration-exploitation

trade-o↵ through a probabilistic inference approach (Friston et al., 2006, 2016). It presumes
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an agent that maintains a generative model of its environment. Action selection is based

on the idea of surprise minimization, which yields a single expression combining incentives

for exploration and the realization of an agent’s preferences. The resulting quantity, the

expected free energy, evaluates actions based on (predictive) surprise of potential future

observations. For a comprehensive account of how the expected free energy is derived from

the pursuit of surprise minimization please see Friston et al. (2015). The expected free

energy of action a at time t can be expressed as follows:

Gt(a) = �Ep(ot;⇡t(✓)|at=a) [ln p(ot|C)]
| {z }

Extrinsic Value

�Ep(ot;⇡t(✓)|at=a) [KL (⇡t(✓)|ot, at = ak⇡t(✓))]| {z }
Intrinsic Value

(1.9)

= KL (p(ot;⇡t(✓)|at = a)kp(ot|C))| {z }
Cost

+Ep(⇡t(✓))

h
H(p(ot|✓̂, at = a))

i

| {z }
Expected Ambiguity

(1.10)

where ⇡t(✓) is the belief at time t about statistic ✓, for example an outcome probability, with

the first line highlighting the dual imperative. Specifically, the left-handed p(ot|C) denotes

the prior preferences over outcomes and the right-hand side is the expected information

gain term. The prior preference distribution assigns greater probability to more desirable

outcomes and agents are therefore considered to ’expect’ to realize their preferences. Acting

so as to minimize predictive surprise (in expectation) with respect to prior preferences will

then promote behaviour that leads to preference realization. On the other hand, minimizing

predictive surprise of outcomes based on belief distributions of environmental statistics ⇡t(✓)

requires having accurate beliefs. This entails e↵ective learning, which is promoted by seeking

information via maximizing expected Bayesian surprise. As such, the extrinsic value of a

given action measures how likely prior preferences are realized, while intrinsic value scores

the information gain. The second line shows a di↵erent rewriting of the expected free

energy. The cost term indicates how close the belief distribution of observations conditional

on action a is to the distribution over prior preferences. Meanwhile, the ambiguity term

captures the entropy H of the observation likelihood under the most likely value of the

probability ✓̂, which when minimized promotes actions that are most informative. Indeed,

given that entropy is expected surprise, behaviour that aims to minimize surprise of future

events can be framed as entropy minimization. Practically speaking, uncertainty is often

high in a novel environment and therefore information gain incentives will tend to drive

behaviour. Over time, there will remain less to learn and thus behaviour will shift towards
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realizing prior preferences instead. Following this theoretical introduction, next we will

summarize the empirical literature on surprise relevant to the experimental work of the

thesis.

1.2.2 Surprise in perceptual learning

Attempting to study learning in the absence of explicit behaviour by which internal beliefs

are read out, begs the question of how the learning process can be probed. Here we focus on

the concept of readout functions, which provide quantities hypothesized to be relevant to

the neural learning process. To the extent that humans engage in mismatch computation,

the aforementioned surprise functions can be considered as readout functions to infer on the

underlying learning process as their progression over time is a function of the observations

and the beliefs about task-relevant statistics. Of these, the observations are directly known

to the experimenter, while the evolution of model parameters (i.e., learning) is the process of

interest and depends on the (hypothesized) computational model, which is not only known

but even specified. Thus, the dynamics of surprise across time can be regressed against

neural signals to infer on their relative plausibility as descriptions of neural computation,

as well as allowing for an analysis of the learning model.

EEG provides data with a high temporal resolution which allows for the dissociation of

neural signalling of di↵erent computations across time. By comparing the evolution of EEG

signal and readout quantities across time, we may infer on processes related to surprise and

belief updating. Often, Bayesian learning studies focus on specific EEG components, of

which the earlier mismatch negativity (MMN) and later P300 are regarded as most relevant

to surprise computation and Bayesian learning. Of these, the P300 has received the most

attention, with studies showing that subcomponent variability is well described by predic-

tive surprise (Kolossa et al., 2013, 2015; Kopp et al., 2016) and Bayesian surprise (Kolossa

et al., 2015; Mars et al., 2008; Seer et al., 2016). Some studies have investigated the entire

peri-stimulus timewindow (Ostwald et al., 2012; Maheu et al., 2019; Modirshanechi et al.,

2019). Of these, only Modirshanechi et al. (2019) compared multiple surprise functions,

including confidence-corrected surprise, finding that predictive surprise was best decoded

across the trial. Their work also constitutes one of two publications that include anal-

yses of somatosensory data, with Ostwald et al. (2012) finding instead evidence for the
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somatosensory MMN to reflect Bayesian surprise, although no direct surprise comparisons

were included.

Besides surprise readout functions, here we additionally aim to investigate important

characteristics of the underlying model. As further detailed below, these include whether

the model is hierarchical, across which time horizon information is integrated, and which

sequence statistics are learned. The combined investigation of surprise functions and model

characteristics are rare. However, multiple studies inferred on the time horizon of learning

by modeling a forgetting kinetic in combination with a non-hierarchical model. Results indi-

cate local integration of only recent observations (Mars et al., 2008; Ostwald et al., 2012) or

suggest a co-existence of multiple time horizons including global timescales (Kolossa et al.,

2013; Maheu et al., 2019). In terms of sequence statistics, Maheu et al. (2019) provide

evidence for transition probability learning over stimulus or alternation probability alter-

natives, which is in accordance with results of an earlier re-analysis of multiple behavioural

studies on human learning (Meyniel et al., 2016). To the best of our knowledge, no EEG

studies on surprise have attempted to also investigate whether learning happens in a hierar-

chical fashion. Yet, EEG signals have been shown to predict subsequent belief updating in

a manner sensitive to the task context using signed prediction errors as a readout function,

indicating a hierarchical learning model (Nassar et al., 2019). More commonly, the learning

model is inferred by studying decision making. This literature has diverging findings, with

indications for hierarchical (Behrens et al., 2007; Heilbron and Meyniel, 2019) as well as

non-hierarchical learning (Summerfield et al., 2011; Farashahi et al., 2017) being common.

Overall, comprehensive model comparison studies using EEG to investigate surprise are

scarce, which complicates literature synthesis. In particular, di↵erent surprise functions

tend to correlate strongly due to the influence of belief inadequacy on belief updating (Li-

akoni et al., 2021). This could lead to a scenario where certain neural signals could be

described to encode either process when a model of each is only compared to a weak base-

line model in absence of the other, which highlights the importance of direct comparisons

within a study. Further, inferring on surprise computation in subjects is likely sensitive to

the learning model and vice versa, seeing as the surprise is a function of the learning model

and the learning model is inferred upon via surprise quantities.
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1.2.3 Active inference for action

Active inference has received considerable theoretical attention (Friston et al., 2006; Fris-

ton, 2012) and has been investigated in simulation-based work showing its ability to solve

learning and decision problems, also in dynamic environments (FitzGerald et al., 2015; Fris-

ton et al., 2015; Marković et al., 2021). Investigations using empirical data attempting to

validate the framework as matching human behaviour have only more recently appeared.

As shown above, expected free energy can be rewritten to include an entropy term, of

which the inclusion was found to guide human decision making over and above pure re-

ward maximization (Schwartenbeck et al., 2015a,b), while implicating a role for midbrain

dopaminergic activity. When model parameters were fitted to human behaviour, these were

found to be predictive of future symptomatology (Smith et al., 2022) and to significantly

correlate across time (Smith et al., 2021). Active inference has also recently been used to

study pathology and the resulting atypical task behaviour in comparisons to healthy con-

trols. These analyses have described alterations in the decision making process in terms of

decision uncertainty (Smith et al., 2021) and action selection precision (Smith et al., 2020)

as well as belief updating proceses, indicated by di↵erences in learning rates (Smith et al.,

2022) and weighting of interoceptive signals (Smith et al., 2020). Finally, by formulating

action selection as combining utility and information objectives, it continues to prescribe

sensible behaviour in the absence of any rewards (Schwartenbeck et al., 2015; Sajid et al.,

2021).

However, whether the resolution to the exploration-exploitation dilemma proposed by

active inference captures human behaviour better than existing models based on RL re-

mains unclear. As discussed, a traditional RL treatment of choice behaviour results in

learned point estimates of (expected) reward without a representation of uncertainty. Nev-

ertheless, the commonly used softmax operation still provides these algorithms with decision

stochasticity, providing a simple yet e↵ective capacity for exploration with a single param-

eter that scales the overall tendency for exploration (Sutton and Barto, 2018). It naturally

leads to more exploration when action values are similar, while a more exploitative strategy

emerges when considerable value di↵erences arise. However, choice stochasticity only yields

random exploration, while the contrasting concept of directed exploration assigns incentives

specifically to uncertain actions. The latter is thereby an intentional process that steers ac-
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tion selection so as to maximize information gain. Humans have been shown to be sensitive

to the information gain associated with observations, for example while reading (Eugster

et al., 2016; Kangassalo et al., 2020). Further, expected information gain of observations

resulting from action provides an accurate description of visual sensing (Itti and Baldi,

2009; Yang et al., 2016; Mirza et al., 2018). However, the extent to which humans engage

in directed exploration by trading o↵ against exploitation in sequential decision making is

less well-understood, with some work not observing this behaviour (Daw et al., 2006). On

the other hand, evidence for such strategies has been found when the value of information

and, by extension, directed exploration has been experimentally manipulated (Wilson et al.,

2014; Dezza et al., 2017; Horvath et al., 2021). While evidence has also been documented

for more naturalistic settings (Schulz et al., 2019; Frank et al., 2009), it is not found consis-

tently (Riefer et al., 2017). The literature contains a diverse set of formulations for directed

exploration incentives, which potentially contributes to the variability of findings.
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Figure 1: An investigation of perceptual learning and action using information
theoretic tools. A) The left-hand side includes a schematic overview of the experimental
approach using EEG signals and action selection. The human participant is thought to
maintain a task model ph(y, s) which is updated across trials. Neural signals captured by
EEG are hypothesized to reflect this process of statistical inference. Further, the task model
is used to perform action selection using the participant’s loss function Lh. Meanwhile, a
computational model pm(y, s) is posited as a candidate representation of the (hidden) human
model ph(y, s) and the associated learning dynamics. Action selection may be simulated
through a combination with a loss function Lm. Beliefs encoded by the candidate model
pm(y, s) may also be passed through a surprise readout function R(y) to yield single-trial
regressors, which may be fitted to the EEG data. Through model fitting we aim to align
pm(y, s) with ph(y, s) and Lm with Lh, while model comparison methods enable inference
of the most appropriate candidate representations of human perceptual learning and action.
The right-hand side provides a mapping of concepts originating in information theory to
the used surprise readout functions of predictive surprise (PS), confidence-corrected sur-
prise (CS), and Bayesian surprise (BS). B) These surprise functions are used to investigate
probabilistic perceptual learning on a ’roving-stimulus’ paradigm by generating single-trial
regressors (Baldeweg et al., 2004). These may be compared against one another in their
ability to explain EEG data. In study 1, the sequence occasionally (p = 0.01) switched
between two recurring regimes, with the fast regime switching between stimulus types more
frequently compared to the slow regime. C) Next, we investigated whether these informa-
tion theoretic (surprise) quantities play a role in human action selection on the two-step
task (Daw et al., 2011). Active inference (AI) posits that human behaviour is sensitive to
expected Bayesian surprise and belief-entropy associated with potential actions to accom-
plish surprise minimization, which is compared to a traditional reinforcement learning (RL)
approach as models for human action selection.
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1.3 Paradigms and modeling

1.3.1 The roving-stimulus paradigm and the two-step task

Surprise and related concepts based on information theory are useful tools to investigate the

Bayesian brain hypothesis. Not only do they play an important role in providing a formal

description of perceptual learning as probabilistic inference, these quantities have allowed for

novel frameworks of action selection. Here we introduce our approach of studying learning

and action in humans using information theoretic measures.

We studied the implicit learning process of environmental statistics using the well-

established roving-stimulus paradigm (Baldeweg et al. (2004); Figure 1B). It features se-

quences of stimuli which alternate between trains of repeated identical stimuli. Upon ob-

servation, the statistics of the generative process that governs alternations and repetitions

of stimulus types is hypothesized to be estimated by participants and summarized in their

internal model. From an experimental perspective, the roving paradigm is attractive as the

generative statistics may be formulated in terms of transitions between stimulus types so

that frequencies of stimulus identity by themselves are uninformative. This allows for the

study of learning independently of the physical properties of stimuli per se. Further, the

transition statistics governing the sequence were altered unbeknownst to the participant

during each run. Specifically, the sequence switched infrequently between two recurring

regimes, which di↵ered in their tendency to repeat or alternate between stimulus types

(Figure 1B). A dynamic rather than static environment calls for sustained learning for the

duration of the sequence rather than only at the start and until an initial estimate has been

formed. It also allows for an analysis of how humans adapt to dynamic contexts, which is

relevant due to the non-stationary human environment and the large variety of theoretical

proposals to deal with partially-observable environmental changes.

The roving paradigm has previously been applied to the study of mismatch signals

(Cowan et al., 1993; Baldeweg et al., 2004), which have traditionally been elicited by pre-

senting a rare ’oddball’ stimulus that di↵ered from a more frequently presented stimulus

(Squires et al., 1975; Näätänen et al., 1978). Various explanations for the generation of

these responses have been proposed. A prominent example is an adaptation-based hypoth-

esis, stating that mismatch signals result from sensory neurons being adapted to di↵erent

extents to every stimulus type (May et al., 1999; Jääskeläinen et al., 2004). Meanwhile, a
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change detection perspective posits a change in physical sensory inputs to be the underlying

cause (Schröger and Winkler, 1995). Successive accounts already surmised that a repeti-

tion of a stimulus might lead to a build-up of expectation, which is conceptually closely

related to prediction, and that a rare regularity-breaking stimulus may result in prediction

violation (Winkler and Czigler, 2012). The current approach of the Bayesian brain may

be considered an extension of these initial proposals by allowing for a formal description of

the signals resulting from probabilistic inference based on a generative model. This frame-

work further provides the ability to generate single-trial predictions of neural signals, rather

than perform comparisons on averaged responses. The discussed surprise functions may be

considered formal descriptions of the earlier concepts of expectation violation and model

adjustment (Lieder et al., 2013). Despite the relatively long history and extensive research

work, much remains unknown about mismatch signaling. Consequently, this paradigm was

chosen to further the development and investigation of a surprise-based approach to study

the Bayesian brain in perceptual learning.

As the Bayesian brain hypothesis is commonly posited as a general description of brain

function, its principles are expected to apply across modalities. Moreover, Bayesian infer-

ence can be used to prescribe the optimal integration of information from multiple modalities

and therefore underlies promising candidate models of multi-modal processing (Knill and

Pouget, 2004; Ernst, 2006; Cao et al., 2019). An understanding of the extent to which

mismatch-related computation on roving paradigms is multi-modal and probabilistic in na-

ture is still incomplete (Besle et al., 2005; Butler et al., 2012; Andric et al., 2017). In a

further study we extend upon the aforementioned EEG work by presenting auditory, so-

matosensory, and visual stimuli simultaneously in a roving paradigm. By incorporating

cross-modal dependencies in the stimulus-sequence generation process, we intended to ap-

ply computational modeling of Bayesian learners and surprise computation to investigate

whether mismatch processing is probabilistic and multi-modal in human participants.

Action in a sequential decision making setting has historically been predominantly

approached with the primary goal of reward maximization. As suggested, however, the

Bayesian brain hypothesis can be naturally extended to action selection, enabling a change

to the loss function to include Bayesian surprise or entropy-based incentives. We again

take a well-established paradigm, namely the two-step task (Daw et al. (2011); Figure 1C),

to contrast such an action selection strategy with a classical RL approach. We focus par-
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ticularly on the exploration-exploitation trade-o↵, relevant to many settings in which it is

beneficial or even necessary (Sajid et al., 2021) to temporarily forego rewards in order to

collect information that enables the formulation of a better action selection strategy. This

tension between maximizing (short-term) reward and learning about the world is often

treated as a problem of balancing these two ingredients and is of interdisciplinary interest,

spanning multiple fields besides neuroscience (Wilson et al., 2021), including psychology

(Cohen et al., 2007) and computer science (Osband et al., 2016; Sutton and Barto, 2018).

The loss function on action proposed by active inference implicates important charac-

teristics relevant to the Bayesian brain hypothesis. First, expected free energy minimization

requires the maintenance of probability distributions (or their su�cient statistics; Friston

et al. (2011)) to derive the entropy or information gain terms. Second, these internal model-

based quantities are hypothesized to influence action selection not only to obtain rewards

but also to shape beliefs, thereby instantiating a method by which action contributes to

the optimization of the generative model. Moreover, this issue concerns a crucial aspect of

the framework, as omitting the information gain incentive (i.e. expected Bayesian surprise)

can reduce active inference to produce behaviour that is hard to dissociate from a purely

reward-maximizing RL agent. We investigated these ideas using similar model-comparison

techniques as used to study perceptual learning with EEG. However, in this case we rely

on action selection itself reading out the internal model, so as to make the use of additional

readout functions redundant. However, from an experimental point of view, the process is

likely to depend on two similar components. Namely, a generative model that is updated

based on action outcomes and a loss function that is minimized via action selection, which

consults learned statistics such as outcome probabilities and their uncertainty. Our focus

is on using model comparison to infer on this loss function and study whether descrip-

tions of human behaviour on the two-step task improve when a surprise-based incentive is

considered.

The two-step task is a sequential decision making task introduced by Daw et al. (2011).

On each trial, two stages need to be sequentially traversed via binary action selection with

the goal of obtaining a reward in the final stage, although some versions require the avoiding

of punishment instead (Lockwood et al., 2020). It was originally designed to disambiguate

between model-free and model-based strategies. The underlying assumption is that model-

based inference utilizes the structural knowledge of the probabilistic transitions between
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the initial and final stage to seek out valuable states. A model-free strategy is insensitive

to this knowledge and only relies on observed stimulus-action mapping. The task has

seen widespread application and therefore has a broad literature available concerning task

behaviour of humans and RL models (Wunderlich et al., 2012; Eppinger et al., 2013; Otto

et al., 2013; Kool et al., 2016; Castro-Rodrigues et al., 2022). Furthermore, it was selected

because the common RL model does not capture all aspects of human task behaviour despite

its adoption (Feher da Silva and Hare, 2020), indicating the importance of considering

alternate models of behaviour.

1.3.2 Modeling

For the study of learning, we di↵erentiate between the probabilistic model and readout

functions. The surprise quantities are used to model neural signals as these are hypothe-

sized to encode probabilistic inference. Although the surprise quantities do not presume a

specific neural implementation in an algorithmic sense, they do assume that the dynamics of

brain function encode concepts of expectation and prediction, as well as their confidence and

updates. A direct comparison of these surprise quantities aims to dissociate (in a spatiotem-

poral manner) between signals underlying their dynamics. Meanwhile, predictive surprise,

Bayesian surprise, and confidence-corrected surprise have been defined as functions of the

underlying model and they thereby read out this model. In this way, they may additionally

be used to investigate the learning process itself. It is this second functionality that we fur-

ther expand on in this section by introducing some characteristics of the generative model

that we investigated. This dual-purpose also relates to the advantage of investigating both

within a study; as learning dynamics estimate the parameters which surprise quantities

read out, inference by experimentalists based on surprise quantities is expected to get more

reliable as the generative model more accurately captures the neural representation. Vice

versa, experimental inference on properties of the generative model may be biased when a

readout function is used that does not correspond well to neural computations.

The roving paradigm features few discrete stimuli which enables a simple conjugate

Bayesian learning model. A Dirichlet-Categorical model e↵ectively tracks counts of the

unique types of observations to infer their emission probabilities. It models the prior over

the hidden state s using a Dirichlet distribution with s1, ..., sM ⇠ Dir(↵1, ...,↵M ) and the

likelihood using the Categorical distribution y ⇠ Cat(s1, ..., sM ). As the hidden state s is
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modeled as a discrete distribution over categories it is essentially a static representation,

with st being shared across time for each observation. Nevertheless, changes to the en-

vironmental hidden state may be adapted to by incorporating exponential memory-decay,

with the severity set by a parameter ⌧ 2 [0, 1]. This results in earlier observations being

increasingly discounted or forgotten, implying a limited timescale of information integra-

tion, for which evidence has been reported repeatedly (Ostwald et al., 2012; Rubin et al.,

2016; Maheu et al., 2019). The forgetting rate sets the balance between being flexible

to environmental change with increased risk of modeling noise (high forgetting) and be-

ing inflexible but resistant to noise (low forgetting). The appropriate level of forgetting is

therefore dependent on the volatility of the current context.

When the environment is cyclical, forgetting and relearning can be a wasteful strategy.

In response to a change in a friend’s mood, rather than forgetting what you have learned

about them, it is better to recognize the new mood and reactivate relevant previously

learned knowledge. Volatility in this scenario concerns the frequency by which switches

between discrete (hidden) states occur. A hierarchical model may infer such switches to

construct and maintain separate beliefs for each environmental regime so that forgetting

is unnecessary and all previous information can be integrated. Hidden Markov models

(HMMs) describe a discrete hidden state s that evolves according to a Markov chain with

transition probabilities p(st|st�1) (Rabiner and Juang, 1986; Ashwood et al., 2022). This can

be described as a matrix A 2 RK⇥K , with the number of hidden states usually K > 1. At

each timepoint, an observation is sampled according to the emission probabilities p(ot|st).

Comparing an HMM to a static-state alternative allows for a comparison about which

structure (i.e., flat or hierarchical) the brain defaults to in order to estimate environmental

statistics (Gallistel et al., 2014; Meyniel et al., 2016). This is possible because the distinction

in the representation of the hidden state has important implications for the surprise readout

functions. Recall that the sequence statistics occasionally switched between two possible

regimes. For the Dirichlet-Categorical model, Bayesian and confidence-corrected surprise

are functions of the beliefs about event probabilities per se. Meanwhile for the HMM, these

surprise quantities read out the latent level which assigns probabilities to the two discrete

hidden environmental states. If surprise signalling is found to pertain to these beliefs, we

propose this as evidence in favour of hierarchical inference.
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Early studies often assumed that stimulus-identity frequency is the statistic of interest

(Näätänen et al., 2007). However, this is not always an optimal choice as sequences often

feature transitional structure, such as rain following cloudy rather than sunny weather

or happiness predicting continued happiness rather than despair. To test which sequence

statistics the brain appears most sensitive to, we may consider the following alternatives:

1. Stimulus probability (SP): yt = ot for t = 1, ..., T , thus modeling the stimulus identities

per se without describing any Markov dependencies.

2. Alternation probability (AP): yt = dt for t = 2, ..., T with dt = 1ot 6=ot�1 being 1 if

the current observation ot di↵ers from ot�1. By capturing alternation and repetition

of stimulus identities, the model is sensitive to a limited form of first-order Markov

dependence.

3. Transition probability (TP): yt = ot for t = 1, ..., T with a set of hidden parameters

s(i)1 for each transition from ot�1 = i capturing first-order Markov dependencies (TP1;

Meyniel et al. (2016)). A model can be further extended to include s(j)2 for each tran-

sition from ot�2 = j (TP2). As the hidden regimes which govern sequence statistics

di↵er in terms of their second-order transition probabilities this allows a TP2 model

to capture all dependencies. The regimes may still be dissociated by doing only AP

or TP1 inference, but not by solely relying on SP.

The Dirichlet-Categorical model and HMM can thus estimate di↵erent sequence statis-

tics. Whereas an HMM integrates the full history of observations to infer occasional switches

between sets of sequence statistics, the Dirichlet-Categorical model with a static hidden state

has its horizon of information integration set by a free parameter. The resulting estimated

statistics may in turn be used to compute di↵erent surprise quantities across time, enabling

model comparison analyses to provide insight into their relative fit to the EEG signals.

For the study of action, one may also di↵erentiate between two components: a proba-

bilistic model and the loss function according to which actions are selected. However, as

the computation of expected free energy relies on (statistics of) probability distributions,

the learning dynamics for active inference agents necessarily di↵er from those used by the

scalar-based RL model that is commonly used in the two-step task. We were therefore only

able to compare the two approaches in totality, using supplementary analyses and simula-

tions to clarify contributions of probabilistic learning and a surprise-based loss function to

relative model performances.
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Generally, a popular and straightforward model-free reinforcement learning strategy

involves mapping expected return to state-action pairs Q(s, a) through updating Q values

by a prediction error �, modulated by a learning rate ↵:

QMF (s, a) = QMF (s, a) + ↵� (1.11)

� = ot �QMF (s, a) (1.12)

For the two-step task, the State-action-reward-state-action (SARSA(�)) algorithm for Markov

decision processes can be used (Rummery and Niranjan, 1994; Sutton and Barto, 2018).

This introduces an eligibility parameter � that determines the e↵ect of the final-stage pre-

diction error on the initial-stage action values. It enables a learning process that does not

depend on any structural knowledge of the environment. In order to evaluate the alter-

native strategy of exploiting information about the probabilistic mapping of initial-stage

action aj from the initial-stage state sA to the final-stage states {sB, sC} and consequently

to final-stage actions a2, a model-based approach is formulated:

QMB(sA, aj) = p(sB|sA, aj) max
a22AB

QMF (sB, a2) + p(sC |sA, aj) max
a22AC

QMF (sC , a2) (1.13)

where AB and AC denote the sets of available actions in the respective final-stage states.

These model-free and model-based Q-value estimates may be combined for initial-stage

actions by running both algorithms in parallel and weighting their contribution using a

parameter w:

Qnet(sA, aj) = wQMB(sA, aj) + (1� w)QMF (sA, aj) (1.14)

Finally, a softmax operator is applied to transform Q-values into a probability distribution

over actions:

p(ap,t = a|sp,t) =
exp(�pQnet(sp,t, a))P
a0 exp(�pQnet(sp,t, a0))

(1.15)

with the choice randomness controlled by �p at stage p 2 {1, 2}.

In contrast, active inference agents maintain a generative model of the task and act to

minimize expected free energy via a loss function which includes Bayesian surprise. The
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model includes the estimated transition probabilities (✓1) and outcome probabilities (✓2),

which are together denoted as ✓, and takes the following form:

p(ot, s2,t|s1,t, ✓) = p(ot|s2,t, ✓)p(s2,t|s1,t, ✓)p(✓) (1.16)

Note that we focused on outcome probabilities ✓2 here for the computation of the expected

free energy (equation 1.9). First, these probabilities drifted for the duration of the exper-

iment and thus required continual learning, while the transition probabilities were fixed.

Further, it was communicated to participants that transition probabilities corresponded to

one of two mirrored structures, which means initial-stage actions provide equal amounts

of information about these probabilities. Action-selection is consequently only sensitive to

information-gain discrepancy regarding outcome probabilities.

To the extent that the resulting information gain is valued relative to reward depends on

the prior preference distribution. This distribution captures the relative attractiveness of

the di↵erent observations, with desired outcomes being assigned higher probabilities. The

prior preferences over action outcomes are restricted to a Bernoulli distribution implying

ot = 1 is preferred over ot = 0 (Marković et al., 2021):

P (ot|C) =
1

Z(�)
e
ot�e

�(1�ot)� (1.17)

where � denotes the precision of the prior preferences. In case of zero precision (� = 0),

there are no preferences, which leads to the singular objective of intrinsic value maximiza-

tion corresponding to pure information gathering about the outcome probabilities. For

higher values of �, increasingly more weight is assigned to realizing prior preferences, which

becomes prioritized over information gain. In sum, � is a modulatory parameter governing

explorative and exploitative behaviour.

The active inference model implemented here is model-based so as to link the expected

free energy minimization in the initial-stage of the task to the observations in the final-stage.

For the initial-stage actions, the estimated transition probabilities between stages, ✓1, are

used to weigh the expected free energy (eq. 1.9) associated with final-stage actions:

G(aj) = p(sB|sA, aj , ✓1)
X

a22AB

G(a2) + p(sC |sA, aj , ✓1)
X

a22AC

G(a2) (1.18)
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whereAB andAC are the sets of available actions in the two corresponding final-stage states.

This setup enables an analysis of the contribution of expected Bayesian surprise to initial-

stage action selection per se as well as through comparison with the hybrid reinforcement

learning model.

To estimate probability distributions for the drifting outcome probabilities ✓2, we chose

for a simple surprise-based learning rule by adapting an algorithm proposed by Liakoni

et al. (2021). Briefly, to ensure that learning can remain flexible so as to adapt beliefs to

the drifting outcome probabilities of the two-step task, prior information is forgotten in pro-

portion to which it is incompatible with new observations. Specifically, predictive surprise

of the current observation determines the trial-specific rate of forgetting, implemented as a

decay on concentration parameters of a Beta distribution. This allows for the accumulation

of information during periods with steady outcome probabilities, while enabling adaptation

to more volatile changes. Such surprise-mediated learning was compared with alternatives

featuring static forgetting in their ability to capture human behaviour.

1.4 Aim of the thesis

Learning and action, despite traditionally being segregated, may be approached from a

common perspective using probabilistic inference. Specifically, information-theoretic con-

cepts such as surprise appear to be useful theoretical as well as experimental tools and have

enabled formulations of surprise minimization that are hypothesized to underlie the distinct

functions of perception, learning, and action. From an experimental point of view, quantities

of surprise are well suited to be combined with model selection techniques. The experimen-

tal work of the thesis studied both learning (concerning surprise of current observations)

and action (surprise of future observations) in human participants using tasks which are

well-established in their respective domains. In regards to the former, we modeled neural

signals as measured by EEG to infer both on important properties of the generative model

and surprise computations relating to probabilistic belief inadequacy and updating. Using

the roving-stimulus paradigm, we investigated learning of environmental statistics in the

somatosensory system. This modality was chosen for two primary reasons. First, somesthe-

sis is relatively unexplored in the context of Bayesian learning, while it is generally believed

that a similar computational description should be applicable across domains, highlighting

the importance of addressing this gap. Second, the spatial separation of the primary and
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secondary somatosensory cortices allows for e↵ective use of source reconstruction methods,

in contrast to the more densely clustered organisation of the visual and auditory systems.

In terms of the generative model, we compared a hierarchical model in the form of a hidden

Markov model to a simpler, flat Dirichlet-Categorical model, investigated which sequence

statistics are estimated, and inspected the time-horizon of information integration. We read

out the learned statistics using surprise functions, enabling both inference on the underlying

model as well as generating insight into the use and role of surprise computation in the brain.

Specifically, these surprise comparisons allowed for testing whether puzzlement surprise sig-

nalling is sensitive to belief confidence and its dissociation from belief updating dynamics.

This modeling framework was subsequently extended to a tri-modal roving paradigm in

which stimulus sequences also featured cross-modal dependencies. Here we intended to use

Bayesian learners and surprise functions to investigate whether findings extend to the au-

ditory and visual modalities and whether mismatch computation on the roving paradigm

is multi-modal as well as probabilistic. We hypothesized for surprise computation of a

Bayesian learner to accurately model neural signals during sequence learning. Specifically,

we expected for mismatch-related computation to include separate belief inadequacy and

belief updating signals based on a model estimating stimulus transition probabilities. Given

the general and modality-independent nature of probabilistic inference, we hypothesized for

these results to generalize across di↵erent senses.

Surprise minimization is not only a useful description for perceptual learning but also

action selection, which we investigated by analysing multiple behavioural datasets of the

widely-adopted two-step task. The paradigm has been largely studied using traditional rein-

forcement learning algorithms estimating reward via single scalars, while research has noted

that these models fail to fully capture important characteristics of human task behaviour.

We compared a common implementation of this approach to a probabilistic learning model

which uses an active inference-based action selection criterion. This strategy computes the

expected Bayesian surprise resulting from possible actions, aiding predictive surprise mini-

mization across longer horizons, thereby naturally providing information gain incentives as

part of expected free energy minimization. In this context, we consider the hypothesis that

human decisions trade o↵ maximizing short-term reward with minimizing uncertainty in

their belief distributions. This intriguing framework still severely lacks empirical validation

using human data, especially in regards to information-gathering. To address this, we com-
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bine model-comparison methods with a model-agnostic approach to investigate to which

extent the considered models capture human behaviour and the contribution of information

gain hereto. We expected for active inference-based agents to provide superior descrip-

tions of model-based behaviour compared to a traditional reinforcement learning approach.

Specifically, this improvement was hypothesized to result from the information gathering

incentive, which is lacking in the pure reward-maximization formulation of RL. In the next

chapter, I will describe the leveraged model comparison methods in more detail. This will

be followed by a brief overview of the results.
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Chapter 2

Summary of empirical studies

2.1 Model fitting and comparison

For the investigation of the described hypotheses, we relied predominantly on model compar-

ison. Following a model fitting procedure to data, this methodology functions as statistical

testing by enabling a comparison between two or more competing models that make di↵er-

ent assumptions about the data generation process. The data might constitute a timeseries

of neural signals as recorded by EEG or behavioural data on a decision making task. The

quantity of interest is the model evidence p(y|m) for model m and data y, as we want

to be able to compare models in their ability to explain data obtained from participants.

To ameliorate the problem of overfitting, the goodness of model fit needs to be traded-o↵

against its complexity:

p(y|m) = accuracy(m)� complexity(m) (2.1)

Various quantities have been proposed to this end, including the Akaike information crite-

rion (AIC), Bayesian information criterion (BIC), and the free energy (Penny et al., 2010).

For the analysis of EEG signals, the models were fit using a variational inference algo-

rithm for multiple linear regression (Penny et al., 2003, 2005; Flandin and Penny, 2007).

Regressors, functioning as predictors for the EEG data y, were generated without subject-

specific parameters using a combination of a learning model and surprise functions.

p(y,�,�) = p(y|�,�)p(�)p(�) (2.2)

where � denotes the regression weights and � the observation noise precisions. The prior

variational distributions were selected via a simulation study aimed to select the probabilis-

tic model that minimizes Type II error under the constraint of minimizing Type I error.

Upon convergence, the algorithm provides an approximation of the posterior parameter

distribution p(�,�|y) and yields the free energy F as an approximation to the (log) model

evidence. In this case, the model complexity can be rewritten as the KL divergence between

the prior and approximate posterior parameter distributions. For models m = 1...M and

subjects s = 1...S, the overall model evidence given the total data set Y can be obtained

32



as follows:

log p(Y |m) =
SX

s=1

log p(ys|m), using (2.3)

Fm ⇡ log p(Y |m) ⇡
SX

s=1

Fs,m (2.4)

enabling direct comparisons between models by computing di↵erences in free energy (e.g.

F1 � F2 for models m = {1, 2}), corresponding to log Bayes factors (Penny et al., 2010).

For the modeling of behavioural data, various subject-specific parameters had to be

fitted, for which we used a constrained minimization algorithm (L-BFGS-B). The problem of

local minima was ameliorated by performing multiple iterations using random initialization,

using only the iteration that yielded the highest log likelihood for model comparison. To

this end, the Akaike’s information criterion (AIC) and Bayesian information criterion (BIC)

were used:

BIC := k ln(n)� 2 ln(L̂) (2.5)

AIC := 2k � 2 ln(L̂) (2.6)

with k being the number of free parameters in the model, n the amount of trials, and L̂ de-

noting the maximized value of the subject- and model-specific log likelihood function. Thus,

these criteria di↵er from the free energy by characterising model complexity as a function

of model parameters and, for BIC, the number of data points. Fixed-e↵ects analyses may

be computed similarly by directly comparing sums across subjects.

However, fixed e↵ects analyses implicitly assume that all subjects use the same model.

They are also sensitive to outliers as an extreme value can significantly bias the sum in

equation 2.3. In response, a random e↵ects approach was chosen for group level inference

which has the log model evidences as the only input (Stephan et al., 2009). This procedure

uses a generative model for the data Y and models rm as the frequency of model m in the

population. A Dirichlet prior over rm is used, p(r1, ..., sM |↵1, ...,↵M ) = Dir(↵1, ...,↵M ),

where ↵1, ...,↵M correspond to the unobserved counts of model occurrences in the popula-

tion. These ↵ parameters are then optimised to convergence, providing several statistics for

model comparison. First, these parameters can be used to compute the expected frequen-

cies hrmi, corresponding to the expected likelihood of obtaining model m for any randomly
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selected subject:

hrmi = ↵m

↵1 + ...+ ↵M
(2.7)

Second, exceedance probabilities express the probability that model m is more likely than

any other tested model given the group data:

�m = p(rm > rj |Y ;↵) for all j 2 {1, ...,M |j 6= m} (2.8)

which have also been extended to correct for di↵erences in model evidences resulting from

chance (protected exceedance probabilities ; Rigoux et al. (2014)). This method also enables

so-called family-level analysis, in which models sharing certain features are grouped into

families to infer on diverging features between families (Penny et al., 2010). In this case,

rather than specifying uniform prior ↵0 parameters across models, they are set equal across

families instead.

2.2 Study 1

Gijsen*, S., Grundei*, M., Lange, R. T., Ostwald, D., & Blankenburg, F. (2021). Neural

surprise in somatosensory Bayesian learning. PLoS computational biology, 17(2), e1008068.

Previous studies have investigated perceptual inference and learning by violating sta-

tistical regularities and have described such processes using surprise functions. Single-trial

EEG signals may be modeled in this manner without the need for behavioural output. The

information-theoretic quantities of predictive surprise (Kolossa et al., 2013, 2015; Kopp

et al., 2016; Maheu et al., 2019; Modirshanechi et al., 2019; Mousavi et al., 2020), Bayesian

surprise (Ostwald et al., 2012; Kolossa et al., 2015; Mars et al., 2008; Seer et al., 2016;

Mousavi et al., 2020), and confidence-corrected surprise (Modirshanechi et al., 2019) have

been previously applied to EEG signals. However, these studies have predominantly relied

on studying single EEG components, rarely include the somatosensory domain, and, cru-

cially, often do not feature direct comparisons of competing formulations of surprise signals.

Here, we implement a stimulus-roving paradigm, in which trains of repeated electrical stim-

ulation alternate between two intensities. This well-established task thereby allows for the

exploration of mismatch responses independent of physical properties of stimuli, which we

leverage to do a comprehensive model-comparison study. Specifically, we adopt a step-wise
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analysis in which we infer on the underlying learning model and subsequently provide a

spatiotemporal account of surprise signatures in both sensor and source space.

By contrasting neural responses to repeated and deviating stimuli, we identify several

mismatch responses across peristimulus time (57, 119, 361ms), each with di↵erent linear

dependencies on the recent stimulus history. By modeling single-trial signals in sensor space,

we provide evidence for the use of a non-hierarchical learning model that learns first-order

transition probabilities between stimuli using a local time horizon of integration. Next,

this model was used to infer on surprise computations, with early (65-200ms) dynamics

reflecting confidence-corrected and Bayesian surprise and indications for later (275-375ms)

signals to encode predictive and Bayesian surprise. To perform this analysis in source space,

source reconstruction was performed for early (0-200ms) signals, identifying two dipoles in

both primary (S1) and secondary (S2) somatosensory cortices, which were consequently

used to project single trial EEG data onto. This procedure was supported by finding

sensible mismatch responses using the dipole projections, with the early (57ms) mismatch

response attributed to S1 and the following (119ms) mismatch response found to result

from di↵erences in both S1 and S2 activation. Model comparison in source space identified

the same probabilistic model as was found in sensor space and ascribed strong evidence

to bilateral S2 activation to reflect confidence-corrected surprise from 70ms and suggested

S1 to reflect Bayesian surprise around 140ms. By interpreting these two quantities as

uncertainty-sensitive signals of model inadequacy and model updating respectively, these

results suggest a possible interaction in the somatosensory system that may contribute to

the probabilistic learning of environmental statistics.

2.3 Study 2

Grundei, M., Schröder, P., Gijsen, S., & Blankenburg, F. (Submitted) EEG mismatch

responses in a multi-modal roving stimulus paradigm provide evidence for probabilistic

inference across audition, somatosensation and vision. Human Brain Mapping

In study 1, we combined somatosensory stimulation in a roving stimulus paradigm with

EEG to provide evidence for multiple distinct mismatch responses across peri-stimulus time

with unique dependencies on stimulus histories. Further, we showed that Bayesian learning

models combined with surprise readout functions capture observed neural dynamics well.

35



However, mismatch signalling and its representation as surprise-based computation arising

from probabilistic inference has mainly been investigated in uni-modal settings (Näätänen

et al., 1978; Czigler et al., 2006; Lieder et al., 2013; Ostwald et al., 2012; Stefanics et al.,

2014; Naeije et al., 2018). Nevertheless, given that these findings span audition, vision,

and somatosensation, it is suggested for these principles to apply across modalities. Here

we implemented an EEG roving paradigm with simultaneous auditory, somatosensory, and

visual stimulus presentation with cross-modal dependencies underlying stimulus-sequence

generation.

We found uni-modal mismatch responses between 100-200ms post-stimulus for all three

modalities. Using source localization, the responses were found to originate from the re-

spective sensory cortices and shared common frontal sources. A later, frontally-generated

mismatch response (300-350ms) appeared to encode cross-modal mismatch information by

displaying a sensitivity to stimulus predictability conditional on multi-modal stimulus iden-

tities. As per the results of Study 1, we hypothesized a Bayesian learner as a Categorical-

Dirichlet model estimating uni-modal transition probabilities (uni-modal model) or addi-

tionally uni-modal alternation probabilities conditional on the stimulus identities of other

modalities (uni- and cross-modal model), which generated either predictive surprise, Bayesian

surprise, or confidence-corrected surprise. Given that the initial analyses revealed patterns

that may also have been generated by a linear change-detection process which counts stimu-

lus repetitions, we compared such a model of single-trial responses to the family of Bayesian

learners. Bayesian model comparisons preferred the family widely across the spatiotempo-

ral domain, suggesting that probabilistic inference-based accounts are more apt models

of neural signals on a roving paradigm than a traditional change-detection view. Next,

the Bayesian learner modeling cross-modal dependencies was found to outperform pure

uni-modal learning at some electrodes for both the early (⇠125ms) and later (⇠330ms)

mismatch windows. Finally, surprise functions of Bayesian learners were compared as mod-

els of EEG signals. Moderate evidence was found for confidence-corrected surprise encoding

across many electrodes for the early time window. Meanwhile, the late time window showed

minor indications for Bayesian surprise. In conclusion, models based on probabilistic learn-

ing were found to fit the data better than a change-detection account. Comparisons of

surprise computation per se were not conclusive, yet indicated a similar pattern found in

Study 1, with confidence-corrected surprise preceding Bayesian surprise..

36



2.4 Study 3

Gijsen, S., Grundei, M. & Blankenburg, F. Active inference and the two-step task. Scien-

tific Reports 12, 17682 (2022).

The active inference framework, derived from the free energy principle, provides an

integrative extension of surprise minimization to not only underlie perceptual learning but

also action (Friston et al., 2006; Friston, 2012; Schwartenbeck et al., 2015; Smith et al.,

2022). This probabilistic account posits information-seeking incentives to guide human

decision making, corresponding to a sensitivity to information gain in the form of expected

Bayesian surprise regarding environmental statistics. This can lead to directed exploration

behaviour, in which action selection is actively steered toward more uncertain options in

order to facilitate learning. In order to investigate these ideas empirically, we exploit the

two-step task, which requires the traversal of two stages via binary action selection so as to

maximize reward, with reward probabilities drifting over time (Daw et al., 2011). Despite

the task having been widely investigated using traditional reinforcement learning accounts

implementing scalar reward learning in model-free and model-based fashion (Voon et al.,

2015; Wyckmans et al., 2019; Castro-Rodrigues et al., 2022), it has been shown for these

models to not fully capture human behaviour (da Silva and Hare, 2020). We contrast

such an account with probabilistic surprise-based learning and active inference in its ability

to describe human action selection strategies. To this end, we combined computational

modeling and model-agnostic regression analyses of influences on action selection using four

previously published datasets (da Silva and Hare, 2020; Kool et al., 2016; Lockwood et al.,

2020)

Regression analyses revealed considerable di↵erences in action selection behaviour be-

tween datasets. By discerning the influence of knowledge about between-stage transitions

on initial-stage actions, the extent to which behaviour was model-based can be inferred.

Action selection was considerably more model-based on two of the datasets, with model

comparisons assigning strong evidence in favour of active inference (compared to hybrid

reinforcement learning) only for these datasets, while models performed similarly on the re-

maining datasets. The precision of prior preferences determined the reliance on information

gain in action selection for active inference agents. As such, recovered subject-specific preci-
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sion parameters were inspected, which followed a bimodal distribution in all datasets. This

suggested that approximately half of all subjects were sensitive to the information gain in

their action selection. For the datasets which were better described by active inference, cor-

relational analyses indicated that greater information gain sensitivity was related to better

model fits of the active inference model compared to hybrid reinforcement learning. Given

that the two modeling frameworks di↵ered not just with respect to action selection, but

also in terms of their learning methods, this finding suggests a contribution of information

gain sensitivity to model selection results.

To further investigate this topic, we leveraged an observation by da Silva and Hare

(2020), who in their work noted considerable main-e↵ects of transition type in their two-

step task datasets. Common transitions, defined as those which lead participants from

the initial-stage to the final-stage state in line with predictions, increased the frequency by

which participants selected the other initial-stage action two and three trials later. Thus,

subjects showed a tendency to periodically switch between first-stage actions independent

of final-stage outcomes, with the authors suggesting this behaviour to potentially indicate

directed exploration. The subject-specific main-e↵ects of transition type were found to

correlate with the precision parameters, suggesting that information gain sensitivity related

to this behavioural phenomenon. To further investigate the role of this parameter, we

simulated data using the set of subject parameters using stratification based on precision

parameter values. Indeed, information sensitivity produced more pronounced transition

e↵ects. However, these e↵ects were underestimated by the model, even for participants

most sensitive to information gain. This suggests that probabilistic learning using active

inference may improve models of human behaviour on the two-step task via its information

gain incentives, but that it only captures exploration behaviour partially. A discussion of

issues with the used paradigm for the current goals is followed by suggestions for future

empirical validations of the active inference framework.
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Chapter 3

Discussion

The aim of this thesis was to investigate the role of information-theoretic surprise quantities

in learning and action by adopting a probabilistic inference framework. Multiple surprise

quantities have been derived from the concept of Shannon’s information, with originally an

event’s surprise being equated to the information it provides (Shannon, 1948). The compu-

tation uses an agent’s current beliefs, which are assumed to be probabilistic in nature and

therefore are reconcilable with the Bayesian brain hypothesis. Beyond pure information, it

has been hypothesized that surprise signals may also also scaled with the commitment to a

belief, corresponding to negative entropy under confidence-corrected surprise (Faraji et al.,

2018). Alternatively, Bayesian surprise has been proposed to capture how data a↵ects an

agent and may also be interpreted as a belief updating signal (Itti and Baldi, 2009). These

quantities closely relate to the ideas of a predictive brain, with more severe violations of

probabilistic predictions resulting in greater levels of surprise. Further, it has been posited

for the process of surprise minimization to achieve approximate Bayesian inference and to

underlie perception, learning, and action. Despite the distinct aforementioned hypotheses

about surprise, their role in human perceptual learning remains unsettled as direct compar-

isons are lacking, particularly for somatosensation. And while prominent frameworks such

as active inference posit an important role for expected surprise of future outcomes to guide

human action with important implications for exploration behaviour, empirical validation

remains lacking. We contribute to the understanding of surprise across learning and action

by adopting the roving-stimulus paradigm and the two-step task respectively.

Specifically, the roving-stimulus paradigm was used to induce mismatch computations

during somatosensory sequence learning while recording neural dynamics using EEG. We

found multiple mismatch responses across time and electrode-space with di↵ering dependen-

cies on the short-term past of the stimulation sequence. Using single-trial modeling, neural

signals were best explained by a non-hierarchical Bayesian learning model integrating infor-

mation locally to estimate (first-order) stimulus transition probabilities. Spatiotemporally

distinct signatures of surprise computation were observed, with evidence for confidence-
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corrected surprise originating in S2 preceding indications of Bayesian surprise dynamics in

S1. In an extension, we used a tri-modal roving paradigm and replicated the suitability

of transition-based probabilistic inference with confidence-corrected and Bayesian surprise

signatures. Using an information-theoretic description of action selection based on active

inference, we further investigated whether human behaviour on the two-step task was sen-

sitive to expected surprise of future observations in a comparison with a traditional RL

approach. Although multiple datasets did not strongly favour either model, datasets which

displayed more model-based behaviour saw considerably better performance of the active

inference model. The sensitivity to Bayesian surprise, amounting to an information gain

incentive, appeared to contribute to better model fits, yet did not fully capture the observed

exploration behaviour. In sum, we found evidence for signatures of sensitivity to surprise

across the domains of learning and action. First, signatures of surprise computation regard-

ing current observations were observed in EEG signals during perceptual learning which

were informative of the underlying generative model. Second, the inclusion of expected

surprise of future observations in action selection indicates a promising path toward better

models of human decision behaviour.

3.1 Perceptual learning as probabilistic inference

We first provide a succinct and high-level description of the dynamics underlying the

Bayesian learning models to aid the consequent interpretation and discussion of results.

For brevity, we focus here on learning a single probability ✓ 2 [0, 1] associated with ob-

serving one of two possible observations yt ⇠ {0, 1} at time t, corresponding to a roving-

paradigm with only two stimuli or the outcome of a final-stage action on the two-step

task. This corresponds to a Bernoulli trial with p(yt) = ✓
yt(1 � ✓)1–yt . Modeling the prior

as Beta-distributed provides a closed-form expression for the posterior and allows us to

represent uncertainty about ✓. The Beta-distribution has the additional benefit of easily

interpretable concentration parameters, with ↵ and � keeping count of the amount of y = 0

and y = 1 samples respectively. Note that the Dirichlet-Categorical (DC) model described

in the introduction is a generalization of this Beta-Bernoulli model. Although these models

are likely significantly simpler than those employed by the brain, they displays important

characteristics of Bayesian learning and are well understood (Gri�ths and Ghahramani,

2011).
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Observations are integrated with prior beliefs, yielding a posterior estimate of ✓, which

in turn is carried forward and forms the new prior belief for the next trial. By initializing

the Beta-distribution as Be(✓;↵ = 1,� = 1), equal probability to all values of ✓ is ascribed

with a mean probability estimate of E [✓] = ↵
↵+� = 0.5. In Figure 2A, such a belief over

✓ is updated after observing y = 1 and y = 0 sequentially. Afterwards, the mean is still

0.5, but the precision of the distribution has increased: greater probability is assigned to

regions around ✓ = 0.5 than at the extremes. In other words, ✓ = 0.5 has become a much

more likely hypothesis than ✓ = 0.99. Over time, iterative Bayesian learning will converge

to the true ✓ with increasingly greater confidence as uncertainty is reduced.

When this process is repeated and prior beliefs come to encode more information about

✓, the e↵ect of further observations is diminished. In Figure 2B, again y = 0 and y = 1

are observed respectively, but only after 10 occurrences of both event types are already

integrated. As a result, the two additional samples have a comparatively minor e↵ect on

beliefs due to precise prior knowledge. If ✓ is not assumed to be static across time, these

dynamics are problematic because beliefs become highly inflexible and unable to adapt to

changes in environmental statistics. Forgetting is a simple kinetic to ensure beliefs remain

flexible, whereby information ‘leaks’ out over time. E↵ectively, information is integrated

only over a limited time-horizon, which becomes shorter as forgetting becomes more severe.

For a Beta-distributed prior, one solution is to shrink the concentration parameters over

time (Figure 2C,E), thereby increasing the e↵ect of new observations.

In studies 1 and 2, we applied the di↵erent surprise readout functions to the current

beliefs at each time step. Predictive surprise depends on the posterior predictive distri-

bution, for which we integrate over the possible values of ✓. The quantity therefore does

not directly depend on uncertainty or confidence and is only a function of the currently

estimated p(y). In contrast, confidence-corrected surprise additionally scales with the (neg-

ative) entropy of the distribution over ✓. It can therefore be seen to slowly increase over

time, as the distribution becomes more precise (Figure 2D). With forgetting, this e↵ect is

diminished or even absent, as belief entropy stays relatively high. Meanwhile, Bayesian

surprise captures the change in the distribution over ✓ as a result of observing yt, which

is proportional to the unexpectedness of the event. This quantity will quickly decrease as

each new observation has a smaller e↵ect on beliefs, which can be mediated by leaking

information out of the prior, for example through forgetting. For the hidden Markov model
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(HMM), especially Bayesian surprise and confidence-corrected surprise di↵er due to the

model’s dynamic, rather than static, hidden state. However, in light of the results we here

forego a comprehensive description of the HMM dynamics and refer to the appendix (Study

1).

Figure 2: Model dynamics. A) The evolution of a uniform Beta-prior as a binary obser-
vation y ⇠ {0, 1} is made for yt=0 = 0 and yt=1 = 1 sequentially. B) The same sequential
observations are made given an informed Beta distribution concentrated at ✓ = 0.5. C) A
forgetting kinetic can reduce the precision of a distribution by leaking out information over
time, indicated by progressively fainter lines. D) The surprise readout functions of predic-
tive surprise PS(yt), Bayesian surprise BS(yt), and confidence-corrected surprise CS(yt)
applied to the initial 50 time steps of beliefs of a Beta-Bernoulli model without (left-side;
⌧ = 0) and with (right-side; ⌧ = 0.2) forgetting. E) Heatmaps of the posterior probability
of observing ot over time estimated by a Beta-Bernoulli model, without (left-side) and with
(right-side) surprise-based forgetting. Overlaid in grey is the scalar-value of the state-action
pair Q(s, a) as learned via prediction error reinforcement learning. F) The absolute di↵er-
ence in total expected free energy G between two alternative actions in black (|�G|), with
red shading indicating the proportion of this di↵erence resulting from the intrinsic term
(|�Gi|). On the left side, the model features no forgetting and there is a continually re-
duced incentive for exploration. With forgetting (right-side), the incentive for uncertainty
reduction stays a relevant contribution to action-selection.
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Next, we turn to discuss our results. First, these surprise functions were used to infer

on aspects of the underlying subject model. As hypothesized, we found evidence that EEG

signals reflect surprise computation based on probabilistic inference, rather than linear

change detection, matching previous findings in somatosensory learning (Ostwald et al.,

2012). Recent work using uni-modal auditory and visual mismatch paradigms has similarly

suggested probabilistic interpretations (Lieder et al., 2013; Stefanics et al., 2014) rather

than traditional hypotheses including those based on neuronal adaptation (May et al., 1999;

Jääskeläinen et al., 2004) and change detection (Schröger and Winkler, 1995). In the context

of the used paradigm, we interpret this finding to support a probabilistic interpretation of

general brain function. Namely, both studies featured simple tasks intended to maintain

subject attention directed at the stimulation without requiring or explicitly instructing the

learning of sequence statistics. We may therefore be reporting on a default system that is

resorted to, with particularly the early EEG signals likely to correspond to implicit tracking

of environmental statistics (Van Zuijen et al., 2006; Koelsch et al., 2016).

In the context of probabilistic inference, it remains an open question what sort of (re-

duced) representation of the stimulus statistics the brain estimates (Rubin et al., 2016). We

present evidence for the estimation of transition probabilities, which subsumes both item

frequency and alternation probability learning and is therefore the most general sequence

statistic among the comparison set. This finding of (first-order) Markov dependencies in so-

matosensory learning constitutes an extension from previous reports in audition and vision

(Meyniel et al., 2016; Maheu et al., 2019).

A further unresolved issue regarding the form of Bayesian perceptual learning in hu-

mans concerns the manner by which environmental volatility is handled (Behrens et al.,

2007; Summerfield et al., 2011; Farashahi et al., 2017; Heilbron and Meyniel, 2019). Large

abrupt changes to the sequence statistics were expected to elicit attention, which runs

counter to the intended aim of studying non-conscious, implicit learning. We selected the

two discrete states for stimulus sequence generation in study 1 with this in mind. Results

of the post-experiment questionnaire consistently confirmed that regime switches were not

perceived consciously. Although surprise about higher-level statistics has been reported in

the literature (Gläscher et al., 2010; Iglesias et al., 2013), the similarity of regimes might

explain why we did not find evidence in favour of surprise signalling based on beliefs pertain-

ing to the regimes as modeled by an HMM. Indeed, surprise signals appeared to be based
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on beliefs about stimulus transition probabilities per se as captured by the DC model. Our

results thus suggest for implicit somatosensory learning to proceed non-hierarchically and

to not capture changes in task statistics explicitly, although alternate schemes such as dy-

namic forgetting rates are left to be explored in the future. Furthermore, adaptation to

changes in transition probabilities is still achieved by integrating only local, rather than

global, information via exponential forgetting. Due to the irrelevance of sequence statistics

to perform the instructed task, it is possible that a hierarchical model is not defaulted to due

to its higher complexity and thus greater operational cost. Rather, hierarchical inference of

sequence statistics may only be performed when appropriate and otherwise approximated

using a flat model with forgetting. Although the degree to which sequence learning is hierar-

chical is unclear, local integration is commonly reported (Ostwald et al., 2012; Kolossa et al.,

2013; Rubin et al., 2016; Maheu et al., 2019; Meyniel, 2020), possibly due to the dynamic

character of the natural world. Recent findings suggest another possibility however, with

simple models accurately approximating hierarchical inference by assuming certain forms

of neural noise (Findling et al., 2021). Given resource constraints and selective pressures,

such opportunities are likely to be exploited by organisms whenever possible.

3.1.1 Surprise signatures during learning

Using the model described above, we compared predictive surprise, Bayesian surprise, and

confidence-corrected surprise as models for trial-by-trial EEG signal variation. In both stud-

ies, we found encoding of confidence-corrected surprise starting around 70ms poststimulus

onset, followed by weaker evidence for Bayesian surprise around 140ms. In study 1, these

e↵ects were source-localized to originate in bilateral S2 and contra-lateral S1 respectively.

The relatively stronger e↵ects observed in study 1 might result from the uni-modal approach,

whereas signals arising from di↵erent modalities are unlikely to synchronise spatiotempo-

rally. This might be expected to have a lesser e↵ect on higher-level comparisons such as

family-analyses between Bayesian learning and change-detection or between uni-modal and

multi-modal inference, which concern characteristics likely shared across modalities. Mean-

while, specific surprise computations would need to co-occur, or at least not interfere.

Confidence-corrected surprise signals a (probabilistic) mismatch of beliefs with the cur-

rent observation and is scaled by the negative entropy of the belief distribution (Faraji

et al., 2018). This quantity is therefore greater whenever expected surprise is low, corre-
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sponding to a belief distribution with high precision. Confidence of (prior) beliefs has been

shown to a↵ect human perceptual learning (Meyniel et al., 2015; Meyniel and Dehaene,

2017; Meyniel, 2020) and decision making (Boldt et al., 2019; Heilbron and Meyniel, 2019).

The processes of learning and confidence estimation have been seen to be tightly inter-

twined (Meyniel et al., 2015), which fits with a Bayesian learning account. In terms of our

dipole results, sensory areas have previously been found to encode sensory uncertainty (van

Bergen et al., 2015; van Bergen and Jehee, 2019; Walker et al., 2020), but under probabilis-

tic inference may also encode uncertainty of beliefs about environmental statistics such as

transition probabilities. Using fMRI, separate neural correlates of surprise and confidence

of beliefs have been reported (Meyniel, 2020). Although the authors found evidence for

sensory cortices encoding surprise but not confidence, BOLD signal was found to be univer-

sally a↵ected by confidence. Given that we did not investigate for pure confidence signals,

it remains unclear to what extent surprise and confidence are encoded separately.

Confidence, together with surprise, has been suggested to inform belief updating (Igle-

sias et al., 2013; Mathys et al., 2014; Meyniel et al., 2015). While surprise indicates the

inadequacy of beliefs given observations and therefore a need to revise these beliefs, the

magnitude of the update should be inversely related to the confidence associated with the

beliefs. Although we did not explicitly investigate this relationship here, we suspect confi-

dence to play a similar role in somatosensory learning, implied both in the Bayesian learning

models and the encoding of confidence-corrected surprise (Faraji et al., 2018). The idea is

also compatible with the temporal structure of our findings: since confidence-corrected sur-

prise encodes both (predictive) surprise and confidence, it may inform subsequent belief

updates represented by the observed Bayesian surprise dynamics, which has previously also

been reported in somatosensory cortex around 140ms (Ostwald et al., 2012). An equiva-

lent mechanism exists in many traditional reinforcement learning approaches, in which a

point-estimate is updated based on the prediction error (Rescorla, 1972; Sutton and Barto,

2018). Indeed, a positive e↵ect of prediction error on subsequent updates is a consistent

finding in the literature and is considered to be mediated by the dopamine system (Mon-

tague et al., 1996; Schultz, 1998; O’Doherty et al., 2003; Seymour et al., 2004; Nassar et al.,

2010; Rouhani et al., 2018; Rouhani and Niv, 2021). This substantial research field has often

focused on learning in rewarding (or punishing) contexts, rather than sensory, valence-free

learning. In the case of sensory learning, surprise and unsigned prediction errors are also
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observed in sensory cortices as we do here (Kok et al., 2012; Meyniel, 2020), matching

findings regarding mismatch responses in oddball paradigms (Den Ouden et al., 2009; Wa-

congne et al., 2011), including the somatosensory domain (Akatsuka et al., 2007; Ostwald

et al., 2012). Although areas outside of sensory cortices have been implicated in perceptual

model updating (O’Reilly et al., 2013; Meyniel, 2020), the roving paradigms we employed

concerned low-level stimulus features of which the basic statistics may have been encoded

in somatosensory cortex.

This insight might also help commensurate our findings with previous EEG work using

information theoretic quantities as they have tended to focus on the later P300 compo-

nent, with evidence reported for the encoding of predictive surprise (Mars et al., 2008;

Kolossa et al., 2015; Kopp et al., 2016) as well as Bayesian surprise (Kolossa et al., 2015;

Seer et al., 2016). Similarly, studies relying on delta-rule models find the P300 to signal

prediction error (Nassar et al., 2019) or belief updating (Jepma et al., 2016, 2018). The

multitude of studies indicating the P300 to signal these functions may question the current

results indicating such signalling to occur earlier. However, the studies implementing these

information-theoretic quantities often rely on explicit learning or decision making tasks,

rather than studying implicit perceptual learning. As mentioned, post-hoc participant re-

ports suggested learning to proceed mainly unconsciously, which might further support

the interpretation that probabilistic inference was largely restricted to somatosensory cor-

tices. Concurrently, by focusing on earlier sensory signals, we aimed to limit the influence

of resource allocation and attentional orienting responses on analyses, as these functions

have also been attributed to the P300 component (Kok, 2000; Kida et al., 2004; Chennu

et al., 2013). Naturally, undocumented interactions with higher-level areas may still have

occurred in study 1, which were indicated in study 2 where multi-modal dependencies were

encoded primarily in (fronto-)central electrodes, potentially indicating an involvement of

frontal cortex.

Recently, predictive surprise encoding was found in early auditory signals (60-130ms)

over sensory areas using a sequence learning paradigm (Maheu et al., 2019). The authors

interpreted these surprise signals to reflect a habituation process, based on the observation

that they reflected stimulus probabilities without forgetting kinetics (Kandel and Tauc,

1965; Maheu et al., 2019). Given that we observed strong evidence in favour of transition

probability estimation (rather than stimulus probability) and local (rather than global)
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information integration, we suggest current results to reflect a perceptual learning process

instead. Besides the di↵erence in modalities, Maheu et al. (2019) used syllables as stimuli,

potentially shifting surprise computation up the hierarchy to levels dedicated to language

processing (Heilbron et al., 2022). However, a similar auditory paradigm was found to

produce a predictive surprise response around 80-155ms using a transition probability model

(Meyniel, 2020), but this was not compared to a stimulus probability model which might

have shown it to be a similar response as reported in Maheu et al. (2019). In a visual

paradigm dissociating surprise and belief updating, Visalli et al. (2021) also found early

(70-140ms) predictive surprise at electrodes over sensory (occipital) cortex. Contrary to

our design, stimulus identity was not orthogonal to the level of predictive surprise, leading

the authors to interpret their finding as being driven by the physical properties of stimuli

rather than informational content. In short, we are not the first to report early surprise

signals, but provide evidence for a novel interpretation in terms of the encoding of surprise.

Future somatosensory research could benefit from experimentally dissociating surprise and

confidence of beliefs to clarify the nature of our observed sensory signals.

Overall, as direct comparisons between measures of surprise and model updating are

rare, especially in somatosensory EEG data, it is possible that previously reported sensory

error signals may have been of either nature. The currently presented results highlight the

possibility that early somatosensory activity corresponds to both surprise signalling and

model adjustment in a temporally coherent manner. This speaks to the value of information-

theoretic quantities as descriptions of neural signals during perceptual learning.

3.2 Surprise computation for action selection

Study 3 investigated the role of expected future surprise in human behaviour by comparing

a hybrid reinforcement learning model to a probabilistic model relying on active inference

for action selection. Figure 2E includes a high-level comparison of the learning models for

learning the probabilities of action outcomes, such as in the final-stage of the two-step task.

The active inference agent relies on a probability distribution over the outcome probability,

which becomes inflexible over time. Meanwhile, if a forgetting kinetic is included, for

example by leaking prior information proportional to predictive surprise, the beliefs can

be flexibly adapted to drifting task probabilities. In the latter case, the mean of the belief

distribution can closely correspond to a scalar Q-value learned by the reinforcement learning
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agent. While under RL the attractiveness of an action only depends on the outcome-

dependent Q-value, active inference agents are sensitive to the uncertainty of beliefs as well

as the expected outcome. The contribution of the intrinsic or information-gain term to the

total expected free energy over time is displayed in Figure 2F. Although the impact of this

term starts o↵ high, the assumption of a stationary environment tends to reduce the term’s

relevance over time as uncertainty is resolved, resulting in prior preference realization as the

primary determinant of behaviour, which can be approximated by prediction error-learning

in RL. Forgetting presupposes a dynamic environment, which implies a lower-bound on

belief entropy and promotes continuous information-gathering incentives. Environments

with drifting statistics aid in the comparison of these two strategies by calling for forgetting

kinetics (be it naively or via a surprise-based mechanism), leading to a sustained di↵erence

between models.

Questions regarding the participants’ task model precede the manner in which partici-

pants learn task statistics and select actions. This results from their hierarchical relationship

and is likely to be even more important here than when studying perceptual learning. An

important aspect concerns whether participants rely on a task model at all, or whether they

resort to model-free control instead. In their two experiments, da Silva and Hare (2020)

set out specifically to provide intuitive explanations for all aspects of the two-step task.

It is likely that this played an important role for the substantially increased model-based

performance on these tasks compared to the original experiment by Daw et al. (2011) and

later work (Kool et al., 2016; Lockwood et al., 2020), which we replicated to show only

minor levels of model-based influence. It has been demonstrated that humans construct

di↵erent internal models depending on the context and instructions (Green et al., 2010).

This was recently shown convincingly for the two-step task specifically (Castro-Rodrigues

et al., 2022), with information about the task structure resulting in considerably more par-

ticipants resorting to model-based inference. Strikingly, this increase was greater than what

was observed due to experience alone, despite the relatively low complexity of the task.

The sensitivity to expected Bayesian surprise in active inference, forming a crucial dif-

ference between the two compared model types, rests on model-based behaviour. As a

result, the ability to di↵erentiate between models may be reduced for participants who are

not model-based or are not pursuing information gain. The models are also di↵erentiated

as a result of the active inference model assuming a probabilistic learning rule. However,
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the task environment was not optimized to infer on such contributions to relative model

fits. It is possible that a changepoint paradigm, in which statistics are occasionally resam-

pled rather than drift continuously, may have aided in model di↵erentiation. As discrete

changepoints call for a temporary, substantial increase in belief uncertainty, they may have

enabled another manner to inspect information gain sensitivity. Additionally, the consid-

eration of di↵erent forms of model-free learning is an interesting extension to the current

investigation, for which active inference o↵ers intriguing options. For example, it has been

described how agents may dynamically learn habits over time by adjusting the prior belief

distribution over which policies will be selected (Friston et al., 2016). Such extensions may

improve model-comparison analyses by enabling active inference to better fit behaviour of

participants mainly engaging in model-free strategies. Due to behaviour being significantly

better described by active inference only on two datasets (the ’Magic Carpet’ and ’Space-

ship’ tasks), the upcoming section will focus on analyses using these experiments specifically

unless stated otherwise.

Active inference prescribes a sensitivity to the expected Bayesian surprise associated

with an action, corresponding to the information gain. In the two-step task specifically, a

pursuit of information about the final-stage outcome probabilities may drive behaviour in

addition to obtaining preferred outcomes. The sensitivity to information gain was deter-

mined by the precision of the prior preference distribution. We found that this precision

parameter was correlated to relative model fits and regression-based transition e↵ects. These

relationships as well as simulation analyses indicated that expected information gain under

active inference contributed to the model selection results. It further suggested potential

for such an information incentive to underlie behaviour which the hybrid reinforcement

learning approach is unable to generate, as this model relied solely on random exploration.

A sensitivity to expected Bayesian surprise in human behaviour in addition to ran-

dom exploration would be in general agreement with previous work on the exploration-

exploitation dilemma (Wilson et al., 2014; Gershman, 2018). The current implementation is

based on information theory and active inference, which provides an intuitive framework to

consider the trade-o↵ between realizing preferences and learning by quantifying the amount

of information potential actions are expected to provide. This approach has seen consider-

able support from the field of visual search, where eye movements have been successfully

described as a process resolving uncertainty by considering the information gain associated
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with visual locations (Itti and Baldi, 2009; Yang et al., 2016; Mirza et al., 2018). In more

explicit decision making settings, expected information gain has been shown to accurately

model human exploration behaviour (Nelson, 2005; Markant and Gureckis, 2012; Nelson

et al., 2014; Tsividis et al., 2014). Although this information-based literature has consid-

ered costs of exploration Fu and Gray (2006), our study assesses the value of information in

comparison to (reward) utility. Similar evidence for a sensitivity to expected information

gain has been found in a bandit task by manipulating the availability of reward-information

(Horvath et al., 2021), yet direct comparisons with alternative directed exploration strate-

gies are rare for such contexts. And although theoretical and simulation-based arguments

have been provided for the use of expected information gain to guide exploration (Little

and Sommer, 2013), there are potential limitations. The computation of this quantity is in-

feasible for large state- or action-spaces and therefore approximations have been suggested,

either in terms of the quantity itself (Marković et al., 2021), by imposing additional heuris-

tics that constrain the amount of options considered (Smith et al., 2022), or using function

approximators such as artificial neural networks (Ueltzhö↵er, 2018; Fountas et al., 2020).

Given that this is a novel research pursuit, it is unclear how e�cient and accurate such

approximations may get. The extent to which approximations by the brain are biased may

relate to the observation made here that active inference only partially captured regression-

based transition e↵ects in the two-step task. An alternate explanation for this imperfect

fit concerns the possibility for participants to use a di↵erent learning model to estimate

outcome probabilities, as the expected information gain depends on currently held beliefs.

This is, however, expected to only have marginal relevance due to the relative simplicity of

the task limiting the divergence between di↵erent learning strategies.

It is also possible that minimizing expected free energy is not the best available descrip-

tion of directed exploration in humans. In the current two-step task context, this quantity

may be thought of as including an information bonus to certain actions which makes them

more attractive in proportion to the amount of potential information they can provide.

Rather than the expected information gain, previous work has tested alternative bonuses to

promote directed exploration while obtaining reward. These include a fixed ’all-or-nothing’

bonus added to the least-explored option (Wilson et al., 2014), a bonus based on the vari-

ance of the current belief distribution (Daw et al., 2006; Frank et al., 2009), novelty (Krebs

et al., 2009), or a penalty scaling linearly with the amount of times an action has been
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visited (Dezza et al., 2017). The inconsistent results of this literature on whether action

selection is biased toward uncertainty (Wilson et al., 2021) could be argued to relate to the

use of such varied modeling approaches. However, the aforementioned information bonuses

are expected to function relatively similar in simple tasks and inconsistencies may rather be

due to the experimental context. After all, it appears that task instructions are important

for determining the extent to which behaviour is model-based on the two-step task, which

both directly (via model-derived information bonuses) and indirectly (via the amount of

dedicated cognitive e↵ort (Kool et al., 2016)) could impact directed exploration strategies.

Further, not all of the exploration alternatives are formally derived from a framework, but

can appear as ad-hoc heuristics instead. Meanwhile, the currently explored ideas are, via

information theory, linked to the literature on active learning and curiosity and enable the

investigation of a potentially unifying view of surprise minimization.

The field of curiosity is concerned with the endogenous ’question-and-answer’ strategies

humans and other animals appear to employ to learn about the world (Gottlieb et al., 2013;

Gottlieb and Oudeyer, 2018). It suggests that incentives for information may be greatly

beneficial in confronting large, complex environments with sparse rewards; key characteris-

tics which reinforcement learning has grappled with since its conception (Sutton and Barto,

2018). In response, the field has explored intrinsic rewards to move beyond reward maxi-

mization, although these often take the form of handcrafted heuristics or inductive biases

(Mohamed and Jimenez Rezende, 2015; Pathak et al., 2017), similar to the ad-hoc informa-

tion bonuses described above. Meanwhile, curiosity natively emerges out of surprise mini-

mization as implemented in active inference agents, describing behaviour that can naturally

shift between exploration and exploitation. This has implications for environments without

explicit rewards, where active inference has been suggested to continue to learn and display

sensible behaviour (Friston et al., 2016; Sajid et al., 2021). Importantly, humans appear to

e↵ortlessly move between contexts with and without rewards, with potential implications

for child development (Gopnik, 2012; Begus et al., 2016). Although active inference thus

o↵ers a compelling account with a potential for theoretical unification, it is rather modern

RL which has achieved impressive performance in large state- or action-spaces such as in

robotics (Zhu et al., 2020; Hua et al., 2021) and games (Berner et al., 2019; Schrittwieser

et al., 2020). Moving forward, a symbiosis of the fields by combining engineering break-
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throughs made in (Bayesian) RL with design concepts from active inference may continue

to provide fertile ground for understanding action selection algorithms in the brain.

3.3 Role of surprise and uncertainty reduction across functional domains

In studies 1 and 2, analyses of EEG signals provided evidence for probabilistic inference

in a perceptual learning paradigm and for information-theoretic surprise signatures in neu-

ral data. A potential role for such quantities in human action selection was investigated

in study 3 using the active inference framework, with implications for a solution to the

exploration-exploitation dilemma via expected information gain. Generally, our findings

are situated within the theoretical proposition that surprise minimization is a core process

underlying brain function spanning perception, learning, and action. This perspective im-

plies both a widespread involvement of surprise computation across neural systems as well

as a sensitivity to surprise of future outcomes, for which we here discuss di↵erent strands

of available evidence. Regarding the role of surprise in learning, much of the reinforcement

learning research is relevant as critical features are shared. For example, learning using

delta-rules can approximate the mean of probability distributions, even for non-stationary

environments (Wilson et al., 2013; Gershman and Niv, 2015). Further, unsigned prediction

errors based on point-estimates tend to be highly correlated with predictive surprise (Sedley

et al., 2016). The literature on surprise and belief updating may take a fully probabilistic

approach or a traditional scalar-based reinforcement learning approach but in the absence

of careful experimentation, results are unlikely to allow for a dissociation between these

approaches.

Despite lacking theoretical specificity, the large body of literature using prediction errors

and delta-rule learning is nevertheless incredibly valuable for the current work as it has

broadly established the explanatory power of prediction and learning based on resulting

errors. Here we leverage this literature and combine it with work which takes a probabilistic

perspective insofar as the discussed mechanisms do not require either a probabilistic or

scalar-based approach. First, there is considerable evidence that surprise interacts with

memory systems (Sinclair and Barense, 2018; Rouhani and Niv, 2021), with surprise signals

correlating with activity in memory-related temporal areas (Loued-Khenissi and Preuscho↵,

2020) and the hippocampus (Rouhani and Niv, 2021). The memory-enhancing e↵ect of

surprise is suspected to be mediated by a di↵erent system than reward learning (Rouhani
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et al., 2018). It has been proposed that a contribution of surprise to memory proceeds by

structuring events into latent clusters, with high levels of surprise suggesting the need for

memory formation rather than modification due to the incompatibility of new information

with current beliefs (Gershman et al., 2017). This relationship appears related to the role

of surprise in allocating attention and orienting responses by way of determining what in

the environment is worth the opportunity cost of having resources deployed towards (Itti

and Baldi, 2009; Chennu et al., 2013). Further, surprise has been found to e↵ect pupil size,

an e↵ect which appears to be related to the arousal system and to be mediated by the locus

coeruleus (Preuscho↵ et al., 2011; Joshi and Gold, 2020). Pupil metrics have even been

shown to be informative of trial-by-trail learning (Nassar et al., 2012). These findings have

been synthesized in an information theoretic framework suggesting various pupil dynamics

to correspond to information processing (Zénon, 2019). These examples serve to indicate the

potential widespread applications of surprise to brain function, indicating it may contribute

to important systems beyond learning per se.

Nevertheless, research has mainly focused on the role of surprise in learning from out-

comes (Meyniel et al., 2016), states (Gläscher et al., 2010), and rewards (Daw et al., 2011).

It has been suggested for adaptation to result from surprise exerting a neuromodulatory

e↵ect on plasticity (Gerstner et al., 2018; Barry and Gerstner, 2022), although the exact

implementation remains unverified. Beyond the previously described relationship between

surprise and belief updating, more sophisticated functions have been investigated. This

work builds on the well-documented phenomenon that not only surprise but also sensory

uncertainty is encoded neurally (Strange et al., 2005; Bestmann et al., 2008; Bach and

Dolan, 2012; McGuire et al., 2014; van Bergen and Jehee, 2019) and that this corresponds

to subjectively reported confidence (Geurts et al., 2022) and a↵ects action selection (Best-

mann et al., 2008; van Bergen and Jehee, 2019). In more cognitive settings, error signals

have been shown to modulate learning in a context dependent manner. Similar to the

question of memory segmentation, certain incoming data requires a fundamentally di↵erent

response. During learning, highly surprising events may indicate a significant change in

the environment, thereby signalling a need to considerable alter beliefs. In contrast, a rare

outlier event uninformative of underlying dynamics should be ignored, as adaptation to it

would e↵ectively be modeling noise or overfitting. Using such experimental conditions, Nas-

sar et al. (2019) described the EEG P300 as a surprise signal that predicted greater learning
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in the change-point condition and reduced learning in the outlier condition. This is in line

with modeling results suggesting that humans use surprise to perform outlier detection and

determine when not to learn (Liakoni et al., 2022), although this would require this char-

acteristic of the environment itself to be learned or taught. Similarly, it has recently been

shown that quantities based on predictive surprise as well as confidence-corrected surprise

can be used to e�ciently infer to what degree beliefs should be updated in environments

with possible discrete changepoints (Faraji et al., 2018; Liakoni et al., 2021). This recent

work connects to the concepts of ambiguity and risk from decision-making literature (Ells-

berg, 1961). Ambiguity refers to uncertainty about the environment that is reducible by

collecting information, while risk is irreducible uncertainty. It has been shown for humans to

be sensitive to the reducibility of uncertainty in their BOLD response using fMRI (Huettel

et al., 2006) and behaviour, for example by investigating which surprising events partic-

ipants do or do not use to update beliefs (Kobayashi and Hsu, 2017). This implies not

only a representation of belief uncertainty, but even beliefs about uncertainty, which can

be described by using hierarchical probabilistic inference (e.g. Bach et al. (2011); Boundy-

Singer et al. (2022)). The apparent consideration of such higher-order concepts in human

behaviour indicates that scalar-based reinforcement learning accounts are likely insu�cient

given the omnipresence of uncertainty.

The phenomenon that the functional role of surprise is mediated by uncertainty high-

lights that surprise itself is only part of the story. These examples indicate that uncertainty

can not only guide action selection by biasing behaviour for maximizing information, it can

also guide belief updating by considering factors in the current context such as expected

information and the reducibility of uncertainty. As discussed, if the brain is described to

minimize informational surprise, a consideration of uncertainty is assumed under active in-

ference, which is operationalized as entropy or expected information. Indeed, our findings

suggest a sensitivity of perceptual surprise and model-based behaviour to the entropy of be-

liefs. Interestingly, one way in which surprise and uncertainty appear intertwined are their

overlapping neural systems, together with reward processing. Despite midbrain dopaminer-

gic neurons initially becoming almost synonymous with signalling reward prediction errors

(Schultz, 1998), they have been shown in rodents to be required for value-neutral learning

(Sharpe et al., 2017) and to respond to sensory features (Takahashi et al., 2017). Likewise,

using fMRI in humans these neurons have been suggested to respond to the sensory identity
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of rewards and the content of sensory prediction errors (Howard and Kahnt, 2018; Stalnaker

et al., 2019). Strinkingly, midbrain dopamine neurons have even been shown to signal the

expectation of information (Bromberg-Martin and Hikosaka, 2009) and uncertainty (Fior-

illo et al., 2003). These observations have lead to the hypothesis that the dopamine system

might prescribe value to information itself (Bromberg-Martin et al., 2010; Bromberg-Martin

and Hikosaka, 2011; Kidd and Hayden, 2015), with important implications for exploration

and curiosity. This in turn may relate to findings which indicate surprise may be pleasur-

able in activities such as sports viewing (Antony et al., 2021) and listening to music, where

enjoyment depended on an interaction between predictive surprise and belief entropy (Che-

ung et al., 2019). In the active inference literature, the aforementioned dopamine findings

are thought to result because dopamine may encode precision or confidence about potential

actions (Friston et al., 2014). Specifically, using a biologically plausible variational update

scheme for approximate Bayesian inference (Friston et al., 2013), changes in precision can

be shown to correspond to changes in expected value (i.e. reward in traditional conditioning

paradigms). This means that observations which increase the value of an action also increase

precision. Dopaminergic findings on reward prediction error as well as information-based

processing may both result from precision updating instead (Friston et al., 2015).

Such an view on the centrality of information may, in a relatively natural manner,

be extended to other di�cult questions in neuroscience. Zenon et al. (2019) consider the

costs of cognition in terms of the amount of information needed to update beliefs and

propose this quantity corresponds to subjective e↵ort. The prior preferences under active

inference are expectations, which action serves to fulfill. While lower hierarchical levels aim

to conform to the environment, the highest levels encode long-term goals and motivations

with high precision selected for by evolution. This means that surprise minimization aims

to realize these states, lest our expectations are violated. Additionally, information theory

tells us that very precise distributions, such as the expectation to feel satiated, are very

costly to change. Given this prohibitive cost, a surprising state such as being hungry

is therefore suggested to be resolved by eating, rather than changing expectations. This

framework on information-based costs has also been shown to map well to the literature

on task switching and paradigms such as the Stroop task and random dot motion tasks

(Cooper et al., 2015; Zenon et al., 2019). In particular, the application of an information

perspective to reaction times has a long history, with reaction times depending linearly on
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the entropy of the response choice (Hick, 1952; Hyman, 1953). By dissociating predictive

surprise and Bayesian surprise, recent results suggest that these interact to increase reaction

times, indicating that not only belief updating (as suggested by Zenon and colleagues) but

also surprise may be important (Visalli et al., 2019, 2021). However, although participants

may be informed that certain observations are task-irrelevant (and thus should not be

used for belief updating), this does not guarantee lower perceptual levels which are not

task-sensitive to adhere to these instructions. A complete dissociation between surprise

and belief updating is therefore di�cult to ensure and continues to constitute an issue,

especially for (lower-level) perceptual learning research. Nevertheless, the assumption of

an inferring brain, with a limited informational capacity and e↵ort to be a function of

informational encoding, appears a suitable model for a variety of phenomena in line with a

bounded rationality process (Tishby et al., 2000).

3.4 Open questions, future directions, and conclusions

This thesis details the use of information theoretic surprise measures to prescribe probabilis-

tic inference to early perceptual signals and exploration behaviour under active inference.

However, various important questions remain unanswered. First, it is unclear how our

results on confidence-corrected surprise as a model for early somatosensory EEG signals

relates to previous work on confidence and surprise. As this quantity was only recently

introduced, not much comparable empirical work has yet been published (Faraji et al.,

2018). Although confidence and predictive surprise have been found to interact in sen-

sory cortex (Cheung et al., 2019), correlates are often investigated separately (Meyniel

and Dehaene, 2017; Meyniel, 2020) and it will be interesting to see further adoption of

confidence-corrected surprise. Meanwhile, our work would have benefited from similar con-

trasts between confidence and surprise to provide a better understanding of what is driving

the currently presented results and to facilitate their interpretation in light of the existing

literature. Further, while we find evidence for signals of prediction violation and belief up-

dating, we did not directly infer on the e↵ect that confidence-corrected surprise signalling

might have exerted on subsequent updating. By including this mechanism explicitly in

a model, this relationship could be further clarified (please see Faraji et al. (2018) for a

simulation-based example). Alternatively, a somatosensory perceptual learning task with

behavioural prompts reading out beliefs might be used to explicitly measure trial-by-trial
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updating. However, this could significantly alter the studied system and instead probe the

P300 generating system as in similar (but not somatosensory) studies (Kolossa et al., 2015;

Kopp et al., 2016; Seer et al., 2016).

From a methodological standpoint, it bears mentioning that studies 1 and 2 include large

amounts of Bayesian model comparisons, without applying any corrections. Although these

analyses do not constitute statistical tests per se, it would be highly beneficial for future

method developments to account for high exceedance probabilities arising due to chance

from a high number of model comparisons. A lack of such methodological sophistication

ultimately limits the conclusively of our results. Further, these studies included simple tasks

to maintain the subjects’ attention on the stimulation, which required judgements about

the identity of stimuli. As such, it is possible that EEG signals of implicit learning are

contaminated by decision-making processes, although we aimed to limit this by focusing on

early dynamics up to 200ms post-stimulus.

While we attempt one of the first empirical validations of expected free energy mini-

mization in human behaviour by focusing on directed exploration, it remains unclear how

alternative action selection loss functions would compare. The comparison with the stan-

dard reinforcement learning model as used in the two-step task literature was considered

important and showed promise of active inference to capture additional behaviour, yet was

not contrasted with other directed exploration strategies. Marković et al. (2021) provide

important simulation-based evidence that active inference can outperform Bayesian rein-

forcement learning alternatives as a model for dynamical bandit tasks. Directly comparing

models is likely to be important going forward to understand whether certain behavioural

e↵ects are uniquely explained by a model like active inference. However, as models be-

come more similar, precise experimental manipulations are necessary to ensure models are

recoverable. The two-step task is unlikely to meet these requirements.

Next, given that reinforcement learning models share key characteristics with proba-

bilistic models and direct comparisons are often lacking or not possible due to experimental

limitations, much evidence is available which is compatible with both approaches. For exam-

ple, there is considerable evidence showing the representation of uncertainty both neurally

(Strange et al., 2005; Bach et al., 2011; Vilares et al., 2012) and behaviourally (Heilbron and

Meyniel, 2019; Boundy-Singer et al., 2022; Geurts et al., 2022), yet behavioural evidence

uniquely in favour of Bayesian reinforcement learning or a free energy minimization approach
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is scarce. Future empirical research might consider including direct comparisons between

these frameworks and focus on important ways in which they di↵er. An example qualitative

comparison was recently performed in simulation, utilizing dynamic environments and the

omission of rewards to stress certain model characteristics, such as the ability to gener-

ate interesting behaviours despite flat prior preferences or no value function (Sajid et al.,

2021). Further, a dynamic process under active inference by which model-based behaviour

transitions into habitual control is something left unexplored in human behaviour. Habits

have been discussed to be obtained by becoming embedded in the prior beliefs over actions

through repeated execution (Friston et al., 2016) or as Bayesian model averaging over simple

and more complex models (FitzGerald et al., 2014).

Although care was taken to select similar data sets, remaining heterogeneity such as

considerable variation in sample sizes complicate a clear resolution of result discrepancies

between data sets. Finally, analyses were likely complicated by the task choice in two ways.

First, it has been shown that participants have little influence on the average obtained

reward by engaging in model-based control (Kool et al., 2016). This likely explains why

additional exploration behaviour did not yield more reward, which might have reduced

the incentive for information gathering strategies. Second, reward and information were

correlated as subjects only learned about the consequences of chosen actions. In so far as

subjects pursue reward, information tends to be higher for more rewarding actions as they

are sampled more often. Alternate paradigms to decouple reward and information may be

fruitful extensions.

Across all studies, our employed models are likely to be simplifications compared to neu-

ral algorithms, indicated by the uncertainty about how such models may be scaled beyond

small state and action spaces as commonly studied in neuroscience. In addition, many other

candidate model architectures are possible. This is important to consider as model com-

parison only allows for valid conclusions in regard to the included models, which represent

a fraction of total possibilities. However, the compared models capture key properties of

di↵erent learning and action strategies, thereby being highly useful in establishing relative

plausibility in a formal manner. Over time, hypothesis space may thus be explored and

illuminated.

To operate e�ciently in a dynamic and ambiguous world, it is thought crucial to main-

tain a generative model which includes uncertainty of beliefs. Our studies suggest for sur-
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prise, indicating a mismatch between model and reality, and belief entropy, an informational

measure of uncertainty, to be encoded in neural signals during perceptual learning and that

these quantities may be used in action selection. By relying on information theory, defined

in probabilistic terms, and using Bayesian learning models, these results lend credence to

the idea that the brain maintains a probabilistic representation of sensory information in

the form of probability distributions. These beliefs may be used for prediction, with surprise

of current observations providing a key indicator for the need for model adjustment, in line

with early hypotheses of learning (Rescorla, 1972; Sutton and Barto, 2018). Through a

formalized treatment of probabilistic uncertainty, we report both a neural and behavioural

sensitivity to uncertainty. Regarding the former, this provides evidence for more sophis-

ticated belief-based models of perceptual learning over scalar-based accounts (Parr and

Friston, 2018). With respect to the latter, the reduction of distributional uncertainty might

form an epistemic incentive. This is in accordance with the interpretation that sensory in-

formation is valued as a function of its precision because imprecise information allows for a

lesser reduction in uncertainty (Parr and Friston, 2017). Such a consideration of the primacy

of information gathering (or uncertainty reduction) speaks to recent information-theoretic

and free energy frameworks elaborating on surprise and uncertainty research. Rather than

information- or novelty-based heuristics being added to schemes maximizing reward-based

utility, information gain itself might be assigned utility too. This implies that both ex-

ploration and exploitation are two facets of the same objective, as assumed under active

inference (Pezzulo and Friston, 2019).

We contribute first to the understanding of perceptual learning, particularly in the

understudied domain of somatosensation. We investigated multiple prominent surprise

functions as well as various key characteristics of the learning model in the same study. The

work thereby constitutes an important improvement over the existing literature by better

accounting for interactions between learning and readout functions. Further, we contribute

to the empirical investigation of active inference and the dynamics of its epistemic incentives

via a contrasting anaylsis with an RL approach. As a consequence, we additionally provide

insight into the shortcomings of a popular RL model in capturing human behaviour on the

influential two-step task. Altogether, our results are broadly in line with the hypothesis that

the brain aims to minimize surprise (or free energy as a proxy) about current observations

by adjusting model parameters and surprise of future outcomes by considering the expected
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surprise (i.e. entropy or uncertainty) of potential actions. Despite these important advances,

considerable progress is still required to understand the nature of probabilistic information

processing in the brain.
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Gläscher, J., N. Daw, P. Dayan, and J. P. O’Doherty (2010). States versus rewards: dissociable
neural prediction error signals underlying model-based and model-free reinforcement learning.
Neuron 66 (4), 585–595.

Gopnik, A. (2012). Scientific thinking in young children: Theoretical advances, empirical research,
and policy implications. Science 337 (6102), 1623–1627.

Gottlieb, J. and P.-Y. Oudeyer (2018). Towards a neuroscience of active sampling and curiosity.
Nature Reviews Neuroscience 19 (12), 758–770.

Gottlieb, J., P.-Y. Oudeyer, M. Lopes, and A. Baranes (2013). Information-seeking, curiosity, and
attention: computational and neural mechanisms. Trends in cognitive sciences 17 (11), 585–593.

Green, C., C. Benson, D. Kersten, and P. Schrater (2010). Alterations in choice behavior by manip-
ulations of world model. Proceedings of the national academy of sciences 107 (37), 16401–16406.

Gri�ths, T. L. and Z. Ghahramani (2011). The indian bu↵et process: An introduction and review.
Journal of Machine Learning Research 12 (4).

Hastings, W. K. (1970). Monte carlo sampling methods using markov chains and their applications.

Heilbron, M., K. Armeni, J.-M. Scho↵elen, P. Hagoort, and F. P. De Lange (2022). A hierarchy
of linguistic predictions during natural language comprehension. Proceedings of the National
Academy of Sciences 119 (32), e2201968119.

Heilbron, M. and F. Meyniel (2019). Confidence resets reveal hierarchical adaptive learning in
humans. PLoS computational biology 15 (4), e1006972.

Helmholtz, H. v. (1856). Treatise of physiological optics: Concerning the perceptions in general.
Classics in psychology , 79–127.

Hick, W. E. (1952). On the rate of gain of information. Quarterly Journal of experimental psychol-
ogy 4 (1), 11–26.

Hohwy, J. (2018). The predictive processing hypothesis. The Oxford handbook of 4E cognition,
129–145.

Horvath, L., S. Colcombe, M. Milham, S. Ray, P. Schwartenbeck, and D. Ostwald (2021). Human
belief state-based exploration and exploitation in an information-selective symmetric reversal
bandit task. Computational Brain & Behavior 4 (4), 442–462.

Houthooft, R., X. Chen, Y. Duan, J. Schulman, F. De Turck, and P. Abbeel (2016). Vime: Varia-
tional information maximizing exploration. Advances in neural information processing systems 29.

Howard, J. D. and T. Kahnt (2018). Identity prediction errors in the human midbrain update
reward-identity expectations in the orbitofrontal cortex. Nature communications 9 (1), 1–11.

Hua, J., L. Zeng, G. Li, and Z. Ju (2021). Learning for a robot: Deep reinforcement learning,
imitation learning, transfer learning. Sensors 21 (4), 1278.

Huang, Y. and R. P. Rao (2011). Predictive coding. Wiley Interdisciplinary Reviews: Cognitive
Science 2 (5), 580–593.

Huettel, S. A., C. J. Stowe, E. M. Gordon, B. T. Warner, and M. L. Platt (2006). Neural signatures
of economic preferences for risk and ambiguity. Neuron 49 (5), 765–775.

Hyman, R. (1953). Stimulus information as a determinant of reaction time. Journal of experimental
psychology 45 (3), 188.

Iglesias, S., C. Mathys, K. H. Brodersen, L. Kasper, M. Piccirelli, H. E. den Ouden, and K. E.
Stephan (2013). Hierarchical prediction errors in midbrain and basal forebrain during sensory
learning. Neuron 80 (2), 519–530.

Itti, L. and P. Baldi (2009). Bayesian surprise attracts human attention. Vision research 49 (10),
1295–1306.

65
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