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Abstract

In this thesis, I posit a fundamental link between action and memory in human
cognition. I present results from a series of behavioural experiments which examine this
interplay from two distinct angles: I investigate how action representations modulate memory
formation (action in memory) and examine how memory representations shape action
sequences (memory in action).

I offer a contribution to the cognitive sciences by presenting fourteen studies across five
empirical chapters, which demonstrate behavioural markers of cognitive ties between action
and memory. This work pertains to theories of cognition and curriculum design in service of
learning.

Chapter I lays the theoretical foundations of the investigation through a review of
memory research and previously revealed cognitive effects at the junction of action and
memory. [ situate the focus on action in memory amidst long established inquiries: at the
intersection between procedural and declarative memory formation, amidst theories of active
learning and epistemic actions, and in relation to the embodied cognition paradigm. I review
and rely on theories of memory as reconstructive, which position memory as a substrate for
mental simulation or model-based reconstruction of unseen, future or fictional scenes and
behaviours.

Chapters II-IV (Action in Memory) report the foundational modulation of memory
through a manipulation of the alignment between action selections and supervision signals in
an associative, spatial memory task. These chapters empirically demonstrate that memory
performance during test phases is superior when action selections during training were
aligned with feedback signals, compared to when action selections were misaligned during
training. I introduce this action alignment effect and show its generalisations and robustness

against a range of controls.



In chapters V, VI (Memory in Action), I reverse and expand the inquiry and consider
how memories are used to guide action sequences in a self-simulation task. Here, the
experiments ask humans to reconstruct their own prior behaviour from incomplete memory in
the context of a spatial rule discovery task. A re-enactment of their own learning dynamics
requires an emulation of the behavioural markers associated with an epistemic transition from
ignorance to knowledge. I first identify subtle behavioural markers of this epistemic
transition, and then, by use of a comparison between behaviour during discovery and
behaviour during a simulation of discovery, I quantify distinct biases in self-simulation of
counterfactual epistemic states. Chapters V, VI thus explore the role of partial memory in
metacognitive access as revealed by action sequences. In a final discussion chapter (VII), |

summarise my contributions and their limitations.



Chapter I General Introduction

Introduction

This thesis is my attempt to contribute to a scientific understanding of cognition by
exploring the interaction between memory formation and action selection. Chapters II-IV
show how action selections affect the strength of a memory. Chapters V & VI query
participants’ memory for how their own actions supported their learning. Throughout, I focus
on spatial memory and actions and orient towards making contributions that help learners
understand how their own learning occurs.

This thesis supports the proposition that memory is reconstructive and fundamental to a
wide range of resource-constrained cognitive processes; and that memory representations are
shaped by actions. The first chapter will review literatures that pertains to these claims and
will provide the theoretical background which informs the empirical work of this thesis.

In chapter II-1V, I present behavioural results from a spatial rule learning task, in which
adults were asked to select actions and memorise a deterministic mapping between visual
stimuli and locations on a Cartesian grid, through a supervised learning paradigm. In chapter
V and VI, I present data from an unsupervised learning paradigm, in which participants
learned to adjust their actions to a spatial rule and were asked to later reconstruct their action
sequences based on incomplete memory. The first chapters thus focus on how actions affect
memory, while later chapters are concerned with memories of actions and actions guided by
memories.

In keeping with this structure, I now first review research domains which study how
action affects memory and subsequently review scholarship related to how memories guide
actions. The thesis intentionally spans different research areas, yet all chapters share a focus

on how action selections aid (spatial) memory and how the learner’s understanding of this



interplay can support learning. If action can be for cognition, one’s memory of how actions
affected cognition can guide future actions to optimise learning.

This chapter proceeds as follows. I develop a foundational understanding of memory
formation with a particular focus on the constructs which bear relevance to the behavioural
studies we present in this thesis. I begin by introducing the multiple-systems theory of
memory and on the basis of the existing literature on associative, declarative memory 1
showcase known neurobiological and theoretical mechanisms of human memory formation. I
focus on mechanism of learning from feedback and learning associations between objects and
locations, because these are features of the behavioural studies presented in chapter II-IV.
This chapter then offers a description of how humans learn actions, by briefly introducing
procedural memory and reinforcement learning, before subsequently reviewing studies

relevant to the interplay between memory and action in two separate sections:

Actions in Memory

I will review three research domains that study how cognition is shaped by actions: I
consider interactions between declarative and procedural memory, the field of active
learning and epistemic actions, as well as the literature on embodied cognition. In keeping
with this order, I will first review evidence suggesting that memorising actions and
memorising facts might not occur through two fully separable processes. This gives way to
critical questions about the classically conceived separation between movement and
cognition. I consider the literature on active learning as a well-evidenced example of how
associations, representations and models of the environments, are shaped by action selections.
Here I summarise studies that show that actions aid cognition, leading to improved
performance in cognitive tasks. Afterwards, I will consider the theoretical framework of

embodied cognition, which would predict that motor actions influence abstract



representations. This framework contends that intelligence is active, and our actions are
mediated by and performed through the body we have.

Memory in Action

To know how actions support learning, intelligent agents must memorise which actions
have led to better learning in the past. Memories of actions guide future actions. In this
section, I will introduce the literature on metamemory and metacognition, to suggest that a
learner who knows about how their own actions have supported memorisation, can select
actions that help them learn better and faster, even during unsupervised learning without
feedback.

The previous section will have shown that memory can be distorted by actions. Here |
will expand this claim, by showing research which finds memory to be fundamentally re-
constructive and error prone. This claim also underlines the importance of memory as the
substrate through which humans construct plans, reason about counterfactuals and imagine
future actions. This section will motivate the empirical investigations of chapter V & VI,
which are premised on the idea that metacognition promises to support learning and that self-
knowledge partially relies on memory. The behavioural experiments in chapter V & VI elicit
the reconstructive capacity of participants’ memory to guide their action sequences in an
unsupervised spatial rule learning task.

All work presented in this thesis is my own, but I opted to use the editorial ‘we’
throughout the central chapters of this thesis to describe all efforts with acknowledgment of
years of collaboration with my academic superiors and peers. We thus begin this first chapter

by explaining classical and foundational constructs in the study of memory.
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Foundations of Memory

Associative Memory Formation

Consider an apprentice gardener who is given two sets of seeds, which she knows to
belong to the species Lathyrus odoratus and Canna indica. She looks across the botanical
gardens, where beds of flowers are arranged in a grid-like structure and tries to remember the
instructions she received about where each set of seeds is to be planted. Whilst this is an
ordinary cognitive function, it is also a puzzling feat. How do humans reliably remember an
association between a sensory input, such as the visual perception of a coloured seed, and an
arbitrary label (e.g. Canna indica) or a spatial location (e.g. the Northern, right-most
flowerbed)?

Psychologists and neuroscientists have long been interested in this, and similar question
related to memory (Ebbinghaus, 1885) and have devised numerous experiments to understand
how human memorise associations. Take for instance a classic object-in-place association test
by Lhermitte & Signoret (1972), in which a set of cards are arranged in a 3 x 3 grid such that
each of the nine visually distinct cards are associated with a unique Cartesian position. A
human participant is presented with this arrangement and asked to memorise which visual
stimulus is associated with which spatial coordinate. After each of the cards has been studied,
the participant is presented with a single card at a time and are asked to tell the experimenter
which location each card is associated with. Upon making their choice, participants are given
feedback: the experimenter will move the card into the correct location or simply confirm it
to be correct. Adults without any memory impairments tend to achieve reliable performance

in this task within the first two rounds (Collins et al., 2022).
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We will now describe selective and relevant cornerstones of the neurobiological and
theoretical mechanisms that may underpin the behavioural measures of memory formation

that concern us in the experimental part of this thesis.

The Multiple-Systems View

Memory comes in different forms (James, 1901). In 1980, Cohen and Squire reported
that amnesic patients could acquire and retain memories of new routines, in this case mirror-
reading, but were unable to remember which words they had read. This, and other studies
(Squire, 1986), led to the suggestion that there are classes of memory formation that are
independent and site-specific. Lesions in the temporal lobe do not necessarily affect the
memorisation of new skills and routines and the ability to take advantage of repeated
statistical regularity. Cohen and Squire (1980) suggested that memorising that something is
the case as opposed to memorising #ow something is done, may constitute two separate types
of memory and that indeed ““such a distinction is honoured by the nervous system” (Cohen &
Squire, 1980). Evidence supporting this view compounded (Schacter & Tulving, 1994) and a
multiple-systems theory of memory replaced earlier suggestion that all memory is non-
localised or made of the same stuff (Lashley, 1950).

Lesion studies have played a pivotal role in our understanding of long-term memory
formation. Smith (1988) confirmed results by (Smith & Milner, 1981), in finding that a
patient with bilateral lesions of the temporal lobes, was entirely unable to form new
memories in object-in-place tasks. The patient was shown 16 individual objects in 16 random
and distinct locations on a board and later asked to recall which object had been placed at
which location. Performance in these tasks was at chance. A wealth of studies (Eichenbaum,
2004), many of which were conducted in rodents, have shown that the association between an
object and a place depends critically on the hippocampus (Chua et al., 2007; Gilbert &

Kesner, 2002, 2004; Sziklas et al., 1998). This is by far not the only function of the
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hippocampus (Bird & Burgess, 2008; Quian Quiroga, 2023), but it is the function that
concerns us here. Studies in humans also show increased activation (in PET scans) of the
hippocampal formation during the recall of associations between images of people and
locations (Henke et al., 1997), or word pairs (Henke et al., 1999). Aggleton & Nelson (2020)
studied object-in-place tasks for rodents (which place objects into 3D environments) and they
too found the hippocampal formation implicated.

Decades of research on lesions, neuropharmacology and pathologies (Eichenbaum &
Cohen, 2001) have found a functional and neuroanatomical separation between what is now
called declarative (that) (Squire, 1992) and procedural (how) memory formation (Squire,
1986). Eichenbaum & Cohen (2004) traces the history (mainly 20th century) of competing
theories about the number of types of memory (Tulving, 1985a). They recount early
philosophical inquiries into habit formation and even the influence of phrenologists, who
proposed that distinct brain areas host distinct functions. Eichenbaum & Cohen (2004) also
lists the persuasive evidence offered by famous amnesic case studies of patients such as H.M.
(Milner, 1965) or carefully controlled lesion experiments by e.g. Packard & McGaugh (1996)
who showed that a rat’s memory for locations versus habitual movement in space depended
on functions in the hippocampus and caudate nucleus (striatum) respectively. The distinction
between declarative and procedural memory is now part of an accepted cannon of
understanding (Squire & Zigmond, 2003) and its discovery a scientifically significant
historical milestone. We will rely on the distinction between declarative and procedural
memory before considering recent results suggesting that the two systems may not be as

separable as schematically suggested.

Memorising Declarative Knowledge

Declarative learning, during which inputs are associated with labels, spatial locations or

responses, also implicates the cerebral cortex and the parahippocampus (Eichenbaum, 2011a).
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The study of the hippocampus in particular has elucidated the main mechanistic components
which are thought to underpin the encoding of such associations (Eichenbaum, 2004). One of
the most influential, mechanistic accounts of learning is attributed to Hebb (Hebb, 2002;
Hilgard & Marquis, 1940), who put forward the proposition is that learning occurs by an
increase in the efficiency of synaptic transmission between proximal neurons. When neurons
are concurrently active (pre- and postsynaptic firing), the probability that one cell will excite
the other is increased by some molecular mechanism(s). Their association is thereby
established or strengthened. In an often-used connectionist framework of neural information
processing in the hippocampus (McClelland et al., 1995), this plasticity in synapses (the
variability in the strength of association between two neurons) is modelled as a weight
parameter between individual nodes (implemented as functions that represent cellular bodies)
(Rosenblatt, 1958). The amplitude of the measured post-synaptic potential in biological
neural networks, is analogous to the magnitude of the weight scalar in artificial neural
networks.

A lasting change in the connection between pre- and postsynaptic hippocampal neurons
can be molecularly implemented by N-methyl-d-aspartate (NMDA) glutamate receptors
(Caya-Bissonnette & Béique, 2024; Eichenbaum, 2011c¢; Squire & Zigmond, 2003). This is
referred to as long-term potentiation (LTP). Pre-synaptic activity releases glutamate, which
binds to NMDA receptors which, under a condition of sufficiently high depolarization of the
membrane, are thus no longer blocked by magnesium ions and thereby open to the influx of
calcium. An increased concentration of calcium ions can activate signalling pathways inside
the postsynaptic neuron, which can lead to permanently increased sensitivity to pre-synaptic
activation. This can occur for instance via an increased production of receptor proteins or
total spine-volume (Bliss & Collingridge, 1993). NMDA receptors thus act as a voltage-

dependent co-incidence detector and are likely implicated in learning (Tsien et al., 1996). It
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should be noted here that the hippocampus can implement LTP without NMDA -receptors,
that plasticity does not only occur via LTP and that not all LTP is Hebbian. Memory
formation occurs via a multitude of mechanisms. Reuse of neural codes is a fundamental
element of adaptive cognition, which suggests we should expect a variety of mechanism of

memory across different brain regions and scales (Eichenbaum & Cohen, 2001).

Learning with Supervision and Error

Since its conception, Hebbian learning has been extended (Gerstner et al., 2018) and
revised to account for neurotransmitters (such as e.g. dopamine) that act as a gating signal.
Such gates modulate whether coincidental neuronal activity can establish a lasting increase in
efficiency of transmission. According to this model of learning, co-activity between two
neurons makes them eligible to neuromorphic modulation, but when this third, modulating
factor is absent, correlated neural activity does not result in a weight change. Gating is
thought to act as a filter for learning the right kind of associations at the right time. While
many perceptual events coincide, only some of these events are relevant to the organism or
provide novel information about causal structure in the environment. Associative learning can
proceed by comparing the assumed association against the true association, thereby relying
on a feedback mechanism. This is also termed a supervision signal in machine learning
(LeCun et al., 2015). The supervision signal is simply the true label the agent is trying to
learn. At times, whether or not an association is indeed the correct one, will only be known
after a temporal delay, which means that feedback needs to be incorporated into a synaptic
event backwards in time. A mechanism that ‘tags’ particular synapses, combined with
temporally proximate gating factors that are guided by attention, reward or surprise, can fulfil
this role (Gerstner et al., 2018).

Surprise can be formalised as the difference between predicted and actual outcomes.

Learning (or the adjustment of weights) occurs when the prediction error is above zero. This

15



idea is at the heart of decades of research into models of learning and memory. Applications
of such a ‘delta’ principle are found in Widrow & Hoff (1960); Bush & Mosteller (1951), and
in Rescorla & Wagner (1972), as early accounts of Pavlovian conditioning to explain a
predictable behavioural response that is formed by repeated association with a stimulus
(Pavlov & Anrep, 1927). The idea of adapting the strength of neural connections based on
(aggregate) prediction error has found use across the neural and cognitive sciences (Soto et
al., 2023). While the original formalisation cannot account for many empirical findings
(Miller et al., 1995) and there exist complicating critiques of this model of learning (e.g.
Spicer et al., 2020), many fruitful variants have sprung from this attractively simple
mechanism. One modification for instance, shapes the prediction error computation into a
Bayesian framework.

Bayesian formulations assume that an agent is always engaged in considering multiple
propositions (hypotheses) about the true state of the environment. The goal is to represent the
environment, or more precisely, to form a belief over how the environment is structured, with
sufficient accuracy to accomplish tasks. To give an example: in our object-in-place task, the
hypotheses are all possible combinations of different degrees of associations between each
visual input and each Cartesian coordinate. In a Bayesian model of reasoning, degrees of
belief are distributed over different hypotheses and adjusted in light of the observations made
(evidence). For a given observation, Bayes rule considers the likelihood of making this
observation, given a particular hypothesis, by combining it with the prior belief distribution
(and normalising) to yield the posterior distribution over the hypotheses given all previously
acquired evidence (Chater et al., 2008). Bayesian approaches model the agent’s uncertainty
over the true state of the environment. Akin to a scientist who evaluates multiple theories and
models and who might even favour a particular model of reality due to its evidential support,

the agent and the scholar can never be completely sure, since perceptual experience, evidence
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and data are always finite. Learning thus occurs by updating a probability distribution based
on new incoming evidence. This framework has had success in describing human behaviour
and for instance accounts for the finding that humans track uncertainty and that they can
report their confidence in decisions or the reliability of the information they receive (Fleming
& Daw, 2017; Meyniel et al., 2015; Yeung & Summerfield, 2012).

A Kalman filter achieves a probabilistic variant of the usual point-estimates in the
Rescola-Wagner model (Gershman, 2015a; Kruschke, 2008). The Kalman filter represents
belief confidence as a multivariate normal distribution over all possible association strengths
and models a learning rate through the variance parameter. Greater variance (uncertainty)
yields larger updates to the prior probability distribution. This Bayesian formulation of
associative learning can account for a greater range of empirical results (p.7, Gershman,
2015a) and has the additional advantage that it makes possible to model active learning

(Kruschke, 2008), a concept which we will return to later.

Memorising Action Sequences

The completion of everyday and expert tasks depends on learning complex, fine-grained
motor actions. Consider the head gardener who returns to the scene after lunch and begins,
absent-mindedly, to execute a series of smooth and swift, well-practised actions: removing
weeds, loosening and mixing the soil with fertiliser or moistening selective spots by
cautiously tilting the watering can.

Her routine actions are retrieved from procedural memory, which encode the
associations between visual inputs (e.g. watering can, soil, fertiliser) and habitual, fine-
grained motor outputs (such as eye movements and hand- and arm-movements). The
traditional multiple-systems theory of memory formation contends that action sequences are
learned and memorised by an independent process and processing site (Eichenbaum, 2011b;

Yang et al., 2024). We will for now consider descriptions of procedural learning as such,
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before turning towards more recent studies that have looked at interactions and
interdependence between procedural and declarative memory.

The assumption of independence between declarative and procedural memory encoding
is derived from the observation that certain lesioned patients fail to acquire new declarative
memory, even if procedural memory acquisition is intact (Squire, 1986). Procedural memory
involves coordinated cell activity across the pre-motor and motor cortex, the cerebellum and
the striatum (caudate nucleus and putamen) (Eichenbaum, 2011b; Hardwick et al., 2013). The
main model for the study of procedural memory in humans are pathologies which present
symptoms of motor impairment. Parkinson’s and Huntington’s disease for instance affect the
basal ganglia and striatum respectively. Memory acquisition for a statistically recurring
structure in a sequence of actions (e.g. in a Serial Reaction Time task or a probabilistic
classification task) is impaired in Parkinson’s patients compared to healthy controls (Clark et
al., 2014; Jackson et al., 1995, 1995; Knowlton et al., 1996; Ruitenberg et al., 2015; Vakil et
al., 2021).

We consider procedural memory as it relates to our interest in object-in-place learning.
Aggleton & Nelson (2020) reviews brain regions involved in rodents doing objects-in-place
tasks. A learned sequence of actions in space (saccades or arm movements) is known to
coincide with neuronal activation of striatal populations (p.278, Eichenbaum, 2011b).
Kermadi & Joseph (1995) trained rhesus monkeys to perform six different spatial pointing
sequences in response to visual cues (illuminated location) and found action-specific cell
populations in the caudate nucleus, which fired anticipatorily. This suggests that the striatum
encodes movements, but also an expectation over spatial movements (Graybiel, 1995).
Expectation here plays a similar role as described in the previous section, in that it permits
action learning via prediction error. The expected sequence of motor action is compared

against the correct sequence of motor actions.
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A typical formalisation of action learning in humans is reinforcement learning (RL)
(Sutton & Barto, 1998) and the temporal difference (TD) prediction error (Seymour et al.,
2004). These formalisations typically depend on reward-based learning. Reward-learning
does not merely rely on labelling an outcome as true or correct. It incentivises the learner by
providing a subjective experience of a particular action outcome and labels it correct by way
of providing an inherently (to the organism) desirable quality in association with the correct
action (such as e.g. the taste of sugar in Ottenheimer et al. (2020)). In humans, connections
between the striatum and the basal ganglia and prefrontal cortex are thought to enable goal-
directed and reward guided action (Eichenbaum, 2011b). Learning via reward is thought to
occur relative to the reward prediction s (RPE), i.e. by comparing predicted reward gain
against actual reward gain after a particular action (Ergo et al., 2020; Rouhani & Niv, 2021).

In RL, actions are modelled as transitions between states, each of which have an
estimated value. In a basic temporal-difference reinforcement learning (TD-RL) paradigm,
the value of a state (s;) is determined by the agent’s expectation of how much reward can be
gained from all future states (s; + n) that are accessible from the state in question (s;). TD
learning thereby addresses one of the aforementioned shortcomings of the Rescorla-Wagner
model, by transcending a trial-wise learning structure and by considering temporally distant
outcomes. The expected payoff received in the next state s; + 1 is compared against the
estimated value of the current state s;. Once again, errors guide learning. If, for instance, this
difference is large and positive, the agent will update its representation of state s, to increase
its value, since this state is likely to lead to an unexpectedly high payoff in a subsequent state
(see e.g. Niv & Montague (2009) for a formal justification for TD learning). Further
adaptation with decay factors as an eligibility trace exists too (Sutton & Barto, 1998).

Memory formation of an adaptive action sequence is thought to occur in response to a

reward prediction error, that is signalled through dopaminergic projections into the striatum
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(Montague et al., 1996; Schultz et al., 1997; Schultz, 2002). Evidence for this has
accumulated on multiple levels of inquiry. Brzosko et al. (2015) report evidence in patients
Shindou et al. (2019) reported in vitro evidence of dopamine acting on an eligibility trace to
establish LTP (Rioult-Pedotti et al., 1998) and Pan et al. (2005) showed that a TD-RL
framework best accounts for single-cell recordings of dopaminergic activity during an in vivo
cue-reward experiment with rats. A recent study (Qian et al., 2025) confirms that a TD-model
still appears to be the best candidate to account for dopaminergic responses (in the ventral
striatum of mice) during a contingency degradation paradigm with cued stochastic reward.
Here too, a Bayesian generalisation (M. Jones & Love, 2011) of the RPE in RL (Kang et al.,
2024) as well as a Kalman filter for TD learning (Geist & Pietquin, 2010; Gershman, 2015a;
Kruschke, 2008) has been proposed to account for the relationship between dopamine and

uncertainty (Gershman & Uchida, 2019).

Action in Memory

Interactions between Declarative and Procedural Memory

We have so far considered procedural memory as a separate system from declarative
memory. But there is now renewed interest in revisiting and complicating the narrative of
independence between kinds of memory (M. Freedberg et al., 2020; Gade et al., 2014; Irish &
Vatansever, 2020; Kalra, 2025; Sherman et al., 2024; Yang et al., 2024). Without discarding
the well-evidenced distinctions between memory types, the field has turned towards studying
the heterogeneity of functions within anatomical subregions, as well as the overlap and
interactions between memory modules at all levels of inquiry, ranging from
neuropharmacological to behavioural. This is part of an effort to incorporate neuroanatomical
and behavioural evidence which calls into question a neat mapping of functions to distinct

and independent brain regions. Identifying predictors of cooperation between procedural and
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declarative memory, might help to inform which learning conditions can optimise memory
performance.

R. M. Brown & Robertson (2007) found that consolidation of a procedural learning task
(a serial reaction time task) was reduced if learners participated in a declarative learning task
(word lists) during the consolidation period (but unaffected by a control task in which they
counted vowels). The converse was also the case: declarative learning was blocked by a
subsequent procedural learning task, suggesting an interference between declarative and
procedural learning and that the two systems interact rather than run in parallel. Hund &
Plumert (2003) showed that spatial memory for objects in children is not encoded or retrieved
in isolation but instead distorted by the identity of the objects and their semantic relations. In
a review from 2011, Nadel & Hardt (2011) question the sharp and presumed region-function
specificity of multiple-memory systems wholesale, by zooming in on the medial temporal
lobe, to show that it is involved in cognitive function far beyond long-term declarative
memory. Similarly, Hart et al. (2018) showed that the striatum plays an unexpected role in
goal-directed learning (using anatomical tracing and chemogenetic manipulation) and
Zeithamova & Bowman (2020) present evidence that the hippocampus also shapes
generalisation and inference, thereby revealing that sites of memory formation contribute to
cognitive functions beyond memorisation (Kumaran & Maguire, 2009).

In a behavioural study, Asby and Crossley showed that human participants in a category
learning task are unable to deploy a hybrid of procedural and declarative learning (Ashby &
Crossley, 2010). In their study, participants learned a category boundary in which optimal
performance depended on both considering two stimulus dimensions (an information-
integration approach), which is thought to rely on procedural learning, as well as considering
a single dimension (rule-based approach), which is thought to depend on declarative learning.

A model which assumed this required hybrid strategy, never provided the best fit to
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participants’ data. Instead, participants defaulted to using a suboptimal, single strategy. The
authors reason that these results suggest an interference between declarative and procedural
learning, at least in respect to equal access to responses in a category learning task.

Neuroimaging and behavioural evidence for the interference between declarative and
procedural memory was found by Kim (2020), who interleaved an object-location association
task with a visiomotor adaptation task in close temporal proximity. In M. Freedberg et al.
(2020), the authors take stock of results which show competition (e.g. Poldrack et al., 2001)
as well as cooperation (see e.g. Mattfeld & Stark, 2015; Sadeh et al., 2011; Scimeca & Badre,
2012) between the declarative-hippocampal and procedural-striatal systems. They review the
structural connectivity between the two regions (both for instance connect to the prefrontal
cortex) and attempt to narrow the confluence of factors which appear to determine whether
these two major memory systems will cooperate or interfere. M. V. Freedberg et al. (2022)
reported further evidence for competitive dynamics. They used non-invasive methods (rTMS)
to increase regional connectivity between the hippocampus and caudate, which led to
improvements in episodic relative to procedural memory performance.

Procedural learning can shape representations of declarative nature. This provides a first

example of how actions can affect cognition.

Active Learning

Active learning refers to learning contexts in which the agent selects the learning
material (Nelson, 2008). By way of intervention and targeted inquiry, the learner manipulates
the likelihood of what observations are made. These are thus actions which serve learning,
memory and inference. Imagine for instance, that our apprentice gardener studies the
associated nomenclature of a range of flower seeds. In her attempt to try and recall the name

of the seed, she might not select them at random but instead study them in a clustered order:
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first all zygomorphic flowers, followed by all actinomorphic flowers. Can her active ordering
of the study material help her learn faster?

Theories of active learning are underpinned by the assumption that not all information is
equally informative at all times. Some data is more conducive to learning than others. The
Bayesian variation of associative learning above can demonstrate this idea. Here, evidence is
incorporated in respect to a pre-specified range of hypotheses, which means that evidence
which pertains to a hypothesis that is nof considered by the agent, will not be able to alter a
prior representation of said hypothesis (e.g. consider that the apprentice gardener is unaware
of the existence of the adjacent rose garden and therefore cannot think it likely that the rose
seeds should be planted in the annex). Similarly, in the case in which evidence does pertain to
the set of known hypotheses, it may be, and in fact most often is, the case that not all
hypotheses are thought to be equally likely. The prior distribution over hypotheses is not
uniform. There then exist interventions which reduce the number of plausible hypotheses by
virtue of logical incoherence between an observation and a theoretical assumption, which is
common to a subset of hypotheses, or, in probabilistic terms (Kruschke, 2008), by virtue of
the low probability of observing a particular piece of evidence under a given subset of
hypotheses. Some, but not all, observation will update the probability distribution over
hypotheses such that a subset becomes exceedingly improbable as an explanation for the
observed environment. In the language of point estimates, the prediction error can only be
made use of if an observation (mis-)matches a previously held expectation in kind.

The optimality of an action thus depends on sequence and abstraction. Firstly, the best
intervention is specific to the remaining, likely hypotheses, which means that the best action
at step t is not the same as the best action at t+3. Secondly, the learner must often cluster and

categorise hypotheses by their dependencies, assumptions and similarities, so as to estimate
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how many hypotheses may be excluded for any one assumption that is rendered unlikely by a
piece of evidence.

Humans do indeed learn actively, not passively. Infants already show control over their
own selective attention by eye and head movements, which led Raz & Saxe (2020) to propose
that active learning is a key missing component of existing theories of cognitive
development. Attention in this context is framed as a covert action. Children pay preferential
attention to novelty and surprise and an intermediate range of complexity: not too simple,
such that there is nothing to learn, and not too difficult, such that there is nothing to learn
(Kidd et al., 2012). Children as young as three years of age adapt their inquiries to the
statistical structure of the task (Ruggeri et al., 2019), thereby displaying a sensitivity of action
choices to the environmental factors of the learning task. Interventions are known to play a
pivotal role in causal structure learning (Bramley et al., 2015) and active learning has been
shown to benefit children in schooling environments (Prince, 2004; Stilles;jo et al., 2021;
Theobald et al., 2020; Yannier et al., 2021).

In a particularly illustrative experiment, Markant & Gureckis (2014) showed that adults
benefit from selecting their own training data during a category boundary learning task.
Participants were tasked to give one of two labels to a set of two-dimensional stimuli, which
varied along the continuous features of angle and size. They were either shown a set of
stimuli and their labels passively or they were able to actively select what feature combination
they wanted to see the category label of. In this latter condition, participants thus constructed
their own training dataset. The authors set out to test if learning proceeds in a hypothesis
dependent manner, such that observations would be tailored to the current, hypothesised
category boundary of the observer at the time. The range of hypotheses were constrained by
which of two stimulus features was most predictive of the category boundary. The

experimenters reasoned that if active learning was superior to passive learning, this tailoring
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should translate into a performance boost. And they indeed found superior test performance
after the active training condition compared to learning passively from highly informative
(close to the category boundary) training examples. Furthermore, the distance between self-
selected stimuli and the category boundary that was most likely assumed by an individual
participant at the time, was anti-correlated with performance. Participants who sampled near
the category boundary were better learners. Interestingly, if a participant passively learned
from the exact same order and identify of stimuli which were actively selected by another
participant, performance also suffered. The benefit from self-selection thus likely derives not
from the fact that the selected stimuli are per se more informative, but that they are
informative in respect to a particular hypothesis that is considered at that time. A variant of
this study shows that active learning studies are influenced by uncertainty in that people do
not repeatedly sample unresolvable uncertainty (Patterson & Karuza, 2022).

The expectation about a hypothesis-dependent sampling bias was derived from
normative accounts of how agents should prioritise informative observations when they test
hypotheses (Oaksford & Chater, 2007). The framework of optimal experimental design
(OED), originally developed to help select interventionist experiments by how much work
they could do in buttressing scientific theories, is now often applied to describe the actions of
learning agents in both machine learning and cognitive science (Coenen et al., 2019). OED
provides a measure of the epistemic utility of an action. Formalisation capture how helpful an
intervention would be, often by either how much performance in the task at hand might
improve (probability gain) after new knowledge is gained, or by how much uncertainty would
be reduced though the intervention (information gain) (Lindley, 1956; Nelson, 2005).
Information gain is assessed by comparing the Shannon entropy before and after an

intervention. This depends on a pre-posterior analysis, which considers all possible answers
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to each query, and sums their epistemic utility, weighted by their probability, to an expected
information gain associated with each query (Meder et al., 2022).

In some instances, OED theories can capture human behaviour well, such as in logical
hypothesis testing during a Wason card selection task (Oaksford & Chater, 1994) or eye-
movements during search (Najemnik & Geisler, 2005). OED has been used to inform
experiment designs (Rainforth et al., 2023; Valentin et al., 2024) or indeed intelligence
gathering by government agencies (Timms et al., 2024). It is, however, of note that OED
theories typically evaluate the optimality of a single step query, whereas ecological agents
likely consider the cost and efficacy of a full sequence of queries (Meder et al., 2022). This
highlights the cognitive cost and skill implicated in active learning under resource
constraints. Active information sampling is a sequence of decisions between alternatives and
thereby demands cognitive effort (Petitet et al., 2021). Ruggeri & Lombrozo (2015) proposed
an an ecological active learning framework based on this presumption that no exploration
strategy is cost effective and adaptive across all environments (which differ). The learner thus
likely learns to choose wisely from a battery of search strategies. The study of actions as
decision-making instances is fertile ground to study learning and cognitive development over
time.

The study of active learning can also give insight into the mechanism of cognitive
processes in time. Kirsh & Maglio (1994) introduced the concept of epistemic actions, which
they define as actions that specifically facilitate or ease ongoing cognitive processes. This can
include actions which achieve greater perceptual clarity or self-priming, or those that reduce
computational load. By using the game of Tetris as an experimental environment (Allen et al.,
2023), the authors report that participants took unprompted epistemic actions, which did not
achieve game goals, but were tailored to support cognitive operations. This included rotating

falling shapes, rather than mentally simulating the rotation to test a hypothesis (in this case

26



whether or not a shape fits into a free space) or pushing shapes to a wall to estimate distances
from the target location. The authors also stress the subjectivity of optimal action in Tetris:
“the epistemic value of [an action], will depend crucially on the current state of the agent, as
well as on how candidate placements are generated and tested” (p.543, Kirsh & Maglio
(1994)). In other words, the optimal actions depend on what hypotheses come to mind.

We have highlighted papers from the active learning literature which show that humans
can learn to take actions that are tailored to their cognitive processes. We will now add a
review of a third and broader theoretical framework which has argued the case that thoughts

depend on actions: this is the field of embodied cognition.

Embodied Cognition

The field of embodied cognition would posit that it is more reasonable to expect a tight
coupling between motor learning and the learning of abstract relations, than to assume that
they are separable. The proposal is that fundamentally, cognitive abilities develop through
and serve to guide movement (Glenberg et al., 2013). Humans develop, learn and reason in a
body. As already mentioned in the section on active learning, our movements (whether it be
eye movements in infancy or the traversing of great distances to receive teachings from an
admired scientist in adulthood) affect what we perceive and when we perceive it. The
information we digest in the form of sensory experience shapes the representations, memories
and models we build. Actions, in so far as they shape the experiences we make, thus directly
shape the building blocks of our cognition. Theories of embodied cognition however take this
hypothesis a step further (Butz & Kurz, 2017). They suggest that even the most abstract
cognitive processes such as language and number comprehension, spatial awareness or
emotions are built on and therefore tied to sensory-motor experience or memories of previous

sensory-motor experiences.
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Our earliest cognitive efforts are spent on learning to control and predict the body:
walking, grasping, discriminating via taste, smell and eyesight. All cognitive development,
even in the womb, coincides with motor behaviours (chapter 4, Butz & Kurz, 2017). This
suggests that the first and most fundamental representations we acquire are purposed to
control effectors. The hypothesis of embodiment is that cognition originates in, depends on
and is inseparable from action and the range of actions afforded to the organism (Gibson,
1950). Some authors suggest that indeed the causal logic ought to be turned on its head: the
role of cognition is foremostly to move the body (Glenberg et al., 2013; Olivers &
Roelfsema, 2020). In that, embodiment appears to solve at least some aspects of the age-old
symbol-grounding problem (Barsalou, 1999; Harnad, 1990), by conceiving of representations
not as ready-made and in need of a relation to meaning and the physical world, but instead as
derived and built from physical interactions between a body’s range of motion and its
environment (Glenberg, 1997).

This view has been fruitful to researchers in linguistics (Glenberg & Kaschak, 2002;
Pelkey, 2023), philosophy (Varela et al., 1991) and artificial intelligence (Clay et al., 2021). It
remains a useful framework to revisit as research in cognitive science and machine learning
makes progress on a range of long-standing questions, both with and without bodies (Barrett
& Stout, 2024). Proponents have been particularly interested in showing the effects of
movement on language, in parts because language is a highly abstract manipulation of
symbols, which does not in any obvious way relate to the body per se; and in parts because
verbal communication is infused with reference to physical space and physical experiences,
such as for instance the description of being ‘trapped in marriage’ (Glenberg, 1997) or that
something is ‘far-fetched’ or a ‘tight race’. An obvious point which supports a theory of
embodiment in language is that linguistic symbols are transmitted through the body - whether

it be a vocal tract or fingers. Fine-grained motor behaviour is paramount to communication,
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and some evolutionary theories suggest straightforwardly that all verbal communication
evolved from gestures (chapter 13, Butz & Kurz, 2017). Secondly, there is evidence for
anatomical linkages between regions of the brain that process movement and abstract
linguistic concepts (Pulvermiiller, 2005) and neuroimaging studies have reported that mental
simulations of higher-level concepts elicit activity in the motor cortex. A meta-review by
Watson et al. (2013) however disputes this. Modern techniques using distortions in virtual
reality environments found significant correlations between motor planning and mental
imagery capacity in individuals (Bennet & Reiner, 2022).

Distortions of cognition via bodily movements have indeed been found across many
domains (Glenberg et al., 2013; Robinson & Thomas, 2021), including spatial perception
(e.g. Proffitt, 2006), or numerical reasoning (Fu & He, 2025). Space becomes a scaffold for
further reasoning tasks (e.g. Lerousseau & Summerfield, 2024). Our interest is substantially
in memory, so we will consider results which pertain to that. Samuelson et al. (2011) showed
that children’s declarative word learning is supported by consistent spatial arrangements.
Prima facie, such results are not obvious. As we have noted in the section on active learning,
passivity spares the learner from costly decisions about how, when and where to take action,
which is itself a computation that could distract and lead to reduced performance in the task
at hand.

Glenberg (1997) relates the framework of embodiment to the purpose and function of
memory, which he suggests is the learning of representations that are repeated and particular
to a particular body and the particular affordances given to said body by those environments
that are traversed frequently. Glenberg also discusses early results which showed that
memory retrieval is facilitated when actions are spatially aligned with the remembered items

and that memory encoding is often improved under enactment.
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While a range of experimental results with the embodied cognition literature show that
memory formation is distorted (both positively and negatively) by the body, evidence is often
contradictory, and theories remain imprecise (Dijkstra & Post, 2015). Some of these results,
while presented as evidence for embodied cognition, might also be explained by alternative
hypotheses, such as that actions paired with memory items lead to a richer encoding due to
the multi-sensory experience of an action or that congruent actions facilitate context
reinstatement. For instance, Cook et al. (2008) found that gesturing supported children’s
retention of how to solve a math problem. However, this difference might derive from the
comparison of a cognitive process against a cognitive process and a sensory-motor action,
which means that the benefit from the latter could derive from an enhanced richness of the
encoding, rather than from a presumed sensory-motor origin of understanding the concept of
mathematical equivalence. Other studies however control for this by requiring an action in
both conditions.

Lagacé & Guérard (2015) for instance asked participants to remember the order of
manipulable items, which were either paired with a congruent or incongruent grasping action
(power versus precision grip). The proportion of correctly recalled sequences was higher for
items that were paired with a congruent action. In Downing-Doucet & Guérard (2014)
participants committed a set of manipulable objects to short-term memory. Each object was
paired with either distinct or similar motor actions. The authors found that distinct motor
actions caused less interference and allowed participants to better remember distinct items.
Guérard et al. (2015) extend this finding to show that motor suppression has a detrimental
effect on recall, but exclusively for congruent items. The effect however only holds for a
short list of items. Canits et al. (2018) also finds a congruency effect in reaction times, but not
for long-term memory. In Van Dam et al. (2013), participants memorised nouns for objects

that require a pressing (e.g. piano) or a twisting (e.g. pepper mill) motion or those that were
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not manipulatable. During a subsequent distractor task, participants then made a series of
decisions with either a pressing or twisting motion, before they were given a delayed
recognition task in which they discriminated previously seen nouns from new nouns. The
authors found a significant effect of action congruency on recognition, meaning that nouns
which described a twisting action were remembered better if the retention interval required a
twisting action, than if it required a pressing action. However, Pecher, Wolters and
Zeelenberg in Robinson & Thomas (2021), could not find a motor interference effect on the
recall of manipulatable object (where the required finger movements were always
incongruent with the objects of study), as would have been predicted by an embodied
cognition framework.

The umbrella term of embodied cognition plausibly captures too many disparate
phenomena (Hommel in Robinson & Thomas, 2021). Kérner et al. (2015) categorises the
reviewed effects into three suggested primary mechanisms: biasing, priming and sensory-
motor simulation. While scholars generally no longer question if'animal cognition arises from
and is affected by bodily movement, there is a demand for specificity: to what extent, how
and when is cognition influenced by action (Dijkstra & Post, 2015; Hommel, 2015; Iani,
2021; Ostarek & Bottini, 2021)? One attempt at mechanism and formalisation is the theory of
event coding (TEC), which proposes, in essence, that the same cognitive representation is
used to perceive and trigger action execution (Hommel, 2015). In (Haazebroek et al., 2017)
the instantiated connectionist model uses one and the same representation to perceive and act.
Actions are understood as neural motor codes that are triggered and preceded by the
prediction of a percept. The logic is that actions always lead to action-specific percepts and
that percepts derive mostly from actions. TEC calls these shared representations ‘feature-
codes’ which are both activated by sensory inputs and activate motor programmes. These

feature codes bind multiple sensory inputs. TEC commits itself to a version of embodied
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cognition in which sensory-motor experience is essential for creating representations, but not
for using them later (e.g. in simulating unseen feature combinations). In the model, percept-
motor code associations are learned via trial and error (also referred to as motor babbling) as
prescribed by an ideomotor theory (Sun et al., 2020). In this way, the model breaks with our
perceived difference between action and perception (Barsalou et al., 2007; Prinz, 1990; Prinz,

1997).

Interim Summary

We have reviewed distinct memory types, learning from supervision and object-in-place
learning. We considered three angles on how memory formation can be shaped through
actions. This can lead to memory being strengthened or weakened, biased or distorted.

First, evidence for interactions between procedural and declarative memory systems
show that learning how to do something is not independent of learning what is the case.
Second, according to theories of active learning, active selections of (the order of)
observations affect beliefs and memory. The idea of epistemic actions suggest that actions are
sometimes tailored to a specific cognitive function, rather than a specific goal of how to
change the environment. Third, the theory that cognition is fundamentally embodied, and
representations arise from sensory-motor experience, would suggest that movements can
shape memories.

Experiments in chapter II-IV will be situated in a supervised, object-in-place,
associative learning task, in which we show that action selections can boost and diminish
memory performance.

We will consider that distortions in memory, as well as an awareness of how such
distortions come about, may bring an advantage to agents who learn and reason in constantly
changing environments. To do this, agents need to be able to model their own cognition, at
least to the extent that they know what actions support, rather than hinder, cognition. We have
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thus far looked at evidence showing that actions affect memory. We will now turn towards

how memory affects actions.

Memory in Action

How do we learn to take epistemically advantageous actions? How is active learning
learned? How do we select actions that help us make memories that last? To know what
action we should take to support our own learning, we must memorise which of our actions
led to improved learning outcomes in the past. We recall memories of actions to guide current
and future actions. This requires that we learn about our own cognitive processes and their
outcomes. The ability to apply our cognition to cognition itself, was aptly termed
metacognition. The following section will introduce metacognition, and metamemory, and
describe learning contexts without feedback, in which such insight into oneself may be of
particular benefit. This will foreshadow the unsupervised task environment used in chapters
V&VI and motivate our focus on behavioural metrics of metacognitive capacities in these

chapters.

Metacognition in Action

In what order and for how long should the gardener study the names of seeds to do well
in a botany class? Should she test herself with or without seed labels? How confident should
she be that she is attending to the relevant features when classifying plants? The ability to
learn about, monitor and construct models about our own cognitive processes was termed
metacognition (Fleming et al., 2012).

The study of metacognition began by noting that children and monkeys learn how to
learn (Flavell, 1979; Harlow, 1949). Early studies examined children’s abilities to assess their
readiness to recall learning materials and found that older students were better at knowing

when their memory became reliable than younger students, and that such self-monitoring
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could generalise to new learning materials (A. L. Brown et al., 1978). In other words,
children can learn to know if and when they know.

Metacognition over knowledge acquisition however is partial and faulty. One example
of this partial access is for instance found in peoples’ lack of understanding about the benefits
of self-testing. The testing effect, also referred to as test-enhanced retrieval or retrieval
practise, is well evidenced curriculum found to enhance memory. Recalling an item, rather
than merely being re-exposed to an item, has repeatedly been shown to improve memory
performance (Agarwal et al., 2021). In a review, Rivers (2021), describes that people tend not
to be aware of this effect and tend not to use it to improve their memory performance. While
people report the use of self-testing as a monitoring tool (to see how well they already know
the material), testing is not preferred as a memory tool, over repeatedly studying the same
material. Metacognition about the robust testing effect also stands as an example of the
promise of metacognition: if leaners possessed self-knowledge over how testing boosts their
memory, they would counterfactually be able to optimise their own learning.

The concept of metacognition has found application in the field of artificial intelligence
(Botvinick et al., 2019) where (deep) meta-reinforcement learning algorithms (Hattori et al.,
2023; Wang et al., 2017) were developed to train on instances of learning to optimise task
performances. These algorithms implement learning on two different timescales, in which the
slower learning process does not optimise learning to complete individual tasks, but instead
learns about the similarities across tasks. A first-order system which completes individual
tasks is adjusted by a second-order system (in Wang et al. (2017) this was a recurrent neural
network) to enable one-shot learning on a future task.

This framing of hierarchical learning bears similarities to a model of metacognition in
humans by Fleming & Daw (2017). In it, the authors distinguish between first and second-

order cognitive processing. Metacognition is often measured as the degree to which a
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person’s self-judgement agrees with their true performance (while controlling for
performance and biases) (Fleming & Lau, 2014). One approach to studying metacognition
uses confidence ratings. Confidence ratings are uncertainty estimates that show a subject’s
ability to judge the reliability of their own cognitive processes, such as e.g. those that
underpin a binary decision or point estimate (Fleming, 2024). In Fleming & Daw (2017), the
reliability of a first-order computation (such as a perception of an event that leads to an
action) is evaluated by a second-order inference process that additionally takes the covariance
between two variables into account: in this case the covariance between confidence and
action. This means the model proposes that one’s own actions are an input to one’s own
confidence judgements and that one’s actions are evaluated by accounting for the reliability
of the actor (oneself) at the time at which the action was taken. Metacognition loops models
over models to, for instance, account for the noise contained in an action selection process, to
arrive at a measure of how reliable the output (action) of that process might be.

The importance of metacognition is highlighted by considering that many of the
environments that humans navigate, do not contain labels of the correct answers and actions.
The supervision signal is lacking. Scientific, philosophical or artistic progress for example is
driven by discovering and approximating unlabelled truths. Recent theories of how humans
accomplish this, suggest that the supervision signals are essentially self-generated and
thereby reliant on memory. It may be of interest to consider whether improvements in
metamemory and metacognition could be a factor that leads to improvements in rates of

discoveries (Popp et al., 2024).

Metacognition in Unsupervised Learning
Learning progress without feedback is often referred to as unsupervised learning, which
is a term from machine learning used to describe representation formation that occurs despite

unlabelled data (Bengio et al., 2013; Hinton et al., 1995; Z. Lin et al., 2024). One recent
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formalisation of unsupervised learning in humans (Broker et al., 2024) can illustrate the
crucial role of memory in learning without feedback. We will introduce this formalisation
starting with an example.

Consider a slightly amended scenario in which our apprentice gardener was given two
sets of seeds, which she knows to be the species Lathyrus odoratus and Canna indica, but
this time, she was not told where to plant them. Her task is to identify which seed should be
planted into which of two flowerbeds that are already filled with a range of blooming species.
She is quite sure that she does not know which order or clade each species belongs to,
because she remembers being absent-minded in a few of her taxonomy classes. But she
remembers that there are visual, structural features that are used to classify plants. She tries to
recall them one by one while letting her eyes wonder back and forth from one patch of
flowers to the other, when it suddenly dawns on her: all flowers in the left patch exhibit a
bilateral symmetry in petal arrangements (zygomorphic), whereas species on the right appear
to have an asymmetric morphology. She now knows what to do: plant the zygomorphic
species Lathyrus odoratus in the left and Canna indica into the right flower patch. In
knowing what she was likely to remember and in paying attention to the relevant,
distinguishing feature, she relied on her metamemory to discover the right category boundary
which informed her what actions to take.

Broker et al. (2024) formalised a similar scenario. The authors propose that
unsupervised learning depends on the degree to which the participant’s representation of the
category boundary is aligned with the true (or experimentally defined) category boundary.
The unsupervised learning problem is that the learner needs to find the right representation
(e.g. a category boundary) for the task. Learning without labels from the external world is
here understood to in fact be a form of self-supervised learning. This theory is suggested as

an explanation for when and why unsupervised learning improves performance - and
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conversely, why it sometimes does not (Broker et al., 2022; McDonnell et al., 2012; Ramscar
et al., 2013; Vandist et al., 2009). According to Broker et al. (2024), people can gain in
categorisation expertise without feedback, if they are already attending to the right features
(or combination of features). The label assignment depends on already memorised
representations that are more (self-supervised learning helps) or less (self-supervised learning
does not help) aligned.

In the case of our apprentice gardener, the feature which she needs to attend to, to be
able to assign the correct seeds to each patch, is symmetry: a spatial concept and percept
which she refined through experience (Shao & Gentner, 2019) and which she memorised as
being a particularly important classifier in botanical taxonomy. Part of the discovery of a
solution to a problem might thus be the discovery (retrieval) of a memory. We recall Markant
& Gureckis (2014) discussed in the section of active learning, in which self-directed sampling
close to the perceived category boundary was beneficial to learning and thereby depended on
having the right hypothesis in mind. Action sequences, optimal learning and representation
are closely tied.

Broker et al. (2022) reports experimental evidence for this theory of unsupervised
learning. Categorisation performance improved under unsupervised exposure only if learners
showed early signs of using the correct features as a category boundary (as indicated by
correctly classifying stimuli which could only be categorised correctly if the relevant (but not
the irrelevant) feature was used as the category flag).

The role of memory and right-representation is also often highlighted in the context of
studies that are interested in discrete moments or problem solving or sudden discoveries. The
conception of insight moments as the sudden connection between two separately memorised
behaviours was one of the earliest hypotheses about how insights occur (see for instance

Epstein et al. (1984) for an early study in pigeons). In the literature, sudden discoveries, are
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often characterised as discontinuous learning dynamics (Ash et al., 2012) in reasoning
problem for which an average person’s prior over the solution space is incorrect or inefficient
(Maier, 1931). In a schematic three-step model of discovery, the reasoner’s first attempt is
followed by an impasse or by ‘being stuck’ with the failed solution (incorrect hypothesis or
representation), before the problem representation is restructured (Chronicle et al., 2004).
Descriptions of cognitive discovery tend to be vague (such as e.g. restructured
representations, a shift in perspective or new connections between existing pieces of
knowledge), but the idea that representational change is what underpins the difference
between pre and post-discovery, resurfaces frequently (Kaplan & Simon, 1990; Kizilirmak et
al., 2016; Ollinger et al., 2014; Weisberg, 2015). Despite early calls for programmatic
explanations for problem solving via insight (Newell, 1972), the phenomenon is still elusive
and demands for more quantifiable, high-resolution and multi-dimensional behavioural
measurements of discovery persist (LeGris et al., 2024). We will answer this call in chapter V.

Unsupervised learning with the wrong hypothesis in mind might even reinforce
incorrect priors. Broker et al. (2024) suggest links to studies on biases and stereotypes (Cox
et al., 2022), which show that predictions that are never corrected can strengthen even if they
are incorrect (possibly via unsupervised Hebbian learning and self-reinforcement).
Metacognition may include knowledge over one’s biases and prejudices or how emotional
states arise and affect one’s judgements and decision-making. To know what cognitive factors
led us to act in the way we did, may be instructive for making predictions about how we will
likely act in the future if a similar situation arises. This self-knowledge in turn tells us how to
bring about futures that serve the kind of person we are or serves the values we are
committed to.

Our apprentice might know that her well-being always improves after a day in the

botanical garden, so she is keen to pass her last botany exam and turn her back on
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classrooms. As she sits down to study, her sister calls with the intention to vent about a recent
argument with their mother. The apprentice remembers that last time, such a call brought her
to a rattled emotional state which made it difficult to memorise her flashcards. She asks her
sister to call back later, thus acting on her metamemory (Dunlosky & Tauber, 2016) to
accomplish both her goals of being a good sister and finishing her exams.

Metamemory is her awareness of factors that influence her ability to make lasting and
reliable memories. Bein & Niv (2025) suggest that hierarchical reinforcement learning
provides a theoretical framework for how compressed models of expected state transitions
(such as for instance whether the apprentice will be able to study well after the call) might be
formed in the medial prefrontal cortex. Metamemory includes knowing whether a memory is
trustworthy or error prone. An accessible example of metamemory is the ‘feeling of knowing’
(Metcalfe & Shimamura, 1994) or ‘tip of the tongue’ phenomenon (Thomas et al., 2016), in
which a reasoner is aware of the possession of a memory, that is however not accessible. The
examples above show that metamemory (and metacognition more generally) is incomplete.
Interior sensory evidence is noisy and incomplete and there may be much we do not know
about ourselves, much that is not easily named or inaccessible, which might include the
origins of our ideas or how we came to a believe a conclusion (Bear et al., 2020; Randall
2019; Nisbett & Wilson, 1977). Access to our cognitive processes, such as how we learn and
memorise best, is partial and leads us to make choices that do not necessarily optimise
learning (Bjork & Bjork, 2011). This is what led to the suggestion that metacognition, similar
to (incomplete) sensory perception or learning about what others think, might be

fundamentally inferential (Fleming, 2024). We model ourselves to help ourselves.

Reconstructive Memory

Our memories are not accurate reflections of what we experienced (Straube, 2012) and

are subject to distortions and biases that mean that some experiences are etched into memory,
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while others are barely accessible (Schacter & Slotnick, 2004). We have reviewed evidence
showing that movement can disrupt or boost memory. But many theories of memory go
further and suggest that the nature of memory is fundamentally reconstructive, rather than an
exact copy of past experiences stored (chapter 10 in Bartlett, 1932; Dudai & Carruthers,
2005). Recalling a memory, according to these theories, thereby queries a model that re-
instates a previous experience from a compressed representation.

It serves us here to consider theories which understand memory as a mechanism for
resource-efficient reuse of information. Resource-efficiency also demands the management of
redundant information. This includes information that is contained across contexts and can
therefore be re-used akin to a cached representations for future function executions (Dasgupta
& Gershman, 2021). This framework suggests that memory formation too is a computation
that is subject to optimisation. It may be more sensible to assume that the brain does nof make
and retrieve exact copies of experiences but instead reconstructs an approximation of past
sensory inputs (or parts thereof). These reconstructions are then subject to a range of
distortions, including false recognitions, inaccuracies and biases (Payne et al., 2009; Schacter
& Slotnick, 2004; Sinclair et al., 2021). Metamemory assesses how memories are
constructed, how they might be faulty, biased or reliable, is likely useful for optimising
learning.

A recent paper by (Spens & Burgess, 2024) formalised this age-old idea of memory as
being reconstructive by way of a generative neural network which compresses inputs and
uses these learned latent variables to reconstruct (retrieve from memory) the probability
distributions of observations. In their model, an autoassociative network allows for rapid
encoding of sensory experiences and memories are consolidated by replaying these encodings
to train a variational autoencoder, which then compresses and reconstructs observations until

the reconstruction error (provided by the hippocampal autoassociative network) is sufficiently
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small. Interestingly, this memory consolidation model leads to predictable distortions in the
representation of experience. Compression biases memory towards prototypicality, such that
instances which are recalled become more similar than the original class of observations, a
phenomenon that is also found in humans (Kerrén et al., 2024).

With this model, the authors not only explain how the brain might account for
observational redundancy, but also why memory appears to be inextricably linked to the
capacity to construct visions of the future. The relationship between a person’s ability to
imagine the past and the future has long been noted (Tulving, 1985b; Williams et al., 1996)
but has become more integrated into theories of memory in recent years (Eichenbaum &
Fortin, 2009; Hassabis et al., 2017; Schacter et al., 2012). Findings suggest that imagination
(construction) and memory (reconstruction) indeed rely on the same neural substrates.
Hassabis et al. (2007) and Addis et al. (2007) show that hippocampal damage leads to
measurable impairments in imagination and according to Spano et al. (2020), such bilateral
lesions also reduce the frequency and richness of dreams. M. Levin (2024) suggests that it is
precisely this modifiability of memory that allows for a cohesive sense of self. It is the
constructive nature of both memory and our ability to simulate situations that have not yet
occurred, which allow us to maintain cognitive stability in spite of a constantly changing
environment and body. He expresses the proposal that re-invention (and to some extent
confabulation) is necessary, by analogy to the auto-encoder model (also implemented by
Spens & Burgess (2024)). The auto-encoder stores a compressed form of the original
information, which then necessitates re-expansion and thereby re-interpretation. Under
constant context shifts, the original information is thus adapted and modified to fit the needs
of the organism. These frameworks and empirical results suggest that memory is ubiquitous
(Eichenbaum & Cohen, 2001), and “a mode of knowledge [...] concerned with the

structuring and reconstitution of the past [which] cannot be dissociated from intelligence”
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(Piaget et al. 1968, translated in Flavell, 1971), or in other words, a multi-facetted,
foundational component of cognition.

In chapter V and VI we will empirically query peoples’ models (which are partially
memory-based) of their own cognition and behaviour. We showcase a new experimental
paradigm which asks participants to re-instantiate their own learning dynamics in an
unsupervised task with spatial structure. The experiment is tailored to elicit the generative
model that participants have of themselves, by asking them to exercise the generative
capacity of memory that we explained in this section. In our tasks, participants need to rely
on their generative memory model of previously experienced instances of discovery, to guide

their actions choices. This is memory in action.

Conclusion and Outlook

In this chapter, we reviewed a range of literatures that motivate and situate the empirical
chapters of this thesis. We built a mechanistic understanding of how associative
representations are formed via supervision signals and focussed particularly on declarative
learning within a multiple-systems framework of human memory. We then considered how
action sequences are learned via procedural learning, before reviewing studies that looked at
interactions between declarative and procedural memory. This was presented as evidence that
actions can affect representations, a view that we saw is shared by researchers in the field of
active learning and embodied cognition. Active selections of observations and interventions
in the environment can shape and construct representations and memory: actions can help us
think. Metacognition involves learning what actions have helped or hindered learning in the
past. The reconstructive model of memory suggests that memory is faulty and that memory
underpins our ability to imagine how we will likely act in the future.

In chapter II, we study how actions affect memory by use of a paradigm through which
we introduce what we termed the action alignment effect on memory. This is followed by two
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shorter chapters (III, IV) in which we add experimental controls and generalisations of this
effect. Both chapters rely on the same experimental paradigm and methods which we
introduce at length in chapter II.

In chapters V & VI we will show how reconstructive memory guides participants’
actions and allows us to quantify metacognitive capacity (memory in action). Chapter V lays
the methodological foundation for chapter VI in which we show an exploratory experimental
pipeline that leans heavily on the task introduced in chapter V but extends it into the inquiry
about metacognition.

All chapters require a form of spatial learning: Chapters II-IV study spatial learning in a
supervised setting, whereas chapters V & VI study learning arising from an unsupervised
discovery of a spatial pattern. All chapters are oriented towards how actions construct and are
constructed from memory, how action selections aid memory and how learners might help

their own learning by better understanding this interaction.
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Chapter II - The Action Alignment Effect

Abstract

We present three experiments that capture the action alignment effect: a behavioural
effect of action selection on memory strength. Participants learned an association between
visual stimuli and locations on a Cartesian grid. They selected a single location in each
training trial and received feedback at the correct location. Consequentially, the experimental
manipulation constrained their active selection, thereby controlling whether their action
would target the feedback location (aligned) or not (misaligned). The (mis)alignment between
action and supervision signal during training significantly modulated memory performance in

later recall trials.

Introduction

A logical line of argumentation posits that cognitive function can be moulded through
actions, because brains are embedded in and develop in bodies. We reviewed three areas of
research (see chapter I - action in memory) which study how and under what circumstances
actions impact cognition. These studies are situated in a multiple-systems view of memory,
where interactions between procedural and declarative memory are considered; in the active
learning domain, in which observation selections affect the accessibility of inferences; and in
the field of embodied cognition, where cognition is understood as arising from and ultimately
purposed to guide actions. We also reviewed models that question the distinction between
motor action and perception entirely.

We here report a series of experiments investigating whether the strength of associative

memory can be affected by an unrelated action selection. We report results from an
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experimental paradigm that uses a classic object-in-place association task (Lhermitte &
Signoret, 1972). Participants learned an association between a visual stimulus and one of 16
spatial locations arranged in a 4 x 4 grid, via a training signal. This training signal was fully
informative, carried no rewards and marked the location which participants were later asked
to recall.

Crucially, our task additionally required participants to take an action, but these actions
were not pertinent to the goal of the task. Across two conditions, we solely varied whether
these unrelated actions were aligned with the training signal (i.e. the action selects the
location at which the feedback signal will be shown) or misaligned (i.e. the action selects
another, incorrect location at the feedback signal will not be shown).

The persuasive line of argument with which we opened this chapter predicts that a
difference in action will consequently yield a difference in memory performance. Our task
was, however, designed such that there are also at least three plausible perspectives
suggesting that we should expect no effect. First, consider that our task is principally a
supervised learning task (LeCun et al., 2015), with a superfluous action sequence added on.
The dominant field of machine learning, which supplies many fruitful models in the cognitive
and neural sciences, and in which knowledge bases can and are routinely acquired in
complete isolation from actions (or reinforcement learning), offers no presupposed theoretical
reasons to expect our supervised learning task to be impacted by irrelevant actions. In fact,
the field of artificial intelligence has made great progress on cognitive tasks (Summerfield,
2023) without providing embodiment to these cognitive systems. Since our feedback is fully
informative, the supervision signal is in theory sufficient for an optimal solver to solve the
task. Second, critics of the embodied cognition framework primarily think it possible that
cognition, even if originating from sensory-motor experiences, can, once developed, operate

fully or in parts, without any use of or interference by the body (Dijkstra & Post, 2015; Iani,
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2021; Robinson & Thomas, 2021). Researchers call for precision in identifying the exact
conditions under which actions take effect on (which) cognitive processes but warn against a
generalised expectation that all cognitive processes should be affected by action. Third, a
historically well evidenced assumption of independence between declarative and procedural
memory (as introduced in chapter I), also predicts that we will find no difference in how well
stimulus-location associations are encoded. According to this classical model, actions and
objects are learned separately. While we noted and summarised a recent turn towards
studying some conditions under which there are interactions between the two memory types,
this research direction is not about to overhaul decades worth of research showing
independence between procedural and declarative memory, and far from suggesting that one
should expect procedural memory to interfere with other types of learning. We have thus
contrasted several, mostly separate fields of scholarship, which provide reasons to expect two
opposing results in our study.

Our experimental design is reminiscent of studies in embodied cognition that
manipulate whether an action is congruent or incongruent with the learning item. Glenberg &
Kaschak (2002) for instance found sentence judgements to be impacted by whether the
direction of the action taken (moving away or towards), was congruent with sentences
describing movement. Van Dam et al. (2013) find that the presentation of an incongruent
twisting action impairs memory for objects that require a pressing action and vice versa. Our
design generalises the structure of such paradigms by pinpointing an effect to a precise and
generalisable mechanism of (mis)-alignment between the selective action and the supervision
signal. Furthermore, the field of embodied cognition has been critiqued for classifying too
many disparate effects under one term (Hommel in Robinson & Thomas, 2021), some of

which are indistinguishable from effects that stem from multi-sensory encoding or
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expectation violations, rather than the actions per se. We will return to this topic in the
discussion to show that our study controls for and is not subject to these critiques.

Our design also bears similarities to recent publications by Schreiner et al. (2025) and
Ren et al. (2025), both of which investigate how matched versus mismatched action-effect
relations impact memory. Across two experiments, Schreiner et al. (2025), replicate Hon &
Yeo (2021), by showing that recognition memory is enhanced for stimuli whose training
presentation was preceded by a self-selected action that agreed with the perceptual event.
Participants were presented with two locations (up and down) and asked to use their arrow
keys to move a box on screen to their desired location. After the action was selected, the
perceptual event either followed suit (the box moved to the selected location) or opposed the
selected action (the box moved to the other location). A word stimulus then appeared in the
location of the box. Half of the stimuli were thus encoded under a condition in which the
perceptual event was congruent with a prior action and the other half was encoded under a
condition in which the perceptual event was incongruent with the preceding action. The
experimenters tested recognition memory for all words shown across both conditions. A
similar structure of the experiment was repeated, using a different type of action: participants
chose one of many colours, which would then either result in a visual item being shown in the
selected colour (congruent) or a different colour (incongruent). The authors report a
significant positive effect of action congruency on recognition memory across both
experiments.

Similarly, Ren et al. (2025) present pilot data from a variation of this task, in which
recognition memory for visual stimuli was tested in thirty participants. Here, participants
were first presented with a stimulus, before they arbitrarily made an action selection to assign
it to a location left or right of the presentation position. In congruent trials, the stimulus then

indeed moved to that selected location, while in incongruent trials, the stimulus moved to the

47



other location. The outcome was thus either aligned or misaligned with the participant’s
action. In test trials, participants later had to indicate whether the visual item they were

shown had previously been presented in the training session and which location the presented
stimulus had been assigned to. One hour later, the authors found a reaction time (RT) effect of
faster responses for items learned in congruent trials during recognition tests and a positive
effect of congruency on accuracy of spatial memory. Memory was altered by actions that
aligned with perceptual events.

Our studies extend this line of inquiry and make several useful contributions. First, the
existing literature is inconsistent and offers questions about the conditions under which
effects such as the ones reported above occur and we show a new experimental design which
reliably elicits the effects. Tsuji & Imaizumi (2022) for instance failed to replicate Hon & Yeo
(2021) who showed that self-selected congruent action increases recognition memory. Our
results and discussion section will contribute to elucidating this inconsistency and the authors
interpretation of the results. Second, we study the effect under a condition in which there is
no trial-wise switch between congruence and incongruence as for instance in Schreiner et al.
(2025) or Ren et al. (2025) and in the context of immediate (rather than long-term) memory
recall (rather than recognition) tests. Third, we show that the effect likely does not depend on
self-selected actions, as previous interpretations have suggested. Fourth, we relate the effect
to the supervision signal, thereby offering a generalisation of the result. Firth, we study the
effect of incongruency on an action sequence, rather than a single action selection. Sixth, we
isolate the effect of action congruency from the predictability of the perceptual event. Finally,
we experimentally contrast the effect with other established learning curricula in the
literature.

In Chapter II, we specifically test if action selection at training (with fully informative

feedback) affects memory recall during immediate tests trials in an object-in-place task. If
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stimulus-location associations are learned in complete isolation from actions, we would
expect no effect. If, however, action sequences can be shown to modulate memory, despite
fully informative feedback, it suggests that human memory of relations is shaped by what
action choices were executed during the encoding phase. Based on literatures that have
showed interactions between action and cognition, we hypothesised that training with action
misalignment (an action selects a location that is not the location where feedback will be
shown) would lead to worse memory performance during test trials, than prior training under
action alignment (an action selects a location that is the location where feedback will be
shown). We will also test the hypothesis that the type of action taken at training is not the
modulator of the effect and that the effect does not derive from learning the correct action
sequence which then transfers to test trials. We will further test the hypothesis that a
misaligned action interferes with memory formation, even in participants who make use of
the correcting information contained in the feedback signal. We will then test the hypothesis
that participants, when given the option, show a preference to align their action with the
location where feedback will be shown.

We will now present the first three empirical studies on the action alignment effect. We
then deepen those investigations in chapter III and extend and generalise the effect in chapter
I'V. All three chapters are concerned with the action alignment effect and build on each other.
Our aim is to provide empirical evidence for how actions can be used to improve learning and
study curricula. We situate our results amidst a multitude of psychological traditions, in the
hope to be informative to researchers interested in, for instance, interactions between
procedural and declarative memory, active learning, or embodied cognition. But we also
stress the relevance of our results to a wide range of educational settings and a long line of

psychological research assessing the role of supervision signals in learning (p.50, Druckman
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et al., 1994). We offer a curriculum structure that uses the alignment between actions and

supervision signals to significantly improve memory for abstract relations.

Methods

Participants

Participants were recruited from the online platform Prolific (Prolific, 2024). All
participants for all our studies on the action alignment effect first completed a two-back
attention check experiment which lasted 5 min. In this experiment, participants were shown a
sequence of large, capitalised letters on screen (one letter per trial) and were asked if the
current letter matched the letter shown two trials earlier. They responded by clicking a button
with the word yes or no written on it. After their response, the next trial began.

We permitted all participants to complete this attention check with the only selection
criterion being English as a first and fluent language, an approval rate of above 90% and at
minimum five previous submissions on Prolific. Participants who answered correctly in 75%
of all trials of our attention test were invited to partake in the study.

All experiments were conducted under ethics clearance through the University of
Oxford Central University Research Ethics Committee (code R50750/RE009) and all
participants gave informed consent before entering any of our studies.

Participants were paid at an hourly rate of £9, plus an advertised reward of up to £4
depending on their test performance. The attention check was completed in a median time of
5.5 minutes. Each condition (with three train-test cycles, see section Design) was completed
in a median time of 25 minutes. Participants were informed about the length of each
experiment prior to participation, and they were able to take self-paced breaks in-between

conditions (max 5 minutes).
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Exclusions

Exclusions were based on self-reported use of memory tools. Participants were asked
not to use their phone, pen or paper or any other tools to complete the task before they began.
After the game, they were again asked if they had used any of these tools (see section
Procedure) and told that their answer would not affect their bonus payments. Participants who
gave confirmatory answers were excluded before any data analysis.

We additionally excluded participants who showed signs of inattentive behaviour (too
slow responses or inattentive, repeated responses), by excluding participants whose average
reaction times across all test trials lay 2 standard deviations above the population mean. We
also computed the maximum number of times each participant repeatedly clicked on the same
location during a test trial sequence and excluded participants whose highest number of
repeats was 2 standard deviations above the population mean.

The same exclusion criteria were applied in all studies in chapters II-IV. This led to
some sample size variability due to the variability in how many participants met our
exclusion criterion in each study. We aimed to collect at least 30 participants for each
condition and scaled or repeated data collection in repeated studies or more complex designs
(such as Exp.2.b, c, d). For this chapter, we present Exp.1.a (n=50), Exp.1.b (n=106) and
Exp.1.c (n=56). For Exp.1.c, we pre-registered (Cremer & Summerfield, 2024) our sample

size based on a power analysis and pilot results.

Stimuli

We constructed four categories of semantically distinct, visual stimuli to present on
screen. Figure 3 A shows a full set of 16 stimuli (category plants) that we used. In addition to
a set of 16 plants and a set of animals, we also constructed a set of images of 16 household
items and a set of 16 food items. Each stimulus was visually unique and coloured. All images
were manually selected from Hebart et al. (2019).
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Procedure

Participants were first given detailed instructions about the task and shown explanatory
images for each part of the task. They were told their task was to learn the association
between a unique visual stimulus (e.g. an image of a tree, see Figure 1 Top Row A) and a
location on 4x4 grid of squares. Each location was associated with one unique visual
stimulus. On each trial, participants would be shown one stimulus on the top of the screen
and the same response grid of 16 squares (Figure 1). On each trial, they were asked to take an
action to select one of the 16 squares. Trials were divided into training and test trials.
Participants were instructed that they could study the associations during training trials and

would be able to earn monetary bonus reward, only during test trials.

Training Trials

A training trial proceeded as follows. Initially, participants were shown a unique visual
stimulus (e.g. a plant) and a response space of 16 squares (Top Row A, Figure 1). A pair of
locations (a, b), diagonal and equidistant from one another, appeared highlighted in grey. One
of these grey squares was framed in yellow (location (a) in Top Row A, Figure 1).
Participants were instructed (both before the experiment and during the trial via a message on
screen) that one of the grey squares was the correct location. They were never explicitly told
which one of the grey squares (a or b) was the correct one.

One other square was coloured blue (Figure 1 Column A or B). Participants had been
instructed that the blue square represented ‘their’ current location. They could move the blue
square, within the response space, by use of all four arrow keys on the keyboard. Pressing the
arrow key UP would cause the blue square to move 1 row higher, arrow key LEFT would
move it one column to the left, etc (Top Row A, Figure 1 shows the direction options as
arrows, not visible for participants and only added here for illustrative purposes). All

remaining squares appeared white.
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Figure 1: Experimental Design: The Action Alignment Task Participants learn a
deterministic mapping between unique visual stimuli and unique X, y coordinates. Top
Row: Condition Action Aligned Bottom Row: Condition Action Misaligned Top A: Start
of a training trial. A visual stimulus (tree) appears above a 4x4 response grid. Two squares
are highlighted in grey. One of the grey squares is framed in yellow. A blue square, which
signifies the participant’s location, appears randomly in one of the remaining white
locations. An instruction message (not shown here) tells the participant to navigate the blue
square to the target square (here a) with the yellow frame. Top B: The action sequence is
completed once the participant has navigated the blue square to the target location Top C:
The supervision signal shows which location was correct: the stimulus moves into the

location it is associated with. Here, the correct location is a, so the action is aligned with
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the supervision signal. Top D: A test trial in which 1 of 16 pre-trained stimuli is presented
at random and participants select what they recall being the correct location via a mouse
click. Bottom A: In the action misaligned condition, a training trial is the same as in Top A
except that the target location is now b. Additionally, all stimuli derive from a different
semantic category. Bottom B: Participants move the avatar to the target location b. Bottom
C: The supervision signal shows the correct location, which is a. The action sequence in
Bottom C is therefore misaligned with supervision. Bottom D: Test trials are the same as
described in Top D. E: Experimental Structure. Each condition is associated with a new set
of semantically distinct images. Each set is learned via 3 alternating cycles of training and

test. Each block of training/test trials shows each stimulus once.

During training trials, participants were asked to navigate their avatar (the blue square)
to the square framed in yellow (square a in Top A and square b Bottom A in Figure 1) by use
of their arrow keys. In a series of key press actions, participants navigated the blue square
into the one grey square that was highlighted with a yellow frame (Top Row B, Figure 1).
They were given no time constraint during the navigation phase. The starting position of the
avatar was randomised on every trial. Participants were able to navigate to any location, but
the trial would not proceed, and no feedback would be shown unless they landed in the target
location.

Once the blue square had been positioned within the yellow frame (Figure 1 B), the
action sequence was complete. Participants were then given feedback and shown which of the
two grey squares the stimulus was associated with (Figure 1 C). This feedback/supervision
signal was that the stimulus moved (900 milliseconds after the blue square reached the target)
into the location it was associated with (square a in Top and Bottom Figure 1) and by framing

the correct square in green (Column C in Figure 1). Feedback remained on screen for 1.3
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seconds before a new trial began and the other grey square remained on screen (see Appendix
A for described variations in how we implemented feedback, through which we checked the
robustness of our results to minor user-experience design feature variations). In a new trial, a
new image was shown on top of the response space.

In a training trial, participants experienced one of two conditions (Top Row vs Bottom
Row in Figure 1). The conditions differed by whether the square which participants were
asked to navigate to (grey + yellow frame) was the correct square (square a in Figure 1) or an
incorrect square (square b Figure 1). In an action aligned training trial (Top Row Figure 1),
the square with the yellow frame (target) was always the correct square (a) and the other
highlighted square (b) always a distractor (non-target). In an action misaligned training trial
(Bottom Row Figure 1), the square with the yellow frame (target) was always the incorrect,
distractor square (b) and the correction location (a) could not be acted upon (non-target).

We explicitly told participants that they would sometimes navigate to an incorrect
square, but that this was irrelevant and they only had to remember the correct association.
The instructions read: “The CORRECT square will always be one of the squares highlighted
in GREY. Careful: sometimes the yellow frame tells you to go to the incorrect square. The
task is to remember the correct square, not the incorrect square. After you navigate to the
yellow square, the image will appear in its CORRECT square with a GREEN frame. That is
the square you should try to remember.” They were reminded of their task during the trial via
message on screen. In training trials, a message appeared above the response space: “Training
Trial! Use ARROW Keys to move YOUR BLUE square to the YELLOW framed square. The
image will appear in the square it belongs to. Remember that this image belongs to this
square.”.

Participants were exposed to each training regime in blocks of 3 rounds of 16 trials

each, which we here call a set (Figure 1 E): each condition was associated with a new set of
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16 stimuli that were visually and semantically distinct. Figure 1 Top Row shows an example
of learning one stimulus from the set of plant images (Figure 3 A) and Figure 1 Bottom Row
shows an example of memorising a stimulus from the set of animal images. Participants first
completed all rounds of training on one stimulus set before being exposed to another set and
condition. In between each block of 16 training trials, participants completed 16 test trials

(Figure 1 E).

Test Trials

We tested participants on how well they encoded the association in the same manner
across both conditions (Figure 1 Column D). Immediately after each training block of 16
trials (in which each stimulus from the set, e.g. each plant, was studied once), participants
were tested on the stimulus set that they just studied. In a test block of 16 trials, the same set
of stimuli (i.e. plants) were each presented in a random order.

Participants received an indication of the switch to a test trial by being shown a message
above the response space: “Test Trial! Which square does this image belong to? Click on the
square which you think this image belongs to!”

At test, all squares remained white, and participants were asked to select a square via a
mouse click (Figure 1 Column D). Upon a click, no other click was permitted, the text above
the screen switched to ‘Response Recorded’ and the square that had been clicked turned blue.
The next trial began after 1.3 seconds without any feedback being shown. All squares turned
white and a new stimulus from the set appeared above the response space.

After one block of 16 training trials followed by 16 test trials on the same set of images,
participants were given a self-paced break, in which they were shown how many bonus
points (out of 80 points) they had earned during the last test round. They could proceed to the
next train-test cycle by pressing the space bar.

After the full experiment was completed, participants answered two questions:
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1. Did you like or dislike it when you had to navigate to the incorrect square (when the
yellow frame was around the incorrect square)? Why?
2. Did you use pen/paper or any memory tools to do this task? (please answer honestly -

your payment will NOT be affected!)

Task Design

We tested the effect of action alignment using a within-subject design. Participants
experienced three train-test cycles in each condition. The order of conditions was randomised
across participants. Each condition trained participants on a new set of images. For instance,
a participant may have learned the association between plants (Figure 3 A) and grid locations
by training trials that always required them to navigate to the correct location (Figure 1 Top
Row). This was then followed by a condition in which they learned the association between
images of animals and grid locations, where training always required the participant to
navigate to the incorrect of the two grey locations. Conditions (and their associated stimuli
sets) were never interleaved. Stimuli sets were assigned to conditions at random and the
assignment between stimulus and location was randomised also.

We constructed two conditions with two different training curricula to manipulate action
alignment. In our action aligned curriculum, participants exclusively take actions that are
congruent with the supervision signal: they select the correct location on every training trial,
and their action therefore targets the location in which feedback will be shown. On the
contrary, our action misaligned curriculum restricts participants’ actions to always select an
incorrect location that will be misaligned with feedback on every training trial.

This design thus allowed us to test memory in after training blocks in which participants
either always took the aligned action or always took the misaligned action before they were
tested. The conditions were indistinguishable except for whether the action taken at training

was aligned or misaligned with the feedback signal. Our supervision signal was the same and
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valanced neutral to positive (green frame) across conditions. We showed no ‘punishment’
signal after participants navigated to an incorrect target location in the misaligned condition.
Our design ensures that a significant difference in memory retrieval at test can be attributed to
action alignment during the preceding training block.

Importantly, the correct location was always (in both conditions) predictable from the
start of a training trial. Once participants understood that they were in a training block which
always required them to navigate to the correct location (action aligned) they could infer
which of the two grey squares was correct, from the moment the trial started: it would be the
grey square framed in yellow (square a, Figure 1 Top). If instead they were in a training
context which consistently asked them to navigate to the incorrect location (action
misaligned), they could infer that the correct location was the (only) other highlighted square
(square b, Figure 1 Bottom), even before feedback was shown. The feedback signal (Figure 1
C) was the same in both conditions. The information provided and the valence of the
feedback was therefore matched across conditions. Note that participants were instructed at
the start that even if they were asked to navigate to an incorrect square, they would only ever
be tested and monetarily rewarded for remembering the correct square (at test) but never be
required to remember the location they navigated to.

We will report three datasets. In Exp.1.a (n=50) we compared the above conditions
within participants. In Exp.1.b (n=106) we repeated this study with one additional important
feature in the design: in the second and third block of each condition we introduced feedback
prediction trials in which we asked participants to predict in which one of the two highlighted
squares the feedback signal would appear. Exp.1.c (n=56) was a pre-registered repetition of

Exp.1.b.
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Feedback Prediction Trials

In both conditions, participants had access to the same information. In the action aligned
condition, the correct location was always the single grey square with the yellow frame, while
in the action misaligned condition it was always the single grey square without the yellow
frame. Our additional feedback prediction trials thus tests whether participants understood
this. In six random trials, participants were shown two buttons, right after they took an action
and before feedback appeared on screen. A text above the stimulus (which remained on
screen) asked whether the feedback will next appear in the grey square that they did (action
aligned condition) or did not (action misaligned condition) just navigate to. They indicated
their prediction about the feedback (i.e. the correct location) by clicking one of the buttons.
Within each condition, the correct answer was the same across all feedback prediction trials
shown in that condition. It was always either the grey square that they had navigated to
(action aligned condition) or the one they had not just navigated to (action misaligned
condition). These predictions allowed us to test whether participants could distinguish the
actions they took from predicting the correct location. Note that this is not the same as our
test trials because we do not ask them to recall which one of 16 locations is the correct
location. Instead, we ask them which of 2 greyed, highlighted locations, is the correct

location.

Analyses

Software

Data analyses were conducted using Python 3.10.13 and the following packages:
NumPy 1.26.4, SciPy 1.13.1, Pandas 2.2.2, Matplotlib 3.9.2, Seaborn 0.13.2 and Statsmodels
0.14.2. We also used R version 4.4.2, and the R package /me4, version 1.1.35.5. Experiments

were hand-coded in Javascript. This chapter was written using Quarto (Allaire et al., 2025).
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Statistical Tests

We used generalised mixed effects logistic regression models (Bates et al., 2015;
Harrison et al., 2018; Matuschek et al., 2017; Wilson & Collins, 2019; Yu et al., 2022) to
assess statistical differences across binomial observations (i) where e.g. 1=correct square
selected and O=incorrect square selected. Generalised linear mixed effects models with
maximum likelihood estimation were used to fit continuous measures (such as reaction times
or detours). We conducted these tests in R (R Core Team, 2024), using the package /me4 and
functions glmer and /mer respectively. Where appropriate we confirmed that our main
findings were consistent with a standard t-test.

Barr et al. (2013) recommend that a model with the maximal random effects structure
(that is justified by the experimental design) should be assessed to reduce the chance of Type
I errors. We thus started by modelling expected variation with random effects considering
both intercepts and slopes and the nested structure of our experiment. We selected features of
our experiment which could reasonably be expected to lead to variation: individual
participants, block number and stimulus set exposure. We then structured the maximal model
according to the nested experiment design. Since each participant experienced multiple
instances of curriculum, block and stimulus set, our maximal model included a random
intercept for each participant, a random intercept for each block, nested within participant, a
random slope for each curriculum and for stimulus set per participant and a fixed effect for
curriculum. This maximal model was compared against iteratively simpler versions of the
model using a likelihood ratio test and the data from Exp. 1.a. At each random effects
parameter reduction step, we tested if each factor made a significant difference (p-values
were obtained by assuming the test statistic follows a chi-squared distribution) in model fit
and only excluded the factor to avoid overparameterisation (Bates et al. 2018) and

convergence issues if the difference between models was not significant. We found no
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significant difference in model fit when we (separately) excluded the slope parameters for
curriculum and image set per participant (e.g. the comparison between the maximal model
versus the maximal model without the image set slope yielded ¥*(3) =0.33, p=.95), but we
found a highly significant difference (¥*(1) = 609.33, p <.001) between a model which only
included a random intercept per participant (j) and a model which combined a random
intercept per participant with a random intercept for each block, nested within participant

(jk). The latter was thus our final model.

logit (Pr(Yyje = 1)) = fo + BaXyju + boj + boj
Significance levels indicated on all figures show the linear mixed effects model results.
We maintained the same model structure to ensure comparability between our experiment
versions. For the assessment of performance differences in feedback prediction trials, we
used repeated-measures t-tests. Significance indicators on figures showing feedback

prediction trials thus indicate those respective test results.

Measurement of Visits

We illustrate the measure of visits in Figure 2 A. We define a visit as when the
participants’ navigation path traversed the non-target grey square during a training trial. In
Figure 2 A, the shortest navigation path from the (blue) starting location to the (yellow) target
location is marked in yellow. The participant’s navigation path is illustrated in blue.

For every training trial we recorded each location that the blue square was navigation
through. If one of the locations in the navigation path is equal to the location of the non-target
highlighted location on training trial t, this trial will be labelled as a trial in which a visit
occurred (1). If the navigation path did not include the non-target highlighted location, trial t
will be logged as containing no visit (0). These Bernoulli trials will be used to fit a mixed
effects logistic regression to each training trial in which visits are predicted by the fixed effect

of condition (see the section on mixed effects logistic regression for details). Some trials may
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include the other highlighted location if it lies in the most efficient path. Most navigations to
the other highlighted location j will however be a detour. Any detour away from the most

efficient path can also affect the time taken to complete the trial.

A Visits Detour

C Training Trial Action  Correct Location  Confusion Error at Test

b b VS

\ARV4

Figure 2: Illustration of Analyses Chapter II-IV A: [llustration of a training trial
visit: the blue navigation path from the blue square to the yellow target square traverses the
other, non-target grey square. The shortest possible distance to target is illustrated via a

dashed yellow line. B: Illustration of a training trial detour. The shortest possible distance
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to travel is indicated by the dashed yellow line. If the true distance travelled (indicated by
the blue line) from starting point (location of blue square) to target is longer than the
shortest possible path, we count it as a detour defined as the difference between the two
path lengths. C: An illustration of confusion errors. Left panel shows action taken during
training trial: the blue square was navigated into the location . The middle panel shows
that the correct location was location a, therefore the condition shown is the action
misaligned condition. The right panel shows the choice made by a participant during a test
trial: the cross shows where they clicked to indicate which location they believe to be
associated with the test stimulus (tree). This location is the same as the one they navigated
to during training. They therefore erroneously confused the correct location a (non-target at

training) with the action location b (target at training).

Measurement of Detour Behaviour

We illustrate the concept of a detours in Figure 2 B. Here, the shortest navigation path
from the (blue) starting location to the (yellow) target location is marked in yellow. A detour
occurs when the participant’s navigation path (illustrated in blue) is not the same as the
shortest possible path.

We conducted detour analyses which quantified whether the misaligned condition
reduced the efficiency of navigation during training. We compared participants’ full
navigation path lengths (measured in Manhattan distance) to the shortest possible paths
between starting and target locations.

The Manhattan distance is defined as follows:

md(p,q) = |xp = Xq| + ¥ = ¥ql
In our analysis we compute the difference between the total absolute distance travelled

minus the absolute shortest distance required to move the blue square (from its random

63



starting point in one of the white squares) into the target location. Each navigation step, no
matter the direction, counts as a Manhattan distance of 1 to the total count.
D = mdyayenied — Mdghorest
A larger detour value (D) indicates less efficient navigation, while a minimal value of 0
shows that the participant took the shortest possible route.
Detouring was predicted by the condition and the block b = {1,2,3} within a condition,

which expressed how much prior training the participant had at trial t.

Measurement of Confusion Errors

We were particularly interested in a specific type of error at test. Figure 2 C illustrates
what we call confusion errors. In the action misaligned condition, these are errors during a
test trial that confuse the correct location with the location that was acted on. The left panel of
Figure 2 C shows the action taken during a training trial: the participant moved the blue
avatar to the target location b. The middle panel shows that the correct location was however
the non-target location a. The right panel shows a test trial in which the participant needs to
give their best guess of the correct location in association with the same stimulus (tree). If
their choice is the incorrect location (error), which they navigated to during a previous action
misaligned training trial (left panel in Figure 2 C), then we count this as a confusion error.
What we refer to as confusion errors here is often referred to as swap errors in the visual
attention literature (Alleman et al., 2024), and while these types of errors are related we chose
to label them as confusion errors because the term seemed less committed to an association of
repeated errors (for which we do not test), because we do not know how the erroneous choice
relates to the encoding of the location that would have been the correct alternative and
because swap errors are often studied in a context of two visual stimuli options, while our

experiment technically presents more than two locations on screen.
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Confusion errors are identifiable in both conditions: they are all errors at test during
which the location chosen is the same location as the location that was highlighted during the
prior training trials, but which was nof the correct location. We will compare (across
conditions) the number of test trials in which the error committed was a confusion error, as a

proportion of all errors across all test trials.

Results

We present sample populations who partook in the experiment detailed above and
present the data from each experiment in a separate figure: Exp.1.a (n=50) is shown in

Figure 3, Exp.1.b (n=106) is shown in Figure 4 and Exp.l.c (n=56) is shown in Figure 5.

Accuracy

Participants learned the association between visual stimuli and grid locations. Consider
panel B and C in Figure 3, which show learning curves of all participants in Exp.1.a (n=50):
panel B plots test block against the average accuracy of each participant recalling the correct
association after being trained in the action aligned (plotted in light blue) condition. Each
level on the x-axis shows the increasing proportion of test trials (out of 16 test trials in the
block) during which the participant selected the correct location associated with the stimulus
shown during the trial. Average accuracy across the sample (black line) increases with each
test block. Some participants reach optimal recall on later blocks and can recall the correct
location for each of the 16 images. This is also the case after the same participants learned a
new set of images by training in the action misaligned condition: Figure 3 C shows test
accuracy increases over consecutive blocks. We plot the same learning curve for the other
two experiments in Figure 4 (C, D) which plots data from Exp.1.b (n=106) and in Figure 5

(C, D) which shows data from Exp.1.c (n=56). All experiments show that participants can

65



learn the association in both of our conditions. We thus turn to ask whether they do so better

in one condition compared to the other.
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Figure 3: Results Exp.1.a (n=50) A: Example of one set of visually distinct stimuli
within one semantic category (plants). B: Learning curve within the action aligned
curriculum across three test blocks. Datapoints indicate each participants’ average accuracy

(number of correct trials across 16 test trials). Dark line shows the mean accuracy across
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the population. Grey area shows the +/- standard error of the mean. C: Learning curve
within the action misaligned curriculum. D: Boxplot of accuracy across all test trials per
curriculum (within-participant). Each datapoint represents the average accuracy across all
test trials of an individual participant: one in action aligned and one in action misaligned E:
Ratio of confusion errors at test per curriculum. Probability of erroneously selecting the
other square that was highlighted in a training trial during a test trial. F: Average length of
navigation detour across training trials per curriculum. G: Proportion of training trials
during which the navigation path traversed the other highlighted square, out of all training
trials, per curriculum. H: Average time and standard error of the mean (in seconds) taken to

complete a training trial, shown for each curriculum.

In Figure 3 D, we show all test trials from Exp.1.a collapsed across blocks after training
via action alignment (light blue) versus action misalignment (dark blue). In Exp.1.a,
participants reached an overall higher accuracy in memory recall trials that were preceded by
training via action alignment. We quantify this using a mixed effects logistic regression
model in which we modelled participants and blocks (nested within participant) as random
effects (see Methods section for the details of the implementation of mixed effects models
used in this chapter). We predict test accuracy (with accuracy coded as correct or incorrect),
based on action (mis)alignment at training. In Figure 3 D we indicated statistical results in the
figure using stars. The regression model found a significant effect of action alignment on the
probability of a correct response: b = 0.90, SE = 0.18, p <.001, 95% CI [0.55, 1.26]. In
Exp.1.a, action alignment during training improved test performance relative to
misalignment.

We show the data from Exp.1.b and c in the same format in Figure 4 A and Figure 5 A

respectively. Visually, the same effect is apparent. In Exp.1.b the same statistical analysis
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finds main effect of action alignment (b = 0.45, SE =0.10, z = 4.50, p <.001, 95% CI [0.25,
0.64]) on overall test performance and the same holds true for Exp.1.c (b =0.56, SE=0.14, p
<.001, 95% CI[0.28, 0.84]). In three experiments, we find that action alignment at training
benefits memory recall at test (Figure 3 B, D).

In Exp.1.b and ¢ we used feedback prediction trials to test if the effect still holds when
we subselect for participants who could accurately predict where the feedback was going to
be shown. We plot the per person average accuracy across all feedback prediction trials per
condition in Figure 4 E. A repeated-measures t-test showed no differences (t(105) =-0.55,p =
.59) in predicting feedback locations in Exp.1.b. Participants in the action misaligned
condition learned that the correct location b was fully predictable from the moment the trial
started. They learned this just as well as in the action aligned condition. This result shows that
participants were not just confused about the supervision signal in our task and learned to
infer which of the two highlighted locations in a training trial was correct, irrespective of the
action they had to take. Feedback prediction trials show that participants knew where
feedback was going to be shown, before it was shown.

In Figure 5 E we show the test accuracy of feedback prediction trials from Exp.1.c. In
this experiment the action misaligned condition did lead to lower accuracy in predicting the
location in which feedback was going to be shown (t(55) = -4.08, p <.001), suggesting that
those participants may have been less sure about the correction location when they had to
navigate to an incorrect square, even though the information about the correct location
contained in the trial was the same in both conditions. We wanted to exclude the possibility
that the action alignment effect stems from a detrimental effect on memory that derives from
a confusion about which location ought to be remembered. Rerunning the above analysis of
test accuracy on all participants from Exp.1.c whose accuracy across feedback predictions

was above 90% (n=31) in both conditions (top performers in Figure 5 E), showed that the
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effect was robust and does not stem from people being unsure about the identity of the correct
location: action misalignment in Exp.1.c (Figure 5) incurred a significant cost even if we run
the analysis considering only (n=31) participants who had knowledge of the correct location

(b=-0.50, SE = 0.18, p = 0.006, 95% CI [-0.86, -0.14]).

Errors

When actions selected the correct location, the locations were better remembered. We
considered whether, if an action selection leads to an improvement in encoding the selected
location, this increase in encoding might also be measurable in the memory for a distractor
location after an action selected the distractor location. In action misaligned trials,
participants learned the association between stimulus s and location a, but always took action
which selected the distractor . We turn our focus to test trials that followed the misaligned
training blocks to measure if participants were more likely to have encoded an association
between s and the (distractor) location that they acted on (b) than between s and its correct
location a. If action selections benefit encoding, we hypothesised that actions will also lead to
stronger encodings of incorrect locations, thereby skewing the associative representation
between image and location towards the distractor location in the misaligned condition.

Participants who align their representation with the (incorrect) action taken, are
expected to commit confusion errors during test trials: the location associated with stimulus s
will mistakenly remembered to be b. Confusions between a and b can also occur after action
aligned training, in which participants navigated to the correct location a, but saw a visually
salient distractor b highlighted in grey. We measured the fraction of errors in each condition,
in which participants chose distractor b rather than correct response a upon presentation of s.

We show the proportion of all confusion errors out of all erroneous test trials in Exp.la
in Figure 3 E. This type of confusion error was significantly more frequent after action

misaligned training in comparison to action aligned training (Exp.la: b=0.64, SE=0.23,z =
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2.77,p = 0.006, 95% CI[0.19, 1.09]). We again applied a mixed effects logistic regression

model (see Methods) to quantify this effect and mark the significance level in the figure.
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Figure 4: Results Exp.1.b (n=106) A: Accuracy across all test trials B: Rate of
confusion errors C: Learning curve within the action aligned condition across three test
blocks. D: Learning curve within the action misaligned condition. E: Accuracy across six
(2AFC) prediction error trials in each condition. Pointplot in black shows that the average

accuracy is no different across the curricula. Dashed line shows chance performance at
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50%. F: Population mean of the average unnecessary Manhattan distance travelled during a
training trial. G: Population mean of the probability of navigating through the other
highlighted square during training blocks. H: Average time (in seconds) taken to complete

a training trial, shown for each curriculum.

The same test showed the same effect in Exp.1b (b=0.35,SE=0.13,z=2.72,p=
0.006, 95% CI [0.10, 0.60]) and Exp.1c (b =0.53, SE =0.24, z=2.21, p = 0.027, 95% CI
[0.06, 0.99]), which we plot in Figure 4 B and Figure 5 B respectively.

This was also the case in Exp.1c after we selected participants who accurately predicted
the correct locations during training (Exp.1e n31: b=0.69, SE =0.29,z=2.40, p=0.017,
95% CI[0.13, 1.26]). Confusion errors were already more frequent in the misaligned
condition after a single training block in Exp.la (b =0.70, SE =0.32, z=2.20, p = 0.027,
95% CI[0.08, 1.32]) and Exp.1b (b =0.62, SE=0.19, z=3.30, p <.001, 95% CI [0.25,
0.99]) in Exp.1lcn31: (b=1.05, SE=0.42,z=2.49, p=0.013, 95% CI [0.22, 1.88]) and

Exp.lc n56: (b=0.88, SE=0.37,z=2.35,p=0.019, 95% CI [0.15, 1.61]).

Navigation

We next report the effect of action misalignment on navigation behaviour. During
training trials, participants were able to move the avatar (blue square in Figure 1) into any of
the 16 locations and were given no time constraints. This gave participants the opportunity to
align their actions with the correct location (i.e. to navigate towards or to the correct
location), before they had to navigate to an incorrect location to proceed in the game. They
were however not incentivised to do so. We labelled training trials in which participants
navigated to the (non-target) second highlighted square (square b in Figure 1) as visits (see

Methods).
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We also measured cognitive conflict between encoding location a but navigating to b
via the degree to which efficiency of navigation was compromised. For every training trial,
we computed the difference between each participant’s travelled path length (measured in
Manhattan distance) and the shortest possible path (see Methods). The shortest possible path
was the Manhattan distance between start (randomised) and target locations. We called this
measure detouring. We predicted more frequent visits and detouring in the misaligned
condition.

Navigation paths indeed passed through the non-target location more often while
participants underwent training in the action misaligned condition. The requirement to
navigate to the incorrect location b, made participants navigate through the correct location a
before navigating to b, in more trials than under action aligned training. According to a mixed
effects logistic regression, this trend was significant in Exp.1.c (Figure 5 G) in both the full
sample (Exp.1.c n56: b=0.38, SE=0.12, z=3.31, p <.001, 95% CI [0.16, 0.61]) and the
subselection according to feedback prediction trials (Exp.1.c n31: b =0.60, SE =0.16, z =
3.63, p <.001, 95% CI [0.27, 0.92]). This same trend was also significant in Exp.1.b
(Figure 4 G; Exp.1.b: b=0.30, SE =0.09, z=3.56, p <.001, 95% CI [0.14, 0.47]) and was
marginally significant in Exp.1.a (Figure 3 G; b=0.24, SE=0.12,z=1.93, p=0.053, 95%

CI [-0.00, 0.47]).
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Figure 5: Results Exp.1.c (n=56) A: Average accuracy across all test trials for each

curriculum B: Rate of confusion errors C: Learning curve within the action aligned

condition across three test blocks. D: Same learning curve within the action misaligned

condition. E: Accuracy across six (2AFC) prediction error trials in each condition.

Pointplot in black shows that the average accuracy differs. Dashed line shows chance

performance at 50%. F: Population mean of the average unnecessary Manhattan distance

travelled during a training trial. G: Population mean of the probability of navigating
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through the other highlighted square during training blocks. H: Average time (in seconds)

taken to complete a training trial.

We posited that cognitive conflict would be reflected in more inefficient (unnecessarily
long) navigation paths and that inefficiency would correlate with increasing certainty over the
identity of the correct location. This led us to expect an increase in detouring for later blocks,
since later blocks are preceded by a high number (e.g. 32) of exposures to training trials in
which the correct location is consistently the non-target option.

We computed the unnecessary Manhattan distance travelled in each training trial. The
average shortest path did not differ between conditions, but according to a linear mixed
effects model with an interaction term between time passed (block) and the efficiency of the
path taken (see Methods), detours significantly (shown in panel F for each experiment) and
positively interacted with block in the action misaligned condition across all experiments
(Exp.1l.a: b=0.12, SE = 0.04, t(4750) = 3.46, p < .001, 95% CI [0.05, 0.20]; Exp.1.b: b=
0.10, SE =0.02, t(10070) = 4.29, p < .001, 95% CI [0.05, 0.14]; Exp.1.c (n=56): b=0.10, SE
=0.03, t(5320) = 3.10, p = 0.002, 95% CI [0.04, 0.16]; Exp.1l.c (n=31): b=0.11, SE = 0.04,
t(2945) =2.82, p = 0.005, 95% CI [0.04, 0.19]). Across all our experiments, action
misalignment at training lead participants to make more detours the more training trials they

were exposed to.

Reaction Times

Less efficient behaviour and uncertainty can increase the time taken to complete a trial.
If detouring inflates trial length, we expect the time between trial start and feedback (RT) to

increase in misaligned training trials. We found that this measure agrees with our finding that
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participants navigated less efficiently during misaligned training. Reaction times are plotted
in panel H in each figure.

According to linear mixed effects model which predicted trial length (seconds) based on
condition, participants were significantly slower to complete a trial in the action misaligned
condition in Exp.1.a (b =0.45, SE = 0.15, t(250.00) = 3.07, p = 0.002, 95% CI [0.16, 0.74])
and Exp.1.b (b =0.37, SE = 0.15, t(530.00) = 2.50, p = 0.013, 95% CI [0.08, 0.66]). In
Exp2.c this difference was not significant (n31: b=0.09, SE =0.17, (155.00) = 0.56, p =
0.580, 95% CI [-0.23, 0.42]; n56: b= 0.11, SE = 0.13, t(280.00) = 0.84, p = 0.402, 95% CI [-

0.14, 0.36]).

Discussion

Summary

We have presented a supervised learning task with superfluous actions, in which
participants learn to memorise associations between visual input and spatial locations. When
training required participants’ actions to select the response location in which the fully
informative supervision signal would appear, participants had better test performance than if
the action selected an incorrect location. We observed this effect in all test blocks and across
all test trials. We term this finding the action alignment effect.

This result is not due to participants being confused about the location of the correct
location: additional test trials confirmed that this effect was present even when participants
recognised that the information available to them was the same across conditions.
Participants were able to learn the associations in both conditions, however, participants in
Exp.1.c (but not Exp.1.b) did find it harder to predict the correct location during action

misaligned training. This too may be a reflection of the action alignment effect, but the effect
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also remains when we exclude participants who did not reach optimal performance in
feedback prediction trials.

We also found that participants were tempted to align their actions with what they knew
to be the correct location, as evidenced by unnecessary navigation detours during the action
misaligned curriculum. Interestingly, detouring towards the correct location increased with
increasing blocks, showing that more training, i.e. greater certainty over the correct locations,
tempted participants more to align their actions with the correct location in the misaligned
condition.!

In action aligned training, the rate of false recall of the distractor was significantly lower
than in the action misaligned condition. In the misaligned condition, the incorrect location
was encoded because it was acted upon.

The action alignment effect is not due to a correct motor sequence being learned in the
action aligned curriculum that subsequently provides an advantage during test trials. We
controlled for this possibility by changing the type of action taken between training and test,
such that no procedural knowledge of the training sequence could carry over to test.

Participants navigated during training and clicked during test.

'Li et al. (2023) also find this self-directed alignment between action and an incorrectly
encoded distractor location. In their task, participants are presented with n = {1,2,3} coloured
shapes at once and after this presentation are tasked to recreate one of these shapes. To do
this, they moved a mouse cursor across a circle in which the distance from the center
determines the colour and the angle determines the shape. Li et al. (2023) found that
participants moved the mouse trajectory towards a distractor color-shape combination, akin to

our measure of ‘visits’ to the non-target location.
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Notably, we found the effect in a task in which participants have complete access to
which location is correct from the start of each trial across both conditions. Participants were
instructed multiple times (see methods section) that they would only be rewarded for their
ability to recall the correct associations between image and location, not their navigation
paths. Their navigation paths and trial lengths were significantly longer than necessary in
action misaligned curricula, even though they were only able to earn monetary reward in test
trials and were thereby incentivised to complete training trials swiftly.

In chapter III and IV, we will add controls and generalisations of this effect. We will turn
discuss a subset of the plausible interpretations and explanations of the action alignment

effect.

Interpretation

We suggest that our effect derives from a (mis)-alignment of the option which the
participant actively selected, versus the option that was indicated as correct by the
supervision signal. When actions are aligned with feedback, (declarative and procedural)
memory processes interact to support learning, while when actions are misaligned with
feedback, they produce interference. This is our proposed interpretation. But there are a few
alternative hypotheses we should briefly consider. We begin to do this here and continue this
exploration in chapter III and IV.

If we consider the action in the aligned condition to be a ‘success’ and the action in the
misaligned condition to be a ‘failure’, similarities between our studies and the affective
literature become apparent. Could it be that participants learn more in the action aligned
condition, because they interpret their action as successful as opposed to a failure in the
action misaligned condition?

Humans have a positivity bias. For instance, in learning about partially observable

variables by trial and error (such as payout probabilities in a bandit task), updates from
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rewards tend to be greater than those from punishments (Cazé & van der Meer, 2013;
Gershman, 2015b; Katahira, 2018). Positive outcomes or descriptions are attended to and
memorised and used by preference, a phenomenon sometimes called the Pollyanna Principle
(Lewicka et al., 1992). Telling people about successes, rather than failures, has been shown to
promote learning, even during binary choices where these feedback signals offer identical
information (Baumeister et al., 2001; Eskreis-Winkler & Fishbach, 2022). One reason as to
why people sometimes learn more from successes, is that the information contained in
successes can be higher than in failures (Eskreis-Winkler & Fishbach, 2022), but this
explanation does not apply here. Our participants had complete information about the correct
location in both conditions. The asymmetry is also thought to (at least partially) derive from a
discouragement of goal-pursuit. This too is difficult to accept as an explanation for our effect,
because participants’ explicit ‘goal’ is to navigate to an (at times incorrect) target. By virtue
of how we set up how they can precede to the next trial, they thus always accomplish their
immediate goal. In another view, participants are not given a choice about goals in our task
and thus have no reason to see their navigation path as a reflection of their ability to achieve
their own goal. We also ‘warn’ participants that they will sometimes need to navigate to an
incorrect location without any effect on their reward at test. Participants additionally know
that training trial performance does not count toward their bonus in our task. Finally, we
measure their true ability to predict the correct location via feedback prediction trials (thereby
giving participants an opportunity to show their true ability). Our results hold even for
participants who are fully competent at learning which of two squares is correct. The effect
does not derive from participants being discouraged or less able or interested in learning the
correct location during training trials.

Guitart-Masip et al. (2014) discuss diverse evidence for an interaction between action

and valence: withholding a response to gain reward and taking an action to avoid a
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punishment are known to be more difficult than taking an action to gain reward and
withholding an action to avoid punishment. However again, in our task participants take the
same action in both conditions. This explanation too does not seem to be a satisfying account.

The above variants of affective hypotheses for what might explain the action alignment
effect, presume that our feedback signal is experienced as more rewarding in the action
aligned condition, even though we ensured that the feedback signal is the same. We crucially
do not implement any punishment or negative visual feedback when participants navigate to
the incorrect, target location. These hypotheses thus depend on the assumption of a covertly
generative reward by action alignment. It is equally plausible to suggest that participants
experienced an internally generated reward signal for hitting their target square (including the
incorrect square), regardless of the condition, since this was the task they were assigned. The
proposal that the effect is due to a covertly generated reward signal, might face the retort that
it is neither behaviourally verifiable, nor the simplest explanation.

Alternatively, might our effect originate in participants’ expectation about action
outcomes? In directional agreement with the embodied cognition literature, researchers find
that action affects cognition via expectation. Humans spent much of their early development
learning to predict the outcomes of their bodily actions. These expectations accumulate over a
lifetime and thus shape our expected percepts (Press et al., 2023b), which can result in either
an attenuation (Lubinus et al., 2022) or sharpening of sensory input (Press et al., 2023a; Yon
et al., 2021). It is possible, that a participant who knows a to be the correct location,
experiences a violation of an expected co-occurrence when they find themselves forced to
consistently choose b. It is plausible that such a violation accounts for our effect. Maybe
‘expectation alignment’ leads to better encoding and ‘expectation violation’ leads to worse
encoding in our task, but further research would need to investigate this hypothesis. It is of

note, that this account presumes that humans’ prior expectation might be that their actions
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tend to be successful, i.e. that they probabilistically receive positive feedback for the action
selections they tend to make. This is a tenuous assumption, since in most contexts, there are
more ways to fail than to succeed, and feedback is not always available.

In the introduction we summarised work by Schreiner et al. (2025), who found action
congruency (or alignment) yielded better recognition memory for items (and Ren et al. (2025)
found better spatial memory) than action incongruency. These effects bear similarities to our
own but were interpreted by the authors as related to and originating from a sense of agency
(SoA). Agency (or the perception thereof) is thought to arise when an agent’s predictions
about the outcomes of goal-pursuit or actions, matches the observed outcomes (Haggard,
2017). Schreiner et al. (2025) indeed found that a self-reported SoA was higher in their
congruent, compared to their incongruent condition, leading to the suggestion that agency
supports memory formation (see also Hon & Yeo (2024), who also reported supportive
results). Our work also helps to elucidate some of the inconsistencies in the literature.

Unlike Hon and Yeo (2024), Tsuji & Imaizumi (2022) had found no effect of
congruency in (know and remember) recognition tests for word stimuli. They did however
find their reported measurement of participants’ SoA to increase for congruent trials. Tsuji &
Imaizumi explanation for the difference between their own results and that of Hon and Yeo
(2024) focused on the difference in learning strategy for the two studies: Hon and Yeo (2024)
did not tell participants that they had to remember the stimuli, while Tsuji & Imaizumi (2022)
did. Tsuji & Imaizumi (2022) suggest that the intentionality in learning increased the
encoding of stimuli that were seen during incongruent trials, such that the difference between
the two trial types was reduced. It is possible that this is the case for their experimental setup
and the number (63) of stimuli (two-character Japanese kanji compounds) they used to test
their participants (n=31). Our studies were however able to confirm that even when

participants are told that they need to memorise the stimuli associations, the
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congruency/incongruency effect on memory (recall) is present. While a direct comparison
between our studies and Tsuji & Imaizumi (2022) is not possible to due to variation in too
many design features such as the stimuli, length of the study, testing strategy, user experience
and latencies, our results suggest that learning intention might not be the cause of the null
result. The authors’ alternative explanation was that the SoA was not sufficiently strong, but
our study finds a congruency/alignment effect without a variation or implication of SoA,

suggesting that the effect can be present without SoA being implicated.

A major difference between these studies and ours is that our participants lack agency
during training. While Schreiner et al. (2025) and Ren et al. (2025) allow participants to
determine which action they want to take, we consistently enforce an action (or at least its
endpoint). Misalignment in the aforementioned studies is achieved by an experimental
manipulation of the perceptual event. This retains the participant’s agency. We, however,
achieve misalignment by requiring an incongruent action at the expense of agency. It is thus
unclear, whether the concept of agency is relevant to explain our results. The general
suggestion, that agentically experienced behaviours are better remembered, seems sensible:
agents need to have precise representations about how that which is under their control,

e.g. how their choices or motor actions yield changes in the environment. As we discussed in
the introductory chapter, this ability is paramount to the ability to identify causal relationships
or exclude hypotheses, which in turn is useful for staying alive. It is not impossible that our
effect might stem from what might be called counterfactual agency: participants in the
misaligned condition predict the correct location and are prevented from benefiting from the
memory boost of self-selecting the correct action. While this an interesting proposition, it is
not a straight-forward argument to make and fails to explain why or how agentic selection
would yield improvements in object-in-place learning above and beyond the theoretically

sufficient feedback signal. We will return to this suggested interpretation again after we report
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results from chapter IV, where we report some evidence contrary to this hypothesis. In
chapter III and chapter IV, we consider and exclude further explanations for the action
alignment effect. The following two chapters will stress-test and expand what we have

presented thus far.

Limitations

Our behavioural investigations do not permit us to say much about neural mechanism. It
is one of the reasons why we must keep in mind the varieties of scholarship in psychology
which might relate to or explain the result.

Some questions however can be addressed behaviourally. These questions and
limitations motivate the empirical work in the following two chapters. We have shown a
benefit of action alignment over misalignment, but we have not shown if alignment confers a
benefit over a baseline study condition or whether misalignment is detrimental relative to
baseline. What is the baseline in our task? What is the role of confusion errors and the role of
attention (as opposed to action) in our task and what is their relationship? We will investigate

these and further questions in chapter III to further pinpoint the action alignment effect.
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Chapter III Controls for the Action Alignment Effect

Abstract

In this chapter we report from studies in which we experimentally controlled for
alternative explanations and sources of the action alignment effect on memory. Two
experiments, in which we introduce two baseline conditions where participants do not take
actions inside the response space, indicate that the action alignment is beneficial relative to
merely observing the study material. Observing a distractor square, relative to acting upon it,
reduces the effect. These experiments also provide evidence that confusion errors do not
account for the detriment of action misalignment. Two further experiments, in which we then
modulated attention in a comparison of action alignment and misalignment showed that
attention modulation alone does not modulate the action alignment effect. We suggest that

selective action, not merely selective attention, plays a role in generating the effect.

Introduction

Chapter II gave rise to a set of follow-up questions: Does action alignment confer a
benefit relative to a baseline supervision task? Can reduced accuracy in the action misaligned
condition be fully attributed to confusions errors, in which the target location, rather than the
correct location is recalled? Is it warranted to label this finding as the action alignment effect,
or is attention all you need? We report four experiments which address these questions. We
will then expand on the discussion on the action alignment effect from chapter II, by
expanding our considerations to the informative results from chapter III.

In Exp.2.a and Exp.2.b we generate two baseline conditions in which we compare
participants’ performance after training with action (mis)-alignment to performance after they
simply observe the supervision task and take an irrelevant action. This provides insight into
the benefit of an aligned action relative to pure study and allows us to assess the importance

&3



of (mis-)aligned actions, as opposed to feature-based attention/distraction. We are also able to
discern under what conditions confusion error arise and if they fully explain the performance
difference between alignment and misalignment. Here we specifically test the hypothesis that
the action, rather than observation alone, yields the effect we found in chapter II. We expect
the difference between alignment and misalignment on memory recall to be greater in
conditions in which participants take an action in the response space, compared to the
difference between alignment and misalignment when participants do not take an action in
the response space.

In Exp.2.c and d we turn our attention to how much attention alone might explain our
results. We cannot fully disconnect spatial movement from the attention that is required to
complete the motion. Attention and action are inextricably linked (Olivers & Roelfsema,
2020) and attention deepens the encoding of a spatial location (Muzzio et al., 2009). Can this
explain our effect? While we cannot dissociate attention and action in our task completely, we
can ask participants to complete the same action under different attentional constraints and
see if this modulates our result. We modulate attention via the size of the distance between
the two highlighted squares, drawing from a spotlight theory of attention (Lindsay, 2020;
Posner, 1980), which assumes that attention to one area will improve processing of that area
relative to others. If attention can modulate our result, we expect a greater effect of
misalignment when the target square is further away from the correct square, and/or a greater
rate of confusion errors between the two highlighted squares when they are spatially
proximate. If the effect is resilient against attentional manipulations, it is more likely that the

benefit of selecting the correct location is not merely derived from attention being drawn to it.

Methods

If not described otherwise, the task, analyses and methods should be assumed to be as

described in the methods section of chapter II. Studies in chapters II-IV are intentionally
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constructed to present variations of the same experimental theme on action alignment. We
spare the reader a repetition of design features that are kept constant and refer the reader to
the methods section of chapter II for all details. Unless otherwise specified, participant
selection, exclusion criteria and software packages are the same as in chapter II. The
instructions which participants received before each experiment, were slightly adapted to
each experiment. Below we report all elements of the procedures and designs that are new or

that differ from the procedure and design in chapter II.

Procedure Exp.2.a

We added a third condition to our within-subject design of chapter II (Figure 6 A and B).
Here we describe the procedure of this additional condition. In this third, baseline condition,
participants took an action outside of the response space (Figure 6 C). Specifically, on every
training trial, a yellow, squared frame appeared in one of 4 locations left or right of the
response space. Which of the 4 locations the frame appeared in was randomised across trials
(top left, bottom left, top right, bottom right on the screen). Participants are asked to use their
mouse to click on this yellow square next to the response space (Figure 6 C). After the click,
feedback is shown just like in chapter II. During this condition, all squares in the response
space remain white at all times. No squares within the response space are highlighted (neither
grey nor blue). The task is otherwise the same as before (see Figure 1).

We make two minor changes to the action aligned and action misaligned condition,
which are otherwise also exactly the same as in chapter II. First, participants now use their
mouse to select the target location at training and test. Second, we removed all feedback
prediction tests across all conditions (to make the action aligned and misaligned conditions

similar to the baseline condition).
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INlustrations of Training Conditions in Condition: Distal ~ Condition: Proximate
Exp.2.a

>

gq% = a?

Unrelated Action
Baseline

Action Aligned
Action Aligned

Action
Misaligned

Action Misaligned

Figure 6: Illustration for Experimental Designs Chapter III A Exp.2.a Condition

Action Aligned in Exp.2.a: illustration of training trial in which participant clicks on a
target location (labelled a here, letters not visible for participants) B: Condition Action
Misaligned in Exp.2.a C: Condition with Unrelated Action taken outside of the response
space in Exp.2.a. In all training trials, participants click on a yellow frame that appears next
to (left or right) the response space at the start of the trial. D: Illustration of 2x2 design used

in Exp.2.c and d.

Design Exp.2.a

Participants in Exp.2.a (n=54) undergo three conditions: the (new) baseline condition,
the action aligned condition and the action misaligned condition. As before, each condition is
associated with a new set of images (stimuli as described in methods section chapter II) and
the order of conditions was counterbalanced across participants.

In each condition, participants completed three cycles of training and test blocks of 16
trials each. Test trials are the same across all conditions and are equivalent to test trials in

chapter II.
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Procedure Exp.2.b

We add a different baseline condition, in this case an observation condition, which is
experienced as paired with action alignment and misalignment. In this condition, participants
experienced the same task as in chapter II (action aligned versus misaligned training blocks
followed by tests), except that they never took any actions (they neither clicked or navigated)
within the response space.

During the observation condition, on each training trial, they were shown two
highlighted squares as before. One of them was framed in yellow (the correct square in the
action aligned condition and the incorrect square in the action misaligned condition), just as
before. To retain alertness, they were instructed to press the space bar (an irrelevant action) to
see the supervision signal (after 900ms as in the other conditions). Just as before, the stimulus
moved into its correct location. Instruction messages above the response space alerted the
participants to the action they must take (press space bar).

The trial message was adjusted to reflect the given task. E.g. in observation condition of
Exp.2.b, it read: “Once you press the SPACE BAR, the image will appear in the CORRECT

square with a GREEN frame. That is the square you should try to remember.”

Design Exp.2.b

In Exp.2.b (n=86) we used a between-subjects design, in which we compare a group of
participants who learn our task by taking a relevant action against a group (n=36) which
learned by observation (paired with an irrelevant action). Each participant thus experienced
training via two conditions: action alignment and misalignment paired with a relevant action
in the response space (a mouse click); or alignment and misalignment paired with an
irrelevant (space bar press), which were our pure study conditions. Within each cohort,

conditions order was randomised across participants.
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Design Exp.2.c & d

In Exp.2.¢c (n=39) and Exp.2.d (n=48), we tested if the action alignment effect was
modulated by attention. The procedure of Exp.2.c & d is as described in chapter II, so we
introduce the only feature which differs below:

We constructed a 2x2 within-subject design, in which participants completed the same
task as in chapter II, except that we now vary the distance between the two highlighted, grey
squares (Figure 6 D). In two of the conditions, which we term distal, participants undergo the
conditions action aligned vs misaligned, while each highlighted pair is a Manhattan distance
of 4 apart. These are the two conditions introduced in chapter II (Figure 1).

In the other two conditions (again action aligned versus misaligned) each highlighted
pair is a Manhattan distance of 2 apart, which we term the proximal condition.

Each condition is again associated with a new set of semantically distinct stimuli, the
assignment of which is randomly counterbalanced across participants and conditions. The
order of conditions was randomised across participants, bar the constraint that proximal and
distal would alternate.

We repeated this experiment (Exp.2.d) to ensure that the effect was consistent regardless
of what motor responses (key navigation or mouse click) are required at training and test. In
Exp.2.c participants always made selection using mouse clicks at training and at test, whereas
in Exp.2.d we required participants to click at training but use their arrow keys to navigate an

avatar square (as described in chapter II) at test.

Analyses

In Exp.2.b, ¢, d introduce the use of a mixed effects logistic regression model with the

same structure as in chapter II, but here we add an additional interaction term:

logit (Pr(Yij = 1)) =Bo + ﬁ1X1ij + ,32X2ij + ﬁ3(X1ij 'Xzij) + boj + bOjk
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The predictor X;;; is the curriculum (e.g. action aligned vs misaligned) and X5;; is the
predictor action vs observation (in Exp.2.b). In Exp.2.c and d, X;; is the predictor proximal
or distal.

For Exp.2.b, we additionally assessed the sensitivity of our model fit to our unequal
sample size differences, by use of a resampling procedure. Specifically, we computed the
average estimated effect size across 100 separate model fits, each based on a balanced
subsample: all 36 participants from the observation condition, and a random sample of 36
participants drawn (with set.seed(123) for reproducibility) from the 50 participants in the
action condition who passed exclusion criteria. We report the results from both a single model
fit to the full dataset (n = 86) and the average effect size obtained from the 100 resampled,
size-matched datasets (each n = 72). Contrasts are computed using the package emmeans

(Lenth, 2024).

Results

In Exp.2.a, test accuracy (shown in Figure 7 A) in the action misaligned condition was
at level with the baseline condition (in which participants took an unrelated action outside of
the response space) and both the action misaligned and baseline condition were trumped by
the action aligned condition (b = 0.55, SE = 0.16, p <.001, 95% CI [0.23, 0.86]). Action
alignment at training improved memory performance relative to a study condition in which
participants did not take an action inside the response space.

Test confusion errors (Figure 7 B), in which participants selected the distractor location,
were higher in the action misaligned condition (b =1.19, SE = 0.26, z=4.64, p <.001, 95%
CI [0.68, 1.69]) relative to the baseline condition (irrelevant action) and the action aligned
condition, but in the action aligned condition these errors were not higher (b=-0.07, SE =
0.29,z=-0.24, p =0.812, 95% CI [-0.63, 0.49]) than they would be if no grey squares were

shown (as was the case in the baseline condition).
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Figure 7: Results Chapter II1 A: Exp 2.a Test accuracy per condition. Each

datapoint represents the average accuracy across all test trials per person (resulting in 3
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datapoints shown per person in this panel). Coloured boxplots show population summary
statistic. New, added baseline condition plotted in green. Significance indicators in plot
reflects results from glmms pairwise comparisons. B: Exp 2.a Ratio of confusion errors at
test per condition. Probability of erroneously selecting the other square that was
highlighted in a training trial during a test trial trying to recall that same stimulus. C: Exp
2.b Coloured boxplots of accuracy across all test trials per curriculum. Blues represent the
active conditions. Each datapoint represents the average accuracy across all test trials of an
individual participant: one in an action aligned condition and one in an action misaligned
condition. D: Exp 2.b Ratio of confusion errors at test per curriculum. E: Exp 2.¢
Coloured boxplots of accuracy across all test trials per curriculum. Blues again represent

the active conditions. F: Exp 2.c Ratio of confusion errors at test per curriculum.

In the following experiments we investigated the effect of attention modulation in the
action alignment effect (e.g. Figure 7 C). In Exp.2.b, we used a mixed effects logistic
regression model (again adding participant ID and block nested within each participant as
random effects. See methods section in chapter II) on the full sample (n=86), with an
interaction term between alignment (aligned vs misaligned) and relevant action (action vs
observation).

We once again found a significant main effect of misalignment (b =-0.76, SE = 0.16, z
=-4.78,p <.001, 95% CI [-1.07, -0.45]). We then looked at this effect within the observation
condition. A pairwise comparison between the estimated marginal means of alignment versus
misalignment was as expected, reduced (yet to marginal significance: b=0.34, SE=0.18, z =
1.86, p =.062, 95% CI [-0.02, 0.70]). A comparison between alignment in the action

condition and alignment in the observation condition, shows that action alignment produced
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superior performance compared to observation alignment: b = 0.60, SE =0.29, z=2.06, p =
.039, 95% CI [0.03, 1.17], see (Figure 7 C blue boxplot versus yellow boxplot).

We next tested for an interaction effect to test if the effect of alignment versus
misalignment is significantly reduced if we condition on observation. The effect of
misalignment was directionally reduced when we tested for an interaction with the
observation condition, but was marginally significant (b=0.41, SE=0.24,z=1.71,p =
0.088, 95% CI [-0.06, 0.89]). We added an additional analysis (see methods) to test the
sensitivity of this result against the inequality of our samples sizes (observation condition:
n=36; action condition: n=50). We randomly sampled 36 participants from the pool of 50
participants in the action condition and ran the same mixed effects logistic regression analysis
on a matched sample size (n=72). We repeated this process 100 times and here report the
summary statistics of 100 logistic regressions: the main effect of misalignment was
statistically significant (<0.05) in 100% of all regressions (average of estimate: b =-0.90, SE
=0.18,z=-4.93, p <.001, 95% CI [-1.25, -0.54]), the main, negative effect of studying by
observation was significant in 87% of all regressions (b =-0.71, SE=0.32,z=-2.24,p =
0.029, 95% CI [-1.33, -0.09]) and the positive interaction effect was significant in 83% of all
regressions, with an average effect size estimate of b=0.56, SE = 0.26, z=2.18, p = 0.034,
95% CI [0.06, 1.06]. Attention alone so far does not appear to explain the action alignment
effect. In Exp.2.b we found that a condition in which attention, but not action, is drawn to a
distractor square, produces a reduced effect (Figure 7 C) than if participants take an action to
select the square.

We observed the same main effect of misalignment on confusion errors, where
misalignment leads to more confusion errors (b = 1.61, SE =0.25, z=6.42, p <.001, 95% CI

[1.12, 2.10]), see (Figure 7 D). The observation misaligned condition led to as many
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confusion errors as the action misaligned condition (b =-0.33, SE=0.37,z=-0.88, p =
0.379, 95% CI [-1.06, 0.40]).

In Exp.2.c (Figure 7 F), we also found no evidence in error rates (however some
evidence in error types), supporting the hypothesis that attention plays a role in the alignment
effect. Here we tested a manipulation of distance between the true square and distractor
square paired with the aligned and misaligned condition at training, on test accuracy. We use
a mixed effects logistic regression model with an interaction term between alignment and
distance and find the same, main negative effect of misalignment (Exp.2.c: b=-1.13, SE =
0.19,z=-5.90, p <.001, 95% CI [-1.50, -0.75]), but no modulation of this alignment effect
via the proximal or distal manipulation (interaction term: b = -0.05, SE =0.27,z=-0.19,p =
0.850, 95% CI [-0.58, 0.48]).

Against the attention modulation hypothesis, which would have predicted proximal
conditions to lead to a higher error rate, we instead find a positive trend (approaching
significance) of proximity on accuracy: b = 0.35, SE = 0.20, z=1.80, p = 0.073, 95% CI [-
0.03, 0.74]. We found no main effect of proximity on confusion errors (b =0.10, SE =0.33, z
=0.30, p=0.763, 95% CI [-0.54, 0.74]) and no interaction between proximity and
misalignment (b =0.35, SE=0.41, z=0.85, p = 0.393, 95% CI [-0.45, 1.14]), though a
marginally significant decrease in confusion errors in the distal, relative to the proximate
misaligned condition once we considered paired comparisons (b = -0.4465, SE =0.242, z = -
1.846, p = 0.0649, CI [-0.92,0.03]). As expected, we found a main effect of misalignment on
confusion errors (b = 1.66, SE = 0.30, z=5.59, p <.001, 95% CI [1.08, 2.24]).

In Exp.2.d we repeated this experiment (Appendix A Figure 24 shows accuracy and
error rate data from Exp.2.d in the same format as seen in Figure 7 E and F) and the ran the
same analysis and confirm the result that attention alone does not modulate the main action

alignment effect on accuracy. We again found no interaction effect (b =-0.14, SE = 0.25,z=
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-0.56, p=10.577, 95% CI [-0.63, 0.35]), no effect of distance (b =0.23, SE=0.18,z=1.29, p
=0.195, 95% CI [-0.12, 0.59]), but the same main effect of misalignment (b =-0.35, SE =
0.18,z=-1.95, p=0.051, 95% CI [-0.70, 0.00]). Confusion errors” in Exp.2.d show a
significant, positive interaction between proximity and misalignment (b = 0.93, SE = 0.30, z
=3.10, p =0.002, 95% CI[0.34, 1.52]), no main effect of proximity (b =-0.35, SE=0.23, z
=-1.55,p=10.122, 95% CI [-0.79, 0.09]) and in this case a non-significant effect of
misalignment (b =0.05, SE=0.21, z=0.26, p = 0.798, 95% CI [-0.36, 0.47]). According to a
pairwise comparisons analysis, there was no significant difference between alignment and
misalignment on confusion errors within the distal condition (b =-0.05, SE = 0.21, z=-0.26,
p=0.798, 95% CI [-0.47,0.36]), but a significant difference within the proximal condition (b

=-0.98,SE=0.21,z=-4.62, p=<.0001, 95% CI [ -1.39,-0.56]).

Discussion

We established two baseline conditions and investigated the contribution of confusion
errors and attention to our findings from chapter II. Our results indicate that action alignment
is beneficial relative to two baseline study conditions: in Exp.2.a an active selection of the
correct location led to better performance than a selection of an irrelevant location and in
Exp.2.b, active selection of the correct location led to better performance than attending to

but not selecting the correct location.

2 Note that confusion error rate in Exp.2.c and d is generally slightly higher across all
conditions. This is owed to a manipulation of temporal predictability that we added and
which is in line with our expectations. In Exp.2.c and d, we added a temporal correlation
between the highlight squares (see Appendix A for details), but since this did not affect the

main results or comparison of interest, we do not comment on it further here.
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The performance detriment under action misalignment is unlikely to be caused by
interference alone. The effect was reduced in the observation condition of Exp.2.b, even
though confusion errors were the same in both misaligned observation vs action and in
aligned observation vs action. A baseline condition (Exp2.a), in which interference was not
facilitated (actions were outside the response space and no location was highlighted), showed
the same error rate as an action misaligned condition, even though confusion errors are
significantly lower than when participants selected a distractor. Additionally, in one of our
experiments (Exp.2.d, Appendix A Figure 24) we found a drop to baseline in confusion errors
within the distal, misaligned condition, but accuracy was still significantly lower than the
distal aligned condition, suggesting that confusions errors are unlikely to make up for the
bulk of the effect.

The presence of a distractor location does not lead to interference (Exp.2.a) when the
distractor is not acted on or visually salient (Exp.2.b). Participants are able to ignore a salient
distractor location if they learn in an action aligned curriculum or if the correct location is
visually salient in an observation condition. The action of selecting a correct location a
(either via visual attention or action) potentially protects against distracting features that
might have interrupted the encoding of a.

Attention alone does not appear to account for the alignment effect, but attention does
play a role. In Exp.2.b participants attended to but did not actively select the correct location
and we saw that the difference between alignment and misalignment was smaller than if a
relevant action was taken. In Exp.2.c and Exp.2.d we also found that attention manipulations
do not modulate the action alignment effect in terms of accuracy. This result held up when we
ensured that action patterns (clicks) learned during training could not transfer to test action
sequences (navigation). If attention was the main reason for the alignment effect, we would

have expected the effect to vary with our attention manipulation and/or lead to increased
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confusions when highlighted squares were proximal to each other. While we found no effect
on accuracy, we did observe an increase in confusion errors under the proximate misaligned
conditions. Considering that Exp.2.b showed the effect on accuracy is reduced, but not
nullified in the observation condition, and that we found no modulation of the accuracy
difference, but a modulation of confusions, via attention modulation in Exp.2.c and d, we
believe this series of experiments shows that attention is involved in, but not exclusively
responsible for the action alignment effect. Our attention controls are not bullet-proof, in
parts because we cannot separate action from attention completely and a replication with a
greater distance between the squares in the distal condition might find an attentional effect.
We discuss the interplay between attention and action in respect to our results below.

Our study bears some resemblance to research on the Attentional Boost Effect (ABE),
which is classically found in the recall of items, for which, during the encoding phase,
participants are additionally tasked to give or withhold a response when a target or distractor
(respectively) is presented concurrently with the item (Swallow et al., 2022). Items paired
with the target, i.e. items that required a response, are remembered better than items which
were not responded to during study. This has been linked to the benefits of active learning in
the classroom (Prince, 2004) and relates to our results, in so far as in our task an action
modulates event encoding. The ABE is prima facie a surprising effect, because it shows that
participants do better while completing two tasks rather than one (Prull et al., 2023). Under
an assumption of cognitive resource limitation, such an effect demands explanation.

Pupil diameter and fMRI measurements suggest that the origin of the effect stem from a
noradrenergic release by the locus coeruleus during goal-directed action, thereby upregulating
attention and alertness (Sajedin et al.,2019). Our study again differs significantly from these
experiments in that it does not measure the difference between withholding and taking an

action in memory tasks, but instead always requires the same action (same except for its
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alignment with the supervision signal). ABE experiments, while similarly interested in how
actions can boost memory, are likely detecting an effect of modulated alertness. Since we
require an action in both conditions, there is little reason to expect this to explain our results,
as this would require an assumption of higher alertness when action is aligned with feedback.

The ongoing search for an explanation of the ABE however highlights an interesting
distinction that is relevant to us. Do the reported memory boosts require an active response?
Or does attention suffice? It appears not. Some researchers stress that the ABE is only found
when participants make an active response (Toh & Lee, 2022), going so far as to describe the
effect as action-induced memory enhancement (Yebra et al., 2019), while other scholars still
find the ABE in experiments that merely require covert target detection among distractors (J.
Y. Lin et al., 2010; Swallow & Jiang, 2013) or even when the response is an action-
cancellation upon target detection (Makovski et al., 2013). It has been suggested that action
vs target-detection induced memory enhancements might be two separate phenomena (Yebra
et al., 2019), or indeed that a more general mechanism is at play. Swallow et al. (2022), try to
unify these desperate results under an account of attentional boost as event boundary
detection, as increased alertness during a shift from one cognitive state to another, or more
generally described as “the transient mobilization of effort to compensate for differences
between internal states and the external world,” (p.15 Swallow et al., 2022).

Note that this interpretation too does not immediately lend itself as an explanation of
our findings, since it actually predicts boosted memory following our action misaligned
curriculum. Their theory does however deal with the question of whether attention or action
is the culprit of a memory boost, in parts by making way with a neat distinction between
attention and action (p.6, Swallow et al., 2022). The contrast is instead understood as a
continuum in which attention is considered a kind of covert, internal movement, stemming

from the same circuits that evolved for overt effector activation.
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They are not alone in relying on this line of argument. In an article on visual working
memory (VWM), Olivers & Roelfsema (2020) consider actions to be planned program
executions of a goal-directed motion by an effector, which, crucially, do not necessarily have
to be overtly executed. In line with the embodied cognition tradition, the authors consider
vWM to fundamentally be in service of actions and their outcomes, whereby ‘successful
action must reinforce the sensory and memory representations that led to them’ (p.181,
Olivers & Roelfsema, 2020). They thus propose a bi-directional relationship where task-
relevant actions or action plans modulate what is perceived and memorised and where
percepts that previously led to successful action outcomes are retrieved and consolidated
more readily. Attention is modelled as an action-evaluation mechanism, which gates
cognitive resource allocation (Lindsay, 2020) towards those percepts that are likely to be
useful for actions. The authors present this mechanism as a relevance-rating: since perceptual
acuity and attention consume limited cognitive resources, action-relevant items are
prioritised. They suggest this might apply both for actions that are being taken at that time,
and importantly, for actions that are likely to be taken in the future.

While this proposal was put forward to explain findings in vWM, the listed evidence
showing how actions affect memory encoding, bears similarities to our study. This evidence
ties memory encoding, attentional and perceptual resources to items that are action-relevant,
thereby offering corroborating evidence and an explanation for why our enforced action
regime might modulate memory. Deubel & Schneider (1996) showed that an intended,
planned eye-movement to a spatial location increased discrimination accuracy for visual
stimuli which were presented in that location before the eye-movement was made. Visual
discrimination was enhanced by a planned action. Heuer et al. (2017) constructed an vVWM
experiment in which, in between a memorisation and a recall phase, participants pointed to a

cued target location. Even though the memory items were no longer shown when the
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movement was made, memory for the items which had been in the location that was pointed
to, was better than if the test item was in a location that was not pointed to. The effect was
stronger when more items needed to be remembered, suggesting a selective, prioritising
effect of action when the option space is large.

Considering these results and theoretical proposals, we suggest it may be possible that
in our action misaligned condition, we observe upregulated encoding of location b in memory
(Figure 1), because it was made action relevant. We find evidence for this coupling theory in
our confusion error rate. Participants do not only show a reduced effectiveness in encoding
the correct (non-target) location a, by diverting action/attention away from the correct
location. They also show an increased recall of the incorrect (target) location b at test, which
tells us that the action selecting location b leads to upregulated consolidation of ». Future
studies might test controls in which the location b is made task relevant but not action
relevant.

In this framing, participants in our action aligned condition reap the benefits of action-
relevant perceptual acuity and/or increased consolidation strength for the correct location. In
our action misaligned condition however, participants must additionally learn a gating
operation in which they use expected future reward to gradually allocate more attention to the
correct location, which they know will be action-relevant in the future. In Olivers &
Roelfsema (2020), attention is proposed as a credit-assignment mechanism, mapping a
simulated, future action (in our case the selection of the correct location at test) to the reward
and the stimulus. Attention is known to stabilise encoding (Muzzio et al., 2009), suggesting
that a version of our experiment with eye-tracking would help disentangle the effect of stable
attention (aligned condition) from less stable attention (misaligned condition). While an overt
action will inevitably drag some attention to the incorrect location, humans are also known to

be able to dissociate overt action (eye-movement) and attention (covert action) to some extent

99



(Lindsay, 2020; Morishige et al., 2021). Gating is required (to ignore the distractor square),
but much easier to accomplish in the action aligned case, in which we observe that the second
highlighted square (a salient feature that could draw bottom-up attention) is not recalled more
often than in a baseline condition (Exp.2.a) in which no highlighted squares are shown. In
debrief responses across our experiments, participants routinely reported that the action
misaligned condition felt more challenging to them, which is consistent with the idea that
they are learning a more effortful gating operation. The fact that participants can learn this
gating operation, in which they inhibit or override the strong encoding of the incorrect, target
location by recalling the correct, non-target location at test, is evidenced by the fact that
participants in our action misaligned condition still learn the correct associations over time.

Their memory is not fully (but partially) at the mercy of their actions.

100



Chapter IV Generalisations of the Action Alignment Effect

Abstract

We present five empirical studies which generalise the action alignment effect and place
it in context of curriculum design and teaching. First, we report a study that allowed us to
compare the action alignment effect against the classical effect of the retrieval practise test
and find, surprisingly, that action alignment achieves superior memory performance
compared to a condition in which participants can test themselves. Second, we use action
alignment to design a curriculum through which we are able to prioritise the encoding of a
subset of learning materials. Lastly, we investigate if the origin of an action (origin self
versus origin other), modulates the action alignment effect and find that students might even

be able to benefit from action alignment, when skilled teachers select the actions.

Introduction

This chapter presents empirical work which extends our knowledge about the action
alignment effect by generalising it to adaptation of the task and by comparing it with other
classical effects in the memory literature. Our interest lies with the applicability and
generalisability of the effect. In what ways can action alignment assist learners and how does
the effect fare in comparison with other curriculum designs?

One of the most well-evidenced behavioural effects on memory strength is the so-called
testing-effect, already introduced in chapter 1. Test-enhanced learning (RoedigerIll &
Karpicke, 2006), has repeatedly been found to boost long-term memory, and this effect stems
from active retrieval of the learning materials (Adesope et al., 2017). Retrieval is more
beneficial even if compared against the same number of exposures to the study material
(Roedigerlll & Karpicke, 2006). For instance, a repeated attempt to solve the same multiple-
choice test, positively affects memory in comparison to being shown the correct answers the
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exact same number of times. The testing effect has stood the test of time, translates to
classroom conditions and has been found to support learning in a variety of task and feedback
settings and retention delays (Agarwal et al., 2021).

The action alignment effect appears to be procedurally at odds with the ability to benefit
from retrieval practice. In our task (across both conditions), the information about the correct
location is available as soon as the (re-)training trial begins, thereby providing no chance for
participants to test themselves via retrieval. Yet, we have shown that participants benefit from
action aligned training. How does the action alignment effect fare in comparison to a
condition in which retrieval practise is possible? We will attempt a comparison by use of an
experimental design which, in essence, presents an abstract version of a multiple-choice test
(often used in classrooms). We will vary the number of choices from multiple to few, to only
a single choice, thereby obtaining training trials that are akin to our action alignment
condition, in which participants can only select the correct choice. In previous chapters, the
probability of action alignment at training was deterministic: an action was aligned or not.
The testing effect however depends on a scenario in which the probability of a correct choice
is less than certain. We will introduce uncertainty into our design, to give way to the testing
effect. Participants will have an opportunity to test themselves before making a choice. We
will specifically test if a combination of the action alignment effect and the testing effect
(k=2), yields better memory performance than the action alignment effect by itself (k=1).

Curricula in schools introduce teaching materials in a sequential order. Sometimes,
learning a concept is easier when pre-cursors of the concept have already been learned
(Bengio et al., 2019). Teachers implement curricula that teach students one thing before
another and do so because pieces of knowledge depend on other knowledge or
representations. We here ask whether the action alignment curriculum could assist in such

efforts. Many tasks and generalisation conditions require humans to chunk and group items or
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decompose stimuli, action plans or complex tasks, into subcomponents. Some tasks cannot be
accomplished without doing so. For instance, research has shown that a decomposition of
stimulus dimensions (such as colour and shape) tends to occur in a sequential order, such that
one dimension is encoded before another (Dekker et al., 2022). In this chapter, we report a
variation of our previous design, through which we can show that action alignment can be
used to prioritise learning of an arbitrary subset of stimuli. We specifically test if action
alignment could be used to support curricula for sequential knowledge acquisition. To this
end, we construct a curriculum in which a subset of items is studied under action alignment
(k=1), whereas another subset is studied without any helpful constraints (k=16) which would
align action and feedback. We will test the hypothesis that items which were studied under
action alignment are learned by preference.

In a last experimental design, we then turn to question whether the origin of the action
determines the action alignment effect. Another classic effect on memory encoding is the so-
called self-reference effect (Symons & College, 1997), which shows that learning materials
associated with one’s representation of self are remembered better than those associated with
others (Ganellen & Carver, 1985). If self-reference plays a role in the action alignment effect,
its application is limited to all learning contexts in which the learner can take the actions
themselves. In our designs so far, the actions taken are simple, but outside the lab, this is not
always the case. Is the action alignment effect flexible enough to transfer to scenarios in
which skilled teachers need to take the actions?

We will test if the action alignment effect differs depending on if the action originates
from oneself versus another participant. We do this for two reasons. This study allows us to
further pinpoint the origin of the action alignment effect. Does it elicit the self-reference
effect at all? How relevant is the execution of the motor action itself? The actions taken in an

online experiment are small motor actions, eye-movements and head movement. Is it the
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motor movement that modulates the effect on memory or is it merely the representation of an
action being taken? It allows us to test a generalisation of the effect. Do students always need
to take the correct action themselves to benefit from action alignment?

We will use a within-subject design that combines the design from chapter II, with a
condition in which participants observe reconstructed actions (both congruent and
incongruent) of another person, instead of performing the actions themselves. We will test the

action alignment effect once more, conditioning on the origin of the action.

Methods

All unspecified details in the following sections are as described in the methods section
in chapter II. This includes participant selection, exclusion, basic structure of the procedure
and design on action alignment, statistical analyses and software packages used. Below we

introduce all new variations and amendments which were not specified in chapter II.

Procedure & Design Exp.3.a-c

On each training trial, participants see a subset of k = {1, 2, 4, 8, 16} squares
highlighted in grey (Figure 8 C), one of which is the correct location. In previous chapters, k
= 2 and participants were only able to select only one of the highlighted squares. Here we
now vary the number of highlighted options and leave the choice of the target up to
participants. Participants click on one of the grey locations to make their choice. No grey
square is framed in yellow. Upon a click during training, feedback was now visualised as a
green square in the correct location, while the stimulus remained located on top of the
response space. Test trials were as before.

We manipulate the probability of an aligned action during training. By varying k, we
effectively vary the number of possible actions and thereby control the probability that the

action will align with feedback. When k = 1, the probability of an aligned action is 1. When k
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= 2, the chance of a correct choice at first try is 0.5. When k = 16, it is as if the option set was
not reduced and the probability of an aligned action is 1/16. This is another baseline
condition, using self-selected responses.

In Exp.3.a (n=35), participants experienced four conditions (in random order), each of
which is distinguished by the number (k = {1, 2, 4, 8}) of grey squares visible on each
training trial (k stays constant within each condition) and a new set of stimuli. Exp.3.b
(n=29) repeats Exp.3.a and in Exp.3.c (n=44), participants experienced three conditions k =
{1, 4, 16}. The order of subsets presented within a condition was randomised across blocks
and members of each subset were kept constant throughout a condition. In all experiments,
each condition is still experienced as three cycles of training and test, where test trials are the
same across all experiments.

A variation in visual feedback allowed us to test that the action alignment effect is not
dependent on the specific way in which we had presented feedback previously. We here also
put the testing effect to the test: if the testing effect is more beneficial for encoding a spatial
declarative memory, we should see improved performance for conditions in which the
probability of the outcome of a choice is not guaranteed to be correct, i.e. the probability of
action alignment is less than 1. If however, k=1 leads to strictly better performance than any
of the other conditions (including k = 2), the benefits of the testing effect do not outweigh the

benefits of action alignment in our task.
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Figure 8: Illustration of Experimental Designs Chapter IV A: Exp.3.e 2x2 design

crossing action aligned vs misaligned (rows) against self and other (columns). In condition

self, the participant navigates the blue avatar. In condition other, the participant observes

the reply/reconstruction of the navigation behaviour by a previous participant. B: Exp.3.d

Half of all stimuli are trained using the action aligned condition with 1 square highlighted

(k=1). The other half are studied without any highlighted square. C: Exp.3.a shows three

conditions, varied by k = the number of highlighted squares on a training trial. E.g. on a

training trial for the tree stimulus, when k=4, four squares will be highlighted. The correct

square is always one of the highlighted squares. Participants select their choice using a
mouse click. When k=1, participants have certainty over the correct location and thereby

no ability to test themselves. When k>1, they have varying degrees of uncertainty.
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Procedure & Design Exp.3.d

In the first block of each set, participants were shown an all-white response space
without any highlighted squares and could select any of 16 squares using their mouse (k=16)
(Figure 8 B). Upon a mouse click, the square that was clicked would turn blue for 100ms to
indicate that a response was recorded, followed by the usual feedback signal (stimulus moves
into its correct location and is framed in green after 1.3 seconds). The next trial began as
usual after 1.3 seconds.

In the second block, unbeknownst to participants, stimuli-location pairs were then
assigned at random to two groups of size 8 (S;, §;). In the second block, half of all stimuli
(according to group selection S;) were presented with the correct square framed in yellow
(Figure 8 B, k=1). This square was now the only response option (k=1), essentially forcing
the action to be aligned with the ensuing supervision signal. If participants clicked anywhere
else on the screen, nothing would happen. All remaining stimuli (S;) were shown without any
restriction of responses, just like in the first block. The order of stimuli presented at training
was randomised, which meant that participants could not predict if the next trial would
present a stimulus with one (k=1) or all (k=16) response options. In the third block, the same
half of the stimuli (§;) were again shown with it’s correct square as the only option, while the
remaining half (§;) was shown again without any restriction (k=16).

In Exp.3.d (n=39), participants played two sets of three cycles of alternating training
and test blocks, in which they made a mouse click to select a square. This split of stimuli into
two groups (S;, Sj) was randomised across participants. We set out to measure the interaction
between block (={1,2,3}) and action alignment (k={1,16}) on test performance.

In Exp.3.d we test if the action alignment effect can be used to make selective,

preferential and significant progress in learning a chosen subset of stimuli. We ask if an
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arbitrary selection of stimuli will be encoded faster than the remainder of stimuli, if only the

subset is trained via action alignment.

Procedure & Design Exp.3.e

At the start, participants were instructed that they (represented as a blue avatar) would
play the game together with a partner (represented as a pink avatar) (Figure 8 A). In every
training trial, they were told, the avatar had to be moved into the target square, but in some
training trials it was the participant’s task to do this (blue avatar shown, condition=self),
whereas in others it was the partner’s task to navigate (pink avatar shown, condition=other).
No matter who the action originated from, participants were told they had to learn the
association as best as they could and that they would afterwards be tested (and earn bonus
points) separately from their partner.

As in previous designs, participants were instructed that sometimes they or their partner
would be required to navigate to the square with a yellow frame even though this “is not the
correct square for that image”, but that even so, their task was still “to remember the correct
square, not the square in yellow”.

At the start of a trial, a trial message and the colour of the avatar would tell participants
whether they or their partner had to navigate to the target square (a, framed in yellow in
Figure 8 A). Conditions in which participants navigated themselves, proceeded as in chapter
II (e.g. Exp.1.a). Conditions in which participants did not need to navigate, still asked them to
press the return key to start the training trial. They were then asked to watch the navigation
sequence of a partner. A message read: “Training Trial! Press ENTER to let your partner start
the trial.” And after they had pressed the key: “Watch while your partner moves THEIR
PINK square to the square framed in YELLOW! The image will then move into the square it

belongs to. Remember this square. You will be tested later!” Test trials preceded as usual:
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participants click on any of the white squares, the square turned blue to capture the response
and no feedback was shown.

Exp.3.e (n=128) was a pre-registered (Cremer & Summerfield, 2024) experiment,
designed to test if the action alignment effect is also present when participants watch a game
partner take the action, rather than take the action themselves.

They never actually played with a partner. We used the recorded navigation data (paths
and reaction times) by 25 participants from Exp.1.a and reconstructed their behaviour in the
game environment so that participants in Exp.3.e could observe an aligned or misaligned
action being taken. A participant’s experience from Exp.1.a (the order of locations queried,
the time taken for each trial, the order of condition aligned versus misaligned), was replayed
to a participant from Exp.3.e in their experience of condition ‘other’. We did this by using the
data recorded from training trials of participants in Exp.1.a (the exact locations they had
moved their avatars through and their reaction times) to determine where and when the pink
avatar (which indicated the partner) would move during each training trial. Each participant
from Exp.3.e thus watched a faithful reconstruction of real human behaviour, rather than a
simulation of behaviour. Each participant from Exp.3.e was assigned one of 25 participants
reconstructions from Exp.1.a. They watched the same participant’s reconstruction in both the
action aligned and misaligned condition.

Exp.3.e included four conditions (Figure 8 A) resulting from a 2x2 factorial design
crossing action alignment (aligned vs. misaligned) with action origin (self versus other).
Conditions were randomised but alternated between self and other. Each condition again
included three cycles of training and test.

Note this is different from other baseline conditions (Exp.2.a and Exp.2.b) in which

participants observed the supervision signal without any relevant action being taken or being
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presented on screen. In Exp.3.e participants observed relevant actions, but they did not take
them themselves.

Each condition also included feedback prediction trials as in Exp.1.a. To assess
performance differences in feedback prediction trials, we used repeated-measures t-tests (and
conservatively made no correction for multiple comparisons). Since each participant was
assigned to one of 25 unique reconstructions of navigation patterns by a participant in
training trials of Exp.1.a, we captured individual variation between those ‘partner players’ by
adding the unique participant IDs from Exp.1.a as an additional random effect in our
statistical analyses.

Appendix A details minor variations in the designs which did not affect the results, but
which can be consulted to see how the effects generalise across differences in the

presentation and appearance of the task.

Results

Exp.3.a-c

Exp.3.a (Figure 9 B) and Exp.3.b (Appendix Figure 24) both showed that k = 1 resulted
in superior memory at test compared to k = 2 (Exp.3.a: b=-1.07, SE=0.18,z=-5.92,p <
.001, 95% CI [-1.42, -0.71]; Exp.3.b: b=-0.63, SE =0.19, z=-3.27, p = 0.001, 95% CI [-
1.01, -0.25]), or k = 4 (Exp.3.a: b=-1.20, SE = 0.18, z=-6.65, p < .001, 95% CI [-1.55, -
0.85]; Exp.3.b: b=-0.88, SE=0.19, z=-4.57, p <.001, 95% CI [-1.25,-0.50]) or k = &
(Exp.3.a:b=-1.71, SE=0.18,z=-9.39, p <.001, 95% CI [-2.07, -1.35]; Exp.3.b: b = -1.42,
SE=0.19,z=-7.39, p <.001, 95% CI [-1.79, -1.04]). The action alignment effect supersedes

a condition of uncertainty in our spatial declarative memory task.
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Figure 9: A: Test Accuracy in Exp.3.d per block for all stimuli presented under
condition k=1 or k=16. B: Test accuracy Exp.3.a across all test trials, after training under
no uncertainty (k=1) versus increasing uncertainty (k>2). C: Test accuracy Exp.3.e for self
(blues) vs other (purples). Each shown per action aligned and misaligned condition. D

Feedback Prediction Test accuracy Exp.3.e.

In Exp.3.a, £ = 2 did not lead to significantly better test performance than k = 4 (b =
0.13, SE=0.18,z=0.76, p = 0.450, 95% CI [-0.21, 0.48]), but we found a significant
difference ink =4 >k =8 (b=-0.51, SE=0.18,z=-2.87, p = 0.004, 95% CI [-0.86, -0.16]).
The same pattern holds in Exp.3.b where k£ = 2 was not superior to k = 4 (b =-0.24, SE =
0.19,z=-1.30,p =0.195, 95% CI [-0.61, 0.13]), but k = 4 was significantly better than k = §
(b=-0.54,SE =0.19,z=-2.91, p = 0.004, 95% CI [-0.91, -0.18]). In Exp.3.c (Appendix

Figure 24), we find again that a higher frequency of action alignment benefits memory
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encoding, where k = 1 > k=4 (b=-1.31,SE=0.16,z=-8.33, p <.001, 95% CI [-1.62, -
1.00]) > k=16 (b=-1.53, SE=0.16, z=-9.74, p <.001, 95% CI [-1.84, -1.22]), showing
that action alignment achieves superior memory performance over pure study (k = 76) and
that it trumps conditions in which both action alignment and the testing effect could

potentially benefit learning (k > 7).

Exp.3.d&e

In Exp.3.d we found a significant and positive interaction effect between block 2 and
action alignment (b =2.19, SE=0.18,z=12.17, p <.001, 95% CI [1.83, 2.54]), as well as
between block 3 and action alignment (b = 0.48, SE =0.21, z=2.25, p = 0.024, 95% CI
[0.06, 0.89]) showing that the subset of stimuli learned via an action aligned curriculum
(which we introduced in blocks 2 and 3) were encoded faster than stimuli that were learned
via trial and error (Figure 9 A). Across two sets, we expectedly found no difference in

performance for stimuli from §; vs §; in block 1 (b =-0.06, SE =0.12, z=-0.50, p = 0.616,

95% CI [-0.31, 0.18]), showing that mere exposure did not advantage or preferentially encode
a subset of stimuli. Irrespective of the stimuli or locations in subset S; or S;, action alignment
led to faster encoding of stimulus-location pairs.

The action alignment effect is present even when participants do not take the action
themselves but instead watch a game partner make the selection (Figure 9 C). A linear mixed
effects model applied to test accuracy in Exp.3.e, shows the same main effect of action
misalignment (b = -0.45, SE =0.10, z=-4.33, p <.001, 95% CI [-0.65, -0.25]), but no main
effect of other (b =0.07, SE=0.10,z=0.67, p = 0.505, 95% CI [-0.13, 0.27]) and no
interaction between misalignment and other (b =-0.17, SE=0.15,z=-1.17, p = 0.241, 95%
CI [-0.46, 0.12]). Feedback prediction trials (Figure 9 D) showed that participants were more
unsure about the correct location during training in the action misaligned condition in both
self (t(127) = -1.80, p = .074) and other (t(127) =-2.19, p = .031). We found the same pattern
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when selecting for participants who were above chance in feedback prediction trials: the
interaction (b =-0.17, SE = 0.15, z=-1.17, p = 0.241, 95% CI [-0.46, 0.12]) and the effect of
other was insignificant (b = 0.07, SE = 0.10, z= 0.67, p = 0.505, 95% CI [-0.13, 0.27]), but
the main action alignment was effect was still present (b =-0.45, SE=0.10,z=-4.33,p <
.001, 95% CI [-0.65, -0.25]).

Nor were confusion errors affected by the origin of the action. When we applied a linear
mixed effects logistic regression to the number of congruent errors out of all errors, we
observed the same positive main effect of action misalignment (b =0.70, SE =0.13, z=5.19,
p <.001, 95% CI[0.43, 0.96]), but no effect of other (b =0.15, SE=0.15,z=1.01,p=
0.315, 95% CI [-0.14, 0.44]) and no interaction effect between action origin and
misalignment (b = -0.08, SE =0.19, z=-0.45, p = 0.654, 95% CI [-0.45, 0.28]). We conclude
that action alignment is an effective learning curriculum even when the learner does not

perform the action themselves.

Discussion

We found a condition in which learning via action alignment trumps a condition in
which participants were able to test themselves. We found that we can induce preferential
encoding of an arbitrary subset of stimuli using the action alignment effect, and that the effect
is present even if participants do not take the action themselves.

Interestingly, conditions which in theory leave room for both the testing and the action
alignment effect, such as k=2, also led to worse performance than k=1. When two options are
presented, participants have the option of testing themselves. If they make the correct choice,
they can benefit from an alignment between the action and the feedback signal. We might
therefore expect a double boost of the memory encoded in trials in which participants made
the correct prediction in k=2. This could have a larger effect on accuracy than k=1 where self-

testing is not an option. However, this is not what we observed, suggesting that action
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misalignment in k=2 is more detrimental than the benefit from self-testing and action
alignment in our task.

Note that we implemented no test to verify that participants did in fact test themselves.
It is possible that they behaved randomly during training, but our previous chapters on action
misalignment suggest that they are unlikely to click on a location which they do not believe
to be correct. One other explanation for why we do not observe a testing effect might be that
the testing effect tends to apply in delayed memory tests and has sometimes been found to be
stronger after delayed rather than immediate recall tasks (Ferreira & Wimber, 2023; Rivers,
2021). Future studies might examine temporal dependencies of action alignment and test-
enhanced retrieval. We might for instance test the hypothesis that our design yields an
advantage for k=2 over k=1 if tests are administered after longer delay periods (e.g. 1 week),
after which the testing effect might override the action alignment effect. Our results
obviously do not suggest that self-testing should not be used but instead suggests that future
research might identify how learning environments can make optimal use of both the testing
effect and the action alignment effect and identify how they might interact or how they
should be sequenced (Rawson & Dunlosky, 2012).

In Exp.3.d, we found that we can use the action alignment effect to predictably encode a
particular and arbitrary subset of stimuli before another set of stimuli. As a proof of concept,
we suggest that action alignment could be used to shape learning and representation. Dekker
et al. (2022) found that generalisation through visual stimulus decomposition is better learned
through a curriculum that temporally correlates training trials along one stimulus dimension
(e.g. shape) before training on variations of another stimulus dimension (e.g. colour). We here
present evidence that action alignment could also be used as a curriculum in a similar fashion.

Future research might for instance investigate whether a temporally uncorrelated curriculum,

114



which however uses action alignment in combination with trials that only vary a single
dimension, can achieve similar generalisation performance as a correlated curriculum.

In the discussion section of chapter II, we considered the suggestion that the action
alignment effect might be related to agency. Schreiner et al. (2025) and Ren et al. (2025)
reported results in a similar paradigm, in which participants were allowed to select their
action freely. For trials in which the self-selected action was aligned with feedback, memory
was improved, which led the authors to suggest a memory effect derived from a sense of
agency. In this present chapter we reported results that seems to suggest this explanation does
not apply, at least in our task. We found that a condition in which participants had no action
choice or agency over the navigation path (because a simulation of navigation was observed
rather than executed), still yielded an action alignment effect.

In our self versus other comparison, we told participants that the other navigator was a
game partner. Clarkson et al. (2022) found the self-reference effect could be reduced by a
salient association with another participant. Moreover, the action sequences in the
reconstruction (other) looked like the action sequences of the participant (bar the colour of
the avatar). This was a deliberate choice which allowed us to the pinpoint the effect to
whether the action was taken or not. We cannot exclude the possibility that our framing led
participants to associate themselves with the game partner’s navigation path to the extent that
a self-reference effect contributed to memory encoding. Future studies might investigate if
the effect holds of game play opponents, if the effect remains if participants are told that they
are watching a simulation rather than a person or if the effect holds when an action sequence
is omitted. We have not shown that actions do not matter, but we have shown that at least in
the task presented here, the action does not need to be taken by the learner themselves. This
makes the action alignment effect potentially applicable in a wider variety of teaching

settings. Future research might discern what actions, what types of feedback, what testing
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delays and what action-origins are able to modulate the action alignment effect. This finding
raises questions about the precise mechanisms within procedural memory that may be at play.
While the effect is framed as an action alignment effect here, it is worth asking whether and
to what extent motor action are implicated. The finding that observing the action of a game
partner is sufficient to induce the effect, suggests that a motor action representation may be
sufficient. Daprati et al. (2019) indeed found increased recall of enacted actions in a patient
who lacks proprioceptive feedback, suggesting that the related enactment effect can occur
without proprioceptive feedback. The authors offer the suggestion that the neural
representation of intending to move is the neural mechanism that underpins the memory
effect. In support of this suggestion, we find the effect under minimal motor movements
(such as mouse clicks), which lack distinction between trials and which we keep constant
across all trials. Future research could pinpoint the effect to what neural mechanism in motor
learning and execution is responsible for the majority of the behavioural effect we observe.
We presented an investigation into the proposition that the representation of self makes
a difference to the action alignment effect. We will now flip the question and consider the role
of memory in the representation of self. We suggest that the representation of self is, like all

memory, a compressed model which can be used to reconstruct one’s own action sequences.
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Chapter V

Abstract

In this chapter we lay the groundwork to study participants’ metacognitive access to
their own learning, by introducing behavioural markers of learning in a spatial rule discovery
task. We introduce a task in which we are able to capture behavioural reflections of a
cognitive transition from ignorance to knowledge about the spatial rule in behaviours.
Behavioural markers reflect participants’ epistemic state across accuracy, reaction times and
mouse cursor movement. We discuss the method of dynamic reconstruction of participants

game play, which we used to generate and refine hypotheses and behavioural measures.

Introduction

The promise of metacognition is that learners know themselves well enough to select
actions that aid their efforts. As we will see, metacognition is usually measured with respect
to specific percepts and via confidence measures, but recently, scholars have begun to study
people’s models of their own learning at a higher level of abstraction and have begun to
search for task environments, tools and measures that allow for the study of metacognition
applied to more multi-dimensional cognitive phenomena. We will briefly discuss how
people’s models of themselves relate to memory and how we can study these models by
eliciting them. In this chapter (V), we present an experiment and new behavioural measures
of learning via discovery and discuss the tool of dynamic reconstruction. This will provide
the basis of chapter VI in which we extend this task to study peoples’ models of their own

discovery process, by eliciting their self-model to help them guide their action choices.
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Metacognition

The discipline of psychology exists because humans have incomplete introspective
access. If we could know the inner workings of our minds by introspection alone, we would
not need researchers to look into it. Why do we find some research results in psychology
surprising, but others less so (Mazor et al., 2023)? It is because they appear ‘counter-
intuitive’, in seeming contradiction with what we think we know about our minds from
experience (Ward & Scholl, 2015). They are surprising, because they violate our model of
ourselves. Thus, self-knowledge exists, albeit in incomplete form and as systematically false.

The field of metacognition - the study of how the mind applies itself to itself - is ever in
search of the boundaries of what we do and do not know about ourselves. Fleming et al.
(2012) distinguish between the metacognitive access to cognitive content and process. The
distinction might be analogous to perceptual or representational inputs and the procedure or
algorithm that operates over those inputs. In the following two chapters, we are interested in
peoples’ cognition about the latter.

Metacognition is studied with respect to specific cognitive domains, such as memory,
theory of mind or perception. The very assessment of whether one’s memory is reliable is a
metacognitive process, indeed one of the earliest types of metacognition to be scientifically
studied (A. L. Brown, 1978; J. Brown et al., 1977; Flavell, 1971). Researchers found that
metamemory is possible, but faulty and develops over time. Metacognitive research is ever
since on the search of those boundaries of what parts of ourselves are and are not subject to
metacognitive access and improvement (Flavell, 1979; Morris, 2025; Rivers, 2021; Rouy et
al., 2022).

The main measurements for metacognition, are indicators of confidence (the degree to

which the participants believe their cognitive process or content to be trustworthy).
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Confidence is a second-order judgement that reflects the reasoner’s evaluation of their own
cognitive system. Measurements often control for performance and response-biases.

In Mazor, Moran, et al. (2024) for instance, confidence ratings were used to study
peoples’ inferences over their own perceptual system. Participants were found to treat their
perceptual evidence differently, depending on whether they judged a stimulus to be present or
absent. Other studies have used participants’ predictions about their own cognitive abilities.
In Mazor et al. (2023) for instance, participants made predictions about their visual search
process (such as the effects of distractors on search times). Participants’ awareness of their
own visual system again showed metacognitive accuracy, as well as blind spots. The authors
found for instance that participants’ predictions about search times were indeed correlated
with their own true search times more than with another participant’s search times, reflecting
the possibility that cognition about oneself does indeed use predictive information that only
the participant in question is privy to at the time. Participants however failed to account for
difference in search times induced by different types of distractors.

These are a few of many examples of research papers that find (imperfect)
metacognitive accuracy across different domains. Katyal & Fleming (2024) review recent
progress in metacognitive neuroscience but warn that domain-specific measurements of
metacognition could narrow the rich and encompassing range of experiences that are
associated with metacognition. This, they suggest, includes broader representations and
beliefs about oneself, such as one’s confidence to be able to gain new skills. These global
self-performance estimators (Rouault et al., 2019), are suggested to hold influence over what
actions we decide to take, such as embarking on learning a new skill or not. Researchers have
stressed the importance of measuring and amending such self-beliefs in the context of mental

health (Seow et al., 2021).
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Models of Self

Mazor (2025) suggests we not only study self-beliefs, but self-models too. Self-models
are introduced as structured representations that compress experiences of one’s own cognition
and actions (such as attentional biases, preferences or sensory perception) into a generative
model through which the agent can make predictions about their own cognition and actions.
The suggestion is that our biases, preferences and needs are noisy and require the agent to
pose hypotheses and models about their inner workings. It is thus a model akin to other
models that agents build of dynamic, structured environments to predict perceptual events,
simulate counterfactual scenarios, infer latent causal structure and generalise to variations of
experience. The difference is that in this case, the environment is our own body and mind,
both of which are stochastic processes with causal and mechanistic constraints that permit
predictably.

Self-models are partly based on memories of one’s skills, emotions or preferences,
(consider ‘I always preferred to spend a day in the garden than to be sat inside’). They are
refined by experience (consider the differences between how I thought I would react and how
I did react). We remind the reader of the resource-efficient and compressed (Dasgupta &
Gershman, 2021) reconstructive theory of memory introduced in chapter I, where Spens &
Burgess (2024) propose that new episodic memories are formed when the prediction error
between the generative model prediction and a new observation is sufficiently large
(surprising). We reviewed literature which suggests that compressed models of experience are
used to imagine and plan for the future (Schacter et al., 2012). Mazor (2025) suggests that
similarly, model(s) of oneself can be used to predict what choices and feelings one is likely to
have in future contexts that share similarities with previous contexts, can be used to infer
what one is likely to have done in the past, should a memory be unreliable. Can the

apprentice gardener know if she is likely to have been the one who left the garden unlocked?
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Is she the kind of person who would be absent-minded and forget to do it or the anxious type
who never would? In chapter I we also reviewed evidence for the crucial role of memory in
imagining future episodes (Hassabis et al., 2007). McCoy et al. (2019) posit that self-models
can also be updated by learning from self-simulations across scenarios that never happened or
never will happen.

In the following two chapters, we will attempt to study one domain of self-models:
peoples’ model of their own learning process. The goal is to move beyond traditional
measures (such as confidence) of local metacognition and instead require participants to roll
out a full self-simulation of their actions (Mazor, Firestone, et al., 2024) during learning.
Their self-model is built on memory and the actions they emulate lie in the past. We thus

examine memory in action.

Unsupervised Rule Discovery

In chapter V, we introduce the setting in which we will probe participants’ model of
their own learning dynamics. We selected a domain in which we believe metacognition might
be particularly helpful to learners (Rivers, 2021): an unsupervised learning context in which
the learner is left to their own devices and needs to adjust their actions to support their own
learning process. In chapter VI, we then present the same task to participants twice (with
temporal distance). Crucially, in the second presentation, we ask participants to repeat their
own past behaviour exactly. We thereby require them to behave as they would if they would
learn about the task for the first time. In this way, we attempt to elicit their own
representations of how they generate actions to learn. This also provides us a different
measure of metacognitive accuracy because we can compare their re-instantiated behaviour
to their true behaviour (Mazor, Firestone, et al., 2024).

More specifically, we study what people know about their own process of cognitive

discovery. We previously introduced the idea of unsupervised learning, when feedback is
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absent. Humans are known to be able to learn through unsupervised (Bouchacourt et al.,
2020) and semi-supervised (Broker et al., 2024) learning and can do so both gradually and
continuously (Eichenbaum, 2011b) as well as suddenly and discontinuously (G. Jones, 2003).
Discontinuous learning dynamics are commonly referred to as ‘insights’ (Epstein et al.,
1984), or moments in which the right representation for the task at hand (such as a matchstick
arrangement) suddenly comes to mind and allows the reasoner to solve a problem which they
were making little progress on prior to the representational shift (Chronicle et al., 2004; G.
Jones, 2003; Maier, 1931). It is of practical interest to know what actions and policies might
make it more likely that cognition yields discovery (Popp et al., 2024). Discoveries occur at
the forefront of collective knowledge, where correct answers are unlabelled and curricula
cannot be prepared. Metacognition might help learners know which of their actions helped
them make a discovery. They might then be able to repeat similar actions in similar learning
tasks.

In this chapter, we introduce a task environment, in which participants can take a series
of actions to learn about a spatially determined rule, the discovery of which allows them to
adjust their action sequence and gain more points. Participants are presented with a board of
yellow cards, which they need to turn by mouse clicks, with the goal to uncover all black
cards whilst revealing as few white cards as possible. Participants who, by themselves,
discover that black cards are always arranged symmetrically left and right of the vertical
midline, are able to complete the game with fewer white cards revealed.

LeGris et al. (2024) consider that one of the reasons why cognitive discoveries still lack
theoretical and computational grounding might be that studies have traditionally been low in
resolution. Experiments tend not to “generate rich real-time behavioural data that could be
used to help pinpoint the origin of insights” (p.1, LeGris et al., 2024). We join researchers

such as LeGris et al. (2024) and Berckley & Hattie (2023) in presenting an attempt at a high-
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resolution, continuous capture of cognitive discovery. This present empirical chapter should
also be read as a methodological chapter, in which we explore ways in which cognitive
scientists can make use of the benefits afforded to them by now common-place online data
acquisition (Allen et al., 2023), while regaining and retaining some of the rich observations

that were available in the days of in-person testing.

Continuous Measurements and Dynamic Reconstruction

Conducting psychological experiments online has many advantages (Allen et al., 2023),
but with their adoption, scientists have lost what knowledge comes with being in the same
room with their participants. It is common-place to test new game-like experimental designs
on willing colleagues, family members or friends, who are asked to play the game while the
experimenter is watching. This allows the experimenter to learn what part of the game is
understood easily or what needs more explanation, in a process of inferring on ongoing
cognitive process in another mind from mere observation. They might note their friend
slowing down, unnecessarily and repeatedly hitting the enter key or frown or make
spontaneous vocal expression (‘Aha!’), all of which might reflect cognitive motion.

While experimenters devise a new online task, with the intention to test a specific
hypothesis, they often apply their intuitive theory of mind. Will this task be interesting
enough to keep participants’ attention? Will they understand what they have to do? Will they
think they have to do this fast, rather than with care? Theory of mind is used to design the
task in a way that shapes what cognitive processes and behaviours it elicits. Tasks incentivise
some behaviours and disincentive others. Sometimes, finding the right incentives and task
constraints is accomplished by the experimenters asking themselves: what would I do and
think when confronted with this task?

Of course, this multi-dimensional reflection of cognition is not accessible as soon as

data collection is mediated via an online platform. Yet, as suggested above, there may be
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cognitive processes of interest that are not predictable via low-dimensional or low-resolution
data, such as recorded binary decision at a low-resolution timescale (to give an extreme
example to illustrate the point: asking participants at the end of a task whether or not they
made a discovery, cannot provide insight into how they made the discovery.) Stephen &
Dixon (2009) understand moments of insight as discontinuous phase transitions that occur as
an agent follows a non-linear gradient in a high-dimensional continuous cognitive phase
space. Others reiterate that cognition is always continuous (McClelland, 1979) and should be
studied that way: “As any scientist (or vinyl audiophile) will tell you, if you want to
understand what is going on in a continuous process, the highest- fidelity signal will come
from a continuous measure of that process” (Spivey, 2023). One question is thus how
researchers can retain as much dimensionality in our measurements and analyses that are
commonly considered, while also reaping the benefit of expanding participation via online
platforms. One easily accessible answer is the inclusion of mouse cursor movement into the
standard analysis repertoire. Some researchers of course already do this. Zgonnikov et al.
(2017) summarised some of analytic and visualisation options and discuss mouse movements
as a 2D representation of traversing a high-dimensional decision landscape. Li et al. (2023)
use an analysis of a mouse cursor trajectory to show that motions are biased towards
distractor items (and more so if there are more distractor items). Wilcox et al. (2024) analyse
mouse trajectories while people read. Similarly, LeGris et al. (2024) implement the mouse
cursor as a spotlight illumination during a dark game, thereby forcing the mouse cursor to be
the search tool that directly correlates with what participants can perceive. They then analyse
regions visited, time spent or distances travelled.

A second concern is that hypotheses, including those by experimenters, are not plugged
from thin air, but from the observations we make (Bear et al., 2020). What hypotheses have

cognition researchers missed due to the lack of high-dimensional observations of the
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behaviours that we study? Hypotheses predetermine what measurements we take and analyse
or what computational models we fit. While this precision is obviously desirable, it can also
result in a kind of tunnel-vision that precludes alternative explanation or measurements. The
hypotheses that come to mind are rarely exhaustive or imaginative enough to do justice to
reality.

Hypotheses usefully and necessarily constrain the experimenter’s search and
measurement space, especially when the phenomena are multi-dimensional and complex. The
art of (collectively) identifying the main predictors of a behaviour or the first principal
component of a cognitive phenomenon, lies in doing the dimensionality reduction correctly.
Experimenters need to make a choice about which dimensions of behaviour (eye-movement?
decisions? verbal report? pupil dilation?) should be considered and measured in the first
place. This step in the scientific process is refined by collective knowledge, but also the
theory of mind of researchers, their hunches and intuitions. This applies particularly to
cognitive experiences that have remained somewhat evasive of quantitative measurement,
such as for instance cognitive discovery or models of the self.

So how can we, as experimenters, observe more, so that more comes to mind? We

propose the method of reconstruction (Figure 10), by which we use the data generated by an
online participant to replay the game play to the experimenter afterwards. We achieve this by
displaying the fixed game elements, overlaid with the dynamically moving elements, that are
guided by the exact recorded choices that the participant made (see methods section).
Figure 10 A shows a static figure that captures the dynamic reconstruction visualisation. We
show one round in the game in which a participant’s cursor movement is traced across time
(blue = earlier; red = later). Their click choices are visualised as white and black cards, that
were revealed by a click at that location. We encourage the reader to watch one dynamic

reconstruction by following this link: https://carlacremer.github.io/single reconstruct V/.
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Figure 10: Illustration of the Use of Behavioural Reconstruction t,: Participants
partake in the online experiment outside the lab, providing behavioural markers (such as

mouse clicks, reaction times and mouse movements) of their cognitive processes. t;:

Behaviour is captured using pre-specified measurements (such as cursor locations, speed,

decision moments etc.). Data is saved and used to reconstruct the full behaviour of each

individual participant. t;: After data collection and reconstruction, researchers can sample

individual participants and observe a reconstruction of how they played the game start to

finish. Crucially, behaviour that does not pertain to the goals of the game (such as decisions

or errors) is also included in the reconstruction games (e.g. mouse movement).

Reconstructions allow researchers to apply their theory of mind in an attempt to infer the

cognitive processes behind the behavioural patterns. This qualitative estimate becomes an

input into the process of identifying quantitative analyses. Observing high-dimensional

data in action allows researchers to use their inference abilities, to generate (new or better)

hypotheses about what was going on in the minds of their participants. This allows
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researchers to adjust measurements; it can inspire new analyses and adjustments to the
game environment to better measure hypothesis-relevant behaviours (t3).

To our knowledge, reconstruction is rarely deployed or reported as a method and is not,
as of yet, part of an accepted and recommended repertoire of methodological steps in online
studies (Gagné & Franzen, 2023). We want to suggest it should be. We have used this tool for
the past few years in the lab and is has proven useful in several ways which we will list. We
can also showcase the benefits here on the only other independent project (LeGris et al.,
2024) that we know of that appears to have used reconstruction explicitly in a study of
cognitive discovery. LeGris et al. (2024) constructed a task in which participants use 2D tools
from a repertoire to direct shooting balls into target areas on the screen. The solutions which
participants needed to discover lay in what physical constraints (implemented through the
tools), achieved the highest number of balls falling into target zones. Solutions were designed
to have sub-optimal, easier instantiations as well as more complex, optimal instantiations,
thereby mimicking the classical impasse-insight scenarios, in which an elegant solution
cannot be reached with most peoples’ first attempt (Maier, 1931) with which they run the risk
of being stuck in a local minimum. The authors set out to identify what behavioural markers
preceded an insight moment. Amongst their range of quantitative approaches, the authors also
report the use of “qualitative inspection of participant replay data” which “revealed a wide
range of creative solutions for each problem”. The authors observed participants being stuck
or failing to notice a solution in spite of exploration around the right areas. The qualitative
observation that participants’ solutions were either static or dynamic, then informed
quantitative measures of exactly those categories of the solutions space.

This example highlights how dynamic reconstructions can be useful in identifying
behaviours of interest or categorising and labelling behaviour at the right level of granularity

(discoveries about discovery so to speak). Note that this is particularly the case when
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researchers venture into unchartered territory, where it is not yet clear what behavioural
marker they should be on the look-out for. Most importantly, in our experience dynamic
reconstructions allow researchers to generate new hypotheses that were not yet part of their
initial hypotheses set. In Figure 10 we suggest that some unexpected behaviour (b) that was
observed in a sample of participants, can inspire new measures for said behaviour. In our
experience, dynamic reconstructions can be helpful in verifying that a new quantitative
measure (of e.g. a particular mouse movement pattern) is well tracked by the analysis or if the
measure of choice does not fully capture the behaviour (b), by either including similar but
distinct behaviours or failing to label behaviour b in other participants, thereby needing
readjustment to achieve generalisation. Once the measure is sensitive to satisfaction, it can be
scaled and statistically validated on the full sample. Note that this means that some biases that
the researchers introduce into the analysis by watching and overinterpreting a dynamic
reconstruction, will be corrected. Experimenters will for instance be prone to see signal in
noise and might interpret meaning into mouse movements which in fact stemmed from a
participant knocking over their coffee cup. This is not a problem, as such biases are weeded
out, at least by the time that they try to re-identify the behaviour in the next pre-registered
sample. A measure of a mouse movement associated with a falling coffee cup is unlikely to
translate into a statistically significant association with cognitive discovery. While
observations of participants might introduce more false hypotheses that can be excluded, this
appears to be the lesser evil if we balance it against the inefficiency of a research community
that is stuck on a narrow range of hypotheses or measures (Broker et al., 2024). In addition, it
was our experience that dynamic reconstruction also allowed us to notice non-compliant
behaviours, data contamination (such as in our case tablet usage) and verifications of

quantitative exclusion measures. The use cases will however differ from study to study.
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Dynamic reconstruction brings the experimenter some way back into the room. While
the dimensionality reduction of complex behaviour is of course still drastic (no eye tracking,
limb movements or vocal expressions), dynamic reconstruction has three advantages over
observing participants live: reconstructions are privacy preserving, can be made accessible to
anyone who might care to watch, can be observed repeatedly and in groups, thereby allowing
for collective inference.

This chapter will present a task in which participants have the opportunity to make a
discovery (we will however make no claim about whether this discovery was discontinuous).
We introduce this task in chapter V to discuss methods of dealing with the complexity of
capturing discovery behaviour; to show quantitative measurements of behavioural markers of
discovery and to provide the basis of understanding our study in chapter VI, in which we use
the same task to study metacognitive access to cognitive discovery.

In the following sections we will describe the task and procedure, as well as the method
of reconstruction which helped to inform a variety of quantitative measures of discovery,
which make use of reaction times, number of clicks, position of clicks, error patterns and
dynamic cursor movements. We introduce a sample of these measures in chapter V and
extend the list in chapter VI. Our goal in chapter V is to familiarise the reader with the task
we use and show that we can quantitatively measure behavioural markers of a

representational shift across knowledge states in participants who discovered the rule.

Methods

Participants

The research complied with all relevant ethical regulations and was approved by the
University of Oxford Central University Research Ethics Committee (code R90986/RE002).

Participants were recruited via Prolific and gave informed consent prior to their participation.
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To be eligible to take part in this study, participants’ Prolific approval rate had to be 90% or
higher and their reported first language had to be English. Participants were instructed that
they could only enter the game if they were not using a tablet/phone (this ensured we could
record mouse movement behaviour from all participants).

The median time to complete the experiment was 9 minutes. All participants were
compensated for their time at an hourly rate of £10 and were incentivised via a bonus
payment that dependent on their performance in the game (the top 30% of participants were

given an additional £0.8).

Exclusions

We collected 103 participants and excluded 4 participants who used a tablet (as per our
pre-registered exclusion plans), resulting in a sample of 99 participants. Participants were
excluded based on self-reported tablet usage as well as an additional measurement that used
the amount of distance travelled on screen. This quantitative alert of tablet use was then

verified by watching a reconstruction of one round by those participants.

Task Design

Our experiment was implemented via a new online game environment (Figure 16),
which participants (n=99) accessed via Prolific. In the game, they were presented with a
board of 36 cards. Yellow cards hid black (hits) and white cards (misses). Participants’ goal
was to ‘turn’ yellow cards via a mouse click to uncover all black cards, whilst revealing as
few white cards as possible. Participants were told that 10 black cards were arranged in
groups of size 2, 3, or 4, that group corners can touch and that a single black card per group
would be revealed at the start of each round (Figure 16 Top Left). Every white card revealed

would deduct 1 point from their initial score.
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There was one additional rule which participants were nof told about: black cards were
always arranged symmetrically left and right of the vertical midline (Figure 11 Bottom

Middle).

Initial State Play Final State

s " B "

Unknown
Last Board Half-Revealed Spatial RuleI(Symmetry) Example Boards

o W

o L JF

Figure 11: Illustration Design of Discovery Task Chapter V: Top Left: A board of

36 cards as seen by a participant at the start of a new round. Yellow cards indicate an
unrevealed state. One from each group of black cards is already revealed. Top Middle: The
same board during play. Participants click on yellow cards to find hidden black cards, while
revealing as few white cards as possible. 4 white cards were revealed, each of which leads
to a subtraction of 1 point from the initial (100) points shown on the right. The unknown
spatial rule of the game was that all black cards have a mirror symmetric twin. We illustrate
this here, with the number 1 and 2 placed on members of one symmetric pair (not shown to
participants). A symmetric twin of a white card can never be a black card. A participant

who has discovered this symmetry rule can avoid revealing one of the two white cards

131



highlighted in red here. Top Right: The board in its final state, showing the true
arrangement of black cards. There are 10 black cards on every board. Upon revealing the
last black card, all remaining yellow cards will momentarily fade, to highlight the
symmetric arrangement to the viewer. Bottom Left: Half-revealed board, played last. This
board contains 14 black cards, 7 of which are already revealed. Unbeknownst to the
participant, one of each mirror-symmetric twin is already revealed, which means that a
player who knows the symmetry rule does not need to incur the cost of touching any white
cards. Bottom Middle: Illustration of the solution to the game. The black cards are
deterministically arranged to be mirror-symmetric across the vertical midline. Bottom
Right: 4 example boards sampled from the 6 unique boards played by each participant.
Each board is associated with a coloured number which indicates the game round. The
assignment of game round and board is randomised across participants.

Participants first received instructions, answered comprehension tests and had one
practise round?. They then begun the game by playing 6 unique boards (see Figure 11 Bottom
Right for examples of board arrangements). Each participant played each board once. The
order in which they were played was randomised across participants. In between boards
played, an image of a coloured number was shown to mark the identity of the upcoming
round (Figure 16 Bottom Right). After the first six rounds, participants were then exposed to
a final board, which differed from the others in that half of the (14) black cards had already

been revealed (Figure 16 Bottom Left). This was known to participants. It was however not

3 The practise board was just to get participants used to the user interface and they were
not arranged like the real board to avoid participants learning about the board arrangement
beforehand. In the practise board they revealed a two-rowed horizontal bar of black cards

(which were thus symmetric along the x and y axis).
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revealed to them that one of each mirror-symmetric twin had been revealed. We constructed
this board to distinguish participants who had discovered the symmetric rule arrangement,
since in this final round, a person who made choices according to the rule would not need to
incur any errors. The locations of the missing black cards were fully predictable from the
initial arrangement of the board (Figure 16 Bottom Left). Participants who had maximally a
single error (only revealed 1 white card) on this last board, were designated as participants
who had discovered the rule (Cremer & Mazor, 2025a).

After the game, participants were asked if and when they noticed a pattern of how the
black cards were arranged.

In our game, participants could commit three types of errors: 1) errors which were
illegal according to the pre-specified rules of the game (e.g. uncovering a white card adjacent
to an already revealed island of size 4); 2) errors which were avoidable (Figure 16 Top
Middle in Red) if they knew the symmetry rule (i.e. clicking on a covered card that is the
symmetric mirror of an already revealed white card) and 3) unavoidable errors when no half
of a twin remains covered and it is uncertain where the next first revealed of a new twin is
located. These errors do not exist on that last boards in which half of each twin is already
revealed. Participants were never told about the existence of a secret rule and were never
given feedback (other than the subtraction of points upon a white card being revealed) about
how their performance could be improved. They were however encouraged to improve in
between rounds: their total games score and the error count of the last round was shown and a

message read “Can you do even better?”, before the next round commended.

Dynamic Reconstructions

We briefly explain the reconstruction method we used in step t; shown in Figure 10. We
recorded the position of participants’ mouse cursor with a high frequency (ca. every 16ms).

This data was combined with records of the board played, click locations and reaction times,
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to reinstate the behaviour of participants for each board played. This was achieved by
programming a replica of the game in JavaScript. The recorded board and point score
determine the fixed, contextual elements of the game, whereas click locations, click times and
mouse cursor coordinates dictate dynamic elements that represent the participant’s choices.

One such reconstruction (of a pilot participant playing the last board) can be viewed
under this link: https://carlacremer.github.io/single reconstruct V/. We will provide more
reconstructions from another sample of participants in the following chapter (VI).

In our reconstructions, a red dot dynamically moves across the board, tracing the
trajectory of the participant’s recorded mouse cursor, matched to the time point at which each
coordinate was passed during the game. A timer shows the milliseconds passed since the time
point at which data recording commenced. At the time point at which the participant made a
click, the card that was revealed by the participant at the time, is revealed in the reconstructed
game and the score board is updated.

In this way, we were able to observe the game play of all participants across all rounds
they played. We used repeated and random observations of individuals’ (reconstructed)
behaviour to generate hypotheses about what behaviour might be correlated with rule
discovery.

We noticed that participants make a lot of mouse movements that are not obviously
related to the achieving the goal of the task. One perspective is that these are random and
irrelevant or unrelated behaviours. Another perspective would be to consider these actions as
reflections of ongoing cognitive processes and therefore of interest. Some of the behaviours
we observed included left-right movements with the mouse cursor in between clicks, akin to
a compare and contrast behaviour, potentially to ease the difficulty of error-prone
identification of the symmetric twin within the same row. This behaviour was reminiscent of

what Kirsh & Maglio (1994) called an epistemic action, which is an action with the purpose
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to ease a cognitive effort (as opposed to affect the environment). Other behaviours included
differences in reaction times that were associated with uncertainty differences defined by the
symmetry rule, differences in hesitation before committing to a click or, when uncertainty
was high or repeatedly moving to the same location, but not committing to revealing it.

We discussed a range of tentative hypotheses, prioritised between them and then
generated quantitative measures using data from specific individuals, in which we had
observed the behaviour and on which we could verify that our behaviour was indeed captured
by our quantitative measure. We then scaled the same measure to all participants.

In this chapter we will showcase two measures of discovery as reflected in performance.
This includes a straightforward measure of the number of errors per round and a non-
parametric assessment of decisions by two models, one of which assumes a symmetric
arrangement of the board and one which does not. We describe the details of the model
evaluations in the methods sections below. This chapter then proceeds to demonstrate two
additional behavioural markers of discovery which are also explained in detail in the methods
sections: the difference in reaction time for revealing the first versus the second member of a

symmetric pair and the tendency to move the mouse cursor left-right versus up and down.

Pre-registered hypotheses

We pre-registered our hypotheses (Cremer & Mazor, 2025a) prior to collecting a new,
confirmatory sample. Our hypotheses (listed also in Appendix B) were centred around the
reflection of spatial rule discovery in a range of behavioural metrics and informed by the
behavioural patterns we observed in reconstructed games of previous pilot participants who
had perfect performance on the last, half-revealed board.

We tested the hypothesis that knowledge about the rule is reflected in participant’s
number of clicks (a reduction of errors over rounds) and reaction times. We posited that

participants who follow the rule will take longer to uncover the first of a symmetric pair of
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black cards but be faster to uncover the second of the pair. This we interpreted as reflecting
the certainty over the second location which can only be had if the symmetric rule is known.
We pre-registered to test if this measure correlated with performance on the half-revealed
board by regressing the difference in RT against the number of clicks on the last board.

We set out to test the hypothesis that we can identify rule discovery in the choices and
timings of choices of participants, by comparing two descriptions of these choices by two
different models which operate under different constraints. We predicted that rule-following
participants would be best described by a rule-following model in which choices are
constrained by symmetry.

We test the hypothesis that rule-followers show more horizontal mouse cursor
movement relative to vertical movement over time, reflecting the likelihood to click on the
mirror-symmetric twin of a newly discovered black card as well as a search and compare
pattern that identifies symmetric locations along the x-axis rather than the y-axis. The
measures and analyses we use to test these hypotheses are described in a following section on

behavioural markers.

Behavioural Markers of Discovery

We will report results from a sample of behavioural measures, some of which are
traditional measures such as error rates, and some were inspired by observing reconstructions
and hypothesising about cognitive markers in mouse cursor movements. The measures

detailed here are also used in chapter VI.

Knowledge-State—Dependent Constraints

We construct two models that make choices under different constraints.

The naive model was constructed to consider the rules of the game but be ignorant of
the spatial symmetry rule. We enumerated all board arrangements which adhere to the
following constraints: 10 black cards, x = {2,3} black cards locations already revealed,
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groups of black cards of size ={2,3,4} and corners of groups may touch. We did this for every
unique board (in their initial, partially revealed state) that participants played (see Figure 11
Top Left for an example). Boards were designed as 6x6 Boolean arrays, with 1 representing
black and 0 representing white cards. These sets of boards are legal boards according to the
rules of the game only. Black cards were permitted to be asymmetrically arranged left and
right of the midline.

The symmetric model was constructed to consider the rules of the game and the spatial
symmetry rule. In the process of enumerating all legal board arrangements for the symmetric
model, we thus added the constraint that five black cards on the left side must be the mirror-
symmetric twins of five black cards on the right side of the vertical midline. We then
implemented a procedure for evaluating each click, made by each person, through the lens of
each of the two models.

Essentially, the models assume players starts the game with a belief state that assigns
equal probability to all possible board configurations: symmetric board states for the
symmetric model, or symmetric and asymmetric for the naive model.

From this belief state we then derive probabilities that specific cards are black or white,
by taking the average colour across all board configurations that are consistent with the belief
state.

The belief state is then updated after each state of the game, ruling out game
configurations that are inconsistent with the player’s newly acquired knowledge.

We rank the data of participants as follows. For every click (c) by participant (s) on
board (b), we took the most recently chosen location (i, j) (where (iand j = {0, 1, 2, 3,4, 5}))
of an unrevealed card. We obtained a ranking of the choice i, j by each model. This ranking
indicates how likely it was (given the constraints by each model) that the location (i, j)

contained a black card. For each model (m = {naive, symmetric}), we took the set of all legal
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boards and summed across all boards per unique, unrevealed location. We then normalised by
the number of boards that are consistent with the player’s simulated knowledge state to obtain
a location-specific probability of a hit for each unrevealed card. After computing the
complement of each probability (1 - p), unrevealed cards were ranked. We ensured that all
positions with a tied rank returned their average rank. We then extracted the rank of the
specific, chosen location (i, j).

Finally, we updated the known board state from the configuration before click c¢;; to the

configuration after c;;, assigning a value of 1 (hit) or 0 (miss) to location (i, j) based on the

SE)
true underlying board configuration. In a last step, we excluded all boards from each of the
two sets of legal boards (as defined by each model) that were inconsistent with this new piece

of information (e.g. we excluded all boards that included a 1 in location (i, j) if the ground

truth board was just revealed to contain a 0 in location (i, j).

Reaction Time in Symmetric Pairs

Here we analyse the reaction time (RT) between each consecutive click (e.g. t; — ;).
Participants self-selected when they made their clicks. We analyse how much time passed in
between clicks made.

We measure the tendency to uncover the second of a pair of symmetric cards with
greater speed than the first. The expectation was that this reflects increased confidence of
rule-followers who have deterministic knowledge about the location of the second of a half-
revealed pair after they discovered the rule.

First, we selected the second to largest number of clicks (second to longest board
played) for each participant and computed the median RT per click (up until the second to
largest click number) across all boards (except the last). We used this measure to control for

differences in reaction time that depend on click number in the round.
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We again excluded the half-revealed board from this analysis. All clicks on this board
were second clicks. For each participant (s) and each click (c) we computed a normalised RT
measure: the participant’s RT for (¢) minus the participant’s median RT at this click number
(e.g. the 9th click made in each round). Note values can be negative because we normalise by
median RT on each click number, meaning negative values show faster responses than the
median RT.

RT{m = RTSS —RTE) (1)

We labelled each click by whether it was revealed as the first or second member of its
symmetric pair. We computed the median of the normalised RT measure across all clicks (in
the class of either 1st or 2nds) per participant and board.

To correlate this measure with performance on the half-revealed board, we took the per-
person average difference between the median RT across all 1sts and across all 2nds in the

last three boards. For each subject (s) and each board (b), we compute:
AGYRT = RTEP — RTSY (2)
We then calculate the person-specific average of the RT differences across the last three

boards (Equation 3).

6

_ 1
A(s) — §Z A(s,b)RT (3)

b=4
We regress this value against each participant’s number of clicks on the half-revealed

board.

Motion Direction
The mouse cursor’s x and y coordinates across the screen were recorded approximately
every 16 milliseconds. After dividing each board’s list of coordinates into window slices (of 8

measures, resulting in ca. 128 milliseconds per window), we subtracted the sum of the
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absolute distance travelled along the x-axis from the sum of the absolute distance travelled
along the y-axis (for each window). This is illustrated in Figure 15 (Left).

After dividing each board’s coordinate log into 8 equal time windows, we computed the
total absolute distance travelled along the x-axis and y-axis within each window. We then
subtracted the total y-axis distance from the total x-axis distance to obtain a motion direction
score per window. Positive values indicate more horizontal (left-right) movement and
negative values indicate more vertical (up-down) movement. Finally, we averaged motion
direction scores across all windows for each participant and board, to show a per-board, per-
person measure of motion direction as a function of game round in Figure 15.

We fit a linear regression to motion direction against the game round at the participant-
level. Coefficients from each participant were regressed against their number of clicks in the

7th round.

Statistical Methods & Python Packages

Data analyses were conducted using Python 3.10.13 and the following packages:
NumPy 1.26.4, SciPy 1.13.1, Pandas 2.2.2, Matplotlib 3.9.2, Seaborn 0.13.2 and Statsmodels
0.14.2. This chapter was written using Quarto (Allaire et al., 2025). Experiments were coded
in JavaScript (using jsPsych (de Leeuw et al., 2015) and p5.js (McCarthy et al., 2024)), and
hosted on a Jatos server (Lange et al., 2015).

We computed linear mixed effects models to predict measures based on time spent in
the game (round r) and modelled each participant as a random effect using individual
intercepts, using the Python statsmodels package.

Yij = Bo + Bi1ij + by

We use the package SciPy. Stats for t-tests and model rank. We perform Welch’s t-test

for unpaired samples in accordance with (Zimmerman, 2004) and never assume equal

variances.
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As pre-registered, we did not include the last, half-revealed or the first practise board in
our statistical analyses. This board was used to identify rule discovery (in performance-based
manner) and previous rounds were used to identify behavioural patterns that are associated

with rule-discovery.

Results

All results from this pre-registered experiment were consistent with results from a
previous pilot dataset (n=101), which was used to inform the pre-registration. We start by
showing a common measure of performance. The task is designed such that participants who
discover the symmetry rule are able to complete each round faster and with fewer errors to

retain more points.

Number of Errors

We thus first report performance by showing the number of clicks to completion per
round. As noted in our pre-registration, we designated all participants who had no more than
1 error on the half-revealed board (Figure 16 Bottom Left) as participants who are most likely
to have discovered the symmetry rule. This resulted in (as expected based on the pilot
sample)4 37 rule-followers and 62 participants who did not meet our criterion and who we
here simply designate as ‘other’ participants (as we have no evidence according to our

criterion to suggest that they learned the symmetry rule).

4 The pre-registered expectation was based on a pilot dataset in which 40/101

participants turned out to be rule-followers according to the same selection method.
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Figure 12: Clicks to Completion Chapter V Left: Average number of clicks (and
sem) per round across all participants. Right: Average number of clicks per round for each

subgroup of participants: rule-followers (blue) versus all other participants (gold)

The half-revealed board is used only as a selection criterion to form the subgroup of
rule-followers. All the following analyses in which we compare behavioural markers of
discovery are based on data from the first 6 boards, as pre-registered.

Participants improved with the number of rounds played. They required fewer clicks
(thereby revealing fewer white cards and retaining more points) over time. In Figure 12 (Left)
we plot the mean and standard error of mean of clicks to completion across all (n=99)
participants. Note that the minimal number of clicks required to complete each board was 6
or 7 depending on the board played (the order of which was counterbalanced across
participants).

To capture this improvement quantitatively, we fit a mixed effects model to the number
of clicks to completion, where round number was set as a predictor (and each participant was

modelled as a random effect). The number of revealed white cards declined significantly: f =
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-0.161, 95% CI [-0.32, -0.01], p = 0.041, df = 790 as also shown in Figure 12 (Left). A
repeated-measures t-test shows a significant drop in errors between round 3 and 4 (#(df = 98)
=2.99, p=0.003).5

In Figure 12 (Right) we plot rule-followers and others separately, which highlights that
rule-followers make markedly fewer errors than the rest of the population. A Welch test on
each participant’s average number of clicks across rounds (1 to 6), shows that a separation of
the population by errors on the 7th board results in a significant difference in performance
between rule-followers and other participants: #df =97) =-5.64, p = <.001.

We then applied a separate linear regression to all participant’s number of clicks per
game round (1-6) and extracted the slope parameter. These coefficients were then regressed
against the participant’s number of clicks in the 7th round (the half-revealed board). This way
we confirmed that the 7th board is an indicator for how well participants played the game.
Performance on the half-revealed board predicted a steeper learning rate: f = 0.0348, 95% CI
[0.0024, 0.0671], p = 0.035, R? = 0.045, df = 97. The average slope of participants who
applied the rule in the half-revealed board was -1.52, whereas the learning rate of all
remaining participants was -0.72.

Note that the subset of participants who had more errors than our designated class of
rule-followers may still have noticed the symmetric arrangement. 29 of 37 rule-followers
described the pattern of black card arrangements as ‘symmetric’ or ‘mirrored’ in response to a
debrief question after the game. As did 9 out of 62 participants who landed in our group

‘other’ and who did not meet our pre-registered performance criterion for board 7.

> This is also the case if we correct for (bonferroni) multiple comparisons across 7

rounds.
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Participants with few errors on the last board may have been lucky, and participants who
did not meet our low-error threshold could still name the rule, which suggests that the number
of clicks on the last board is best considered to be a reflection of the probability that a
participant discovered the rule, with fewer errors indicating a higher probability of rule
discovery.

Participants who were not able to notice or verbalise the rule, put forward a range of
alternative hypotheses, ranging from letter shapes (L or Ts), to “a skull” and “zigzag” or “the
helmet of Samus Aran from Super Metroid”. Minimal clicks on the half-revealed board are
indicative of having had the right hypothesis about the spatial pattern and of having accepted

this hypothesis as true. All responses to the debrief question are listed in Appendix B.

Model-Based Decision Evaluation

We next assess whether the identity and timepoint of participants’ card selections were
best described by a selection mechanism that takes the symmetric arrangement of black cards
into account, or whether they were better described by a selection mechanism that only
considers the rules of the game, but not the symmetric arrangement. For this, we employed a
two-pronged modelling approach. Both models are described in detail in the Methods section.

Model fit was assessed by first, generating a set of all possible board configuration for
each unique board in its initial, partially revealed configuration. The number of possible
board configuration (i.e. the boards that could be true, given the available information) were
constrained by the rules that each model took into account (LegalBoards,,). The naive
model only took the rules of the game (10 black cards, group size ={2, 3, 4}, group corners
may touch) into account, whereas the symmetric model additionally also took the symmetry
rule into account. The set of possible boards according to the symmetric model were all

symmetric along the vertical midline.
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For each click (c), per person and board, we computed the probability that the chosen
location (i, j) contained a black card according to each model m = {naive, symmetric}. We
did this by counting how many boards, out of the set of LegalBoards,, at the time of (¢),
contained a black card on the location (i, j). The complement of this probability (1 - p) was
then converted into a rank, which we used to retrieve the favourability of the choice (i, j)
according to m. Was the choice more likely made with or without the consideration of
symmetry?

After the rank was retrieved, we updated the visible board with the newly obtained
information of the card colour in location (i, j) and excluded all boards whose entry in (i, j)
conflicted with the newly obtained information (e.g. boards which had a black card on (i, j)
even though (i, j) was just revealed to be white were now no longer legal).

The symmetric rule constraint meant that the initial set of possible arrangements for the
symmetric model was substantially smaller than that of the naive model and that newly
obtained information would more drastically narrow down the number of possible boards in
the symmetric model and do so more quickly than in the asymmetric model. This is a
reflection of that rule discovery, which leads to a more complete understanding of the
constraints by which the board arrangements are generated, should permit more efficient
inference. The options space is smaller if a consistent pattern is taken into account during

search.
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Figure 13: Model Ranks Chapter V Top Left: Choices (errors and hits) of Rule-
Followers ranked by the symmetric (green) model and the naive (red) model respectively.
The average rank of the symmetric model declines and provides a better description of
choices made by participants over rounds. Bottom Left: Errors of Rule-Followers ranked
by the symmetric (green) model and the naive (red) model respectively. The average rank
of the symmetric model declines and shows that errors are more in line with the symmetric

model over time. Top Right: Choices (errors and hits) of Others ranked by the symmetric
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model and the naive model. Bottom Right: Errors of Others ranked by the symmetric

model and the naive model.

In Figure 13 we plot model rank as a function of game round, for choices that yielded
both white and black cards (Top). We show model dynamics for each subgroup (rule-
followers and other participants) but also analyse how model fit varies across the entire
population. First, Figure 13 (Top), shows the mean and standard error of rankings by each
model for each group. It reveals that choices by rule-followers (Figure 13 Top Left) have an
average fit that is distinct from participants who likely did not discover the rule. While both
groups are better described by the naive model at first (dark red lines in Figure 13), rule-
followers make choices that are ranked better by the symmetric model (dark green) after
round 4. The rank the symmetric model surpasses the rank of the naive model and the naive
model rank increases in round 5 and 6, showing that choices made by rule-followers are
favoured /ess by a naive model.

A mixed effects model, fit to all rule-followers, in which we predicted the rank by the
symmetric model by game round (and modelled each participant as a random effect), finds a
significant improvement (decrease) in rank over time (f = -0.839, 95% CI [-0.99, -0.69], p =
<.001, df=220).

A mixed effects model, fit to all rule-followers, in which we predicted the rank by the
naive model by game round (and modelled each participant as a random effect), finds an
increase (but not a significant one) in rank over time (f = 0.107, 95% CI [-0.02, 0.23], p =
0.095, df = 220).

This trend is not apparent when we fit these models to participants who did not follow
the rule (Figure 13 Top Right). The average symmetric model rank remains above the average

naive model rank even in later rounds.

147



A mixed effects model fit to all participants’ choices who did not follow the rule, in
which we predicted the rank by the symmetric model per game round (and modelled each
participant as a random effect), still finds a significant decline in rank with a smaller effect
size: f=-0.255, 95% CI [-0.34, -0.17], p = <.001, df = 370.

In our design, performance (the number of clicks to completion) and rule-discovery are
correlated: participants who know the symmetry rule can reveal black cards with fewer
attempts and point losses. A favourable ranking of clicks (and their timepoint) in which rule-
followers revealed black cards is thus partially a reflection of their ability to uncover black
cards with fewer tries, since the symmetric model narrows down the options for black card
locations more quickly. We already showed in Figure 12 (Top) that rule-followers find black
cards with fewer tries and thus the favourable ranking by the symmetric model of clicks in
which black and white cards were revealed is perhaps not surprising. We therefore turned to
assess model-fit using only errors. The models allow us to ask whether the errors of our
subgroup of rule-followers also became more rule-like over time.

The contrast between subgroups is indeed stronger when we restrict our analysis to
errors (see Figure 13 Bottom Row). We now fit the models to white clicks by participants
who were later classified as rule-followers. A mixed effects model was fit to the rank of the
symmetric model and confirmed that their errors also become more consistent with
knowledge of the symmetry rule: f =-0.708, 95% CI [-0.97, -0.44], p = < .001, df = 210.
Rule-followers later tended to make unavoidable errors that reflected the true remaining
uncertainty of the board, even if symmetry was considered.

This also leads to a significant increase in the rank by the naive model: f = 0.441, 95%
CI[0.16, 0.72], p = 0.002, df = 210, reflecting that errors became less likely under model

constraints that included asymmetric boards.
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When we fit the same mixed effects model structure to the rank by the symmetric
model, also now using errors of other participants (Figure 13 Bottom Right), we no longer
saw an effect: f =-0.053, 95% CI [-0.19, 0.08], p = 0.450, df = 369.

We additionally wanted to confirm the relationship between model fit and the likelihood
of rule discovery without subsetting. For this, we computed an average difference in model
rank (Naive - Symmetric Model) at the participant-level, across the last three boards. Positive
values indicated that symmetric model described the data better than the naive model. We
then regressed this measure against the number of clicks on the half-revealed board at the
population level.

A linear regression shows a significant negative trend (f = -0.1394, SE = 0.0305, ¢ = -
4.57,95% CI[-0.2, -0.0788], p = <.001) confirming that the symmetric model is more likely
to overtake the naive model for participants who completed the half-revealed board with
fewer clicks. This trend persisted when we ran the same analysis on errors only: f=-0.1517,

SE =0.0561, t=-2.71, 95% CI [-0.263, -0.0405], p = 0.008.

Rule-Discovery in Reaction Times

Every black card had a mirror symmetric twin on the other side of the vertical midline.
This is illustrated in Figure 16 (Top Middle), where the numbers illustrate the first (1) and
second (2) of a single pair. A participant who discovered the rule has the advantage that they
only need to uncover a single black card (e.g. 1 in Figure 16 Top Middle) under uncertainty
for each of the pairs. The location of the second of the pair is always certain. Uncertainty and
confidence are often thought to be reflected (and measurable) in participants’ reaction times
(RT) (Kiani et al., 2014). This suggests that rule-followers will show faster responses in

revealing the mirror-symmetric card of an already revealed black card.
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Figure 14: Reaction Time Divergence Chapter V A: Rule-Followers’ (n=37)
diverging reaction times (mean +/-sem) for black cards revealed as 1st (purple) of the
symmetric pair vs 2nd (blue) of the symmetric pair. B: Others’ (n=62) non-diverging
reaction times (mean +/-sem) for black cards revealed as Ist (purple) of the symmetric pair

vs 2nd (gold) of the symmetric pair.

We tested this hypothesis by measuring each participant’s median RT across all clicks
which revealed the 1st of a pair, while controlling for their median RT at each click number
across the game (see Methods). We also do this for all clicks which revealed the 2nd of a pair.
In Figure 14 we plot the mean and standard error of this RT measure for rule-followers (Left)
and other participants (Right), separated by all 1st and 2nd (dashed line) clicked in each pair.

We assess the dynamics of Firsts in each subgroup {rule-followers, others}. To do this,
we applied a linear mixed effects model to the median RT of all Firsts to compare them
across subgroups (comparing the two full lines in Figure 14 across panel Left and Right). We

add round and subgroup as a predictor. This revealed a significant interaction between
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subgroup and round, showing that rule-followers show a significant increase in Firsts (see
increase in full line in Figure 14 Left) relative to the Firsts of others (f = 0.0934, SE =
0.0285, z=3.28, 95% CI [0.0375, 0.1492], p = 0.001). We also find a negative main effect of
round (S =-0.0508, SE = 0.0174, z =-2.92, 95% CI [-0.085, -0.0167], p = 0.004), owed to the
significant decline in RT of Firsts in the subgroup Others (Figure 14 Right), and no main
effect of subgroup (4 =-0.1293, SE =0.1113, z=-1.16, 95% CI [-0.3474, 0.0887], p =
0.245). We then apply the same analysis to Seconds, comparing the two subgroups and find
no effect of subgroup (S =-0.0252, SE =0.07, z=-0.36, 95% CI [-0.1623, 0.1119], p =
0.718). and no significant interaction (f = -0.0202, SE = 0.0179, z =-1.13, 95% CI [-0.0554,
0.015], p = 0.261) but a main, negative effect of round (f = -0.0473, SE = 0.011, z = -4.31,
95% CI [-0.0688, -0.0258], p = <.001), showing that both rule-followers and others show an
increase in speed for seconds as they play the game for longer. Only for rule-followers
however does this increase in speed diverge from a slowing down when revealing the first of
a pair.

We also measured RT divergence by computing each participant’s average difference in
median RT of 1sts minus 2nds for the last three boards (see Methods - RT Difference).

This indicator of RT divergence was regressed against the participant’s number of clicks
on the last board and verified a significant association between RT divergence and near
optimal behaviour on the last board: f =-0.0187, SE = 0.0072, ¢t = -2.58, 95% CI [-0.033, -
0.0043], p=0.011.

The difference in time taken to make a choice between firsts versus seconds of a
symmetric pair is predicted by rule-following. The reduction in uncertainty that is gained by
discovering the rule was potentially what was reflected in faster responses for certain

locations.

151



Mouse Movement Direction

Rule-followers can theoretically be more certain about the location of a second member
of a pair after revealing the first. If rule-followers tend to ‘cash-in’ the new, certain black card
after discovering the first of a new pair, we would expect more horizontal mouse movement
after rule-discovery. A second reason to expect more horizontal movement, is that the search
pattern of the mouse cursor might move to guide or reflect movement of their eyes and
attention, as participants compare the position of a revealed card on the left to the same
mirrored position on the right (or vice versa).

We computed the motion direction of each participant’s mouse cursor to test this
(Figure 15 Left for illustration). We subtracted the per-participant sum of the absolute
distance (right and left, in both directions) travelled along the x-axis from the sum of the

distance travelled along the y-axis, per round.
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Figure 15: Motion Direction Left: Illustration of motion direction measurement.
Grey connected dots show the trace of the recorded mouse cursor positions across one
round by one participant. Summed absolute movement along the horizontal plane (X) is

computed separately from the total absolute distance travelled along the vertical plane (Y)
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Right: Mouse Movement Direction: for each subgroup we show means (+/- standard error
of the mean) of horizontal - vertical (X-Y) movement per game round. Higher values on

the Y axis of this figure indicate more horizontal movement than vertical movement.

In Figure 15 right we show the population mean (+/- sem) motion direction (absolute
movement along x-axis minus absolute movement along y-axis) across participants, divided
into two groups: those who likely discovered the rule and those who did not. A higher value
on the y-axis indicates that participants showed more horizontal movement than vertical
movement. A mixed effects model in which we predict the rule-followers’ motion value by
the numerical predictor of game round (and participant ID as random effect), finds the slope
to be significantly positive: = 0.04, SE =0.0107, z = 3.75, 95% CI [0.0191, 0.0609], p =
<.001. This is also still the case for the other subgroup, with a smaller coefficient: = 0.0317,
SE =0.0101, z=3.14, 95% CI [0.0119, 0.0515], p = 0.002. A Welch test between the two
groups, using individuals’ average motion energy across all rounds, however, testifies that
rule-followers made overall significantly more horizontal cursor motions than naive
participants: = 3.807, p = <.001. We also regress the motion direction against the board
number (per person) and retrieve a coefficient for each participant. A linear regression of
these coefficients against the person-specific number of clicks on the last board showed a
negative, but not statistically significant trend = -0.0017, SE = 0.002, ¢ = -0.84, 95% CI [-

0.0056, 0.0023], p = 0.402.

Discussion

We presented a task in which participants had the opportunity to discover a spatial rule.

We showcased analyses that were in parts inspired and validated by dynamic reconstructions
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of participants’ game play and will extend this list of measures of discovery behaviour in
chapter VI.

About 40% of participants made the discovery and as a result, became significantly
better at the task. We introduced a last, half-revealed board on which the optimal number of
clicks was indicative of having had the right hypothesis about the spatial pattern and of
participants using this rule to guide their action choices. We showed measures both within
pre-registered subsets of the sample and in relation to a continuous measure of performance
across the full sample.

A model that took the symmetric constraint into account provided a better rank of rule-
followers choices (hits and misses) and mere errors, showing that the error distribution
shifted away from choices that were inconsistent with the symmetry rule. This was not the
case for the remainder of the population (other). Reaction time analyses showed that rule-
discovery was reflected in the certainty which rule-followers gained after they discovered one
of an unrevealed symmetric pair. This was not the case for participants in the other group.

Note that suboptimal performance on the half-revealed board does not show that
participants did not discover the rule. Participants who made multiple errors on the half-
revealed board, may have had the right hypothesis in mind, but might not have accepted it or
might not have been able to apply it.

Indeed, a decline in rank of the symmetric model when considering only naive
participants indicates that some participants in our naive subgroup probably did notice the
symmetric pattern and incorporated some of this knowledge into their choices, despite
making too many errors to meet our pre-registered exclusion criterion for rule discovery.
Nearly all participants who ended up in our pre-registered subselection of rule-followers

could name the symmetry rule explicitly, but a handful of participants in the remaining group
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also named it correctly. Our pre-registered selection criterion for rule-discovery misses a few
participants whose performance was uncorrelated with their discovery of the rule.

This interpretation is consistent with our finding that participants who were not in our
rule-following subgroup still showed a significant increase in left-right movement over time,
even though this was steeper and generally higher in rule-followers. It is possible that
participants who do not discover the rule explicitly, still learned implicitly about the
distribution of black cards and adjusted their search behaviour accordingly. A regression
between clicks on the last board and the regression coefficient of individual increases in
horizontal motion also showed the expected relationship, though this did not reach
significance, again indicating that both the number of clicks and the motion metric are no
direct measures of discovery, but that they do correlate, both with each other and an explicit
discovery of the rule.

Unlike LeGris et al. (2024), we did not query (via self-report) if participants discovered
the rule via a sudden insight. We thus make no claim that rule-followers discovered the rule
in a discontinuous fashion. The task does however make it possible to discover the rule from
one moment to the next.

Continuous measures in a rich task environment provides rich data open to a range of
analysis options, of which we have only shown a few. As viewers of reconstructed games
may notice, dynamic reconstructions make it apparent that many recorded behaviours remain
unexplained and underexplored, particularly in the mouse movement. Our focus in the use of
this task was to explore measures of metacognition in chapter VI. But future studies can
extend the measures we have presented here to identify fine-grained behavioural predictors of
cognitive discovery that discriminate rule-followers from those who remain oblivious.

The examples of LeGris et al. (2024) and our own, show that observations of dynamic

reconstructions can inform hypotheses and measurement, especially in empirical domains
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where quantitative measures are just being developed as is the case in e.g. fine-grained
behavioural markers of discovery or models of the self.

We suggest that dynamic reconstruction can also give rise to new experimental designs
that are tailored to zoom in on behavioural patterns that were only observed in the subset of
participants in the first sample. In the present study, we for instance observed what we called
‘freezing’ behaviours, in which, at a moment of high uncertainty, participants would move the
mouse cursor outside of the response space and suddenly stop moving, before moving again
with a straight line at rapid pace to a location which they then clicked without any further
search, which gave the appearance of ‘stepping back to think’, akin to a person stepping back
from a painting to try and notice any patterns they might have missed. One interpretation is of
course that our theory of mind overinterprets such behaviours, but another possibility is that
this behaviour is an epistemic action as introduced in chapter I, i.e. an action that aids a
cognitive process. The analysis of this action could thus help to understand the cognitive
process or help to know whether and how such an action does in fact lead to improved
performance (probability of correct clicks after the freeze). We quantified and captured this
behaviour, moving back and forth between the measure the dynamic reconstructions. Scaling
a functional measure to the whole sample however showed that only a handful of participants
showed this behaviour. This is the point at which the experimenter has two choices: discard
the analysis (this was our choice in this case) or, if the researchers still have a hunch they
might be onto something, design a new experiment which zooms in on that behaviour
(Figure 10 (t3))

Dynamic reconstructions cannot be used to provide statistical support for hypotheses,
but we suggest it could be used to generate them. How can experimenters ensure that they not

only exclude known hypotheses by inquiry, but continuously remain open to uncovering
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other plausible new hypotheses and measures and behavioural markers? We suggest we make

use of our very own interpersonal inference machinery.
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Chapter VI

Abstract

We study peoples’ metacognitive model of their own learning dynamics in a spatial rule
discovery task. Participants who made a discovery are later asked to re-enact their own
behaviour of how they transitioned from an epistemic state of ignorance to knowledge.
Through a comparison between participants’ behavioural markers of playing the game for
real, and their behaviour during re-enactment, we were able to discern systematic successes,

failures and biases in participants’ simulations of their former selves.

Introduction

“The Empirical Self of each of us is all that he is tempted to call by the name of me. [...]
We are dealing with a fluctuating material” (p.291, James, 1901)

In the last chapter, we showed that we can measure how people transition from a state of
ignorance about a rule to a state of knowledge about this rule. Behavioural markers in
reaction times, number of errors and types of errors, mouse movements and self-reports,
indicated a representational shift between epistemic states.

In chapter VI, we now want to propose that we can use that same task to study peoples’
models of themselves during epistemic state transitions. We will do so by asking them to re-
enact the behaviours associated with the transition, i.e. ask them to act as if their cognitive
state was different than it actually is. Acting in accordance with a counterfactual epistemic
state we assume to require participants to access the cognitive processes that gave rise to the
behaviours that are particular to that counterfactual state. We posit that those behaviours
which are accurately re-instated, are retrieved from cognitive processes that are included in
peoples’ models of themselves, whereas systematic failures or biases in acting behaviour
might indicate cognitive processes that are out of model reach.
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We present an exploratory experimental design which leans heavily on Mazor,
Firestone, et al. (2024), who used an epistemic pretence condition, during which participants
made a series of choices while pretending nof to know something that they did in fact know.
This was a condition intended to elicit self-simulation, or in other words: a condition which
asked participants to run their self-model forwards. The utility of forward-runs is thought to
be one of the reasons we have self-models at all: compressed and structured representations
of our (past) actions, preferences and goals allows us to make predictions about how we will
act in the future and fill in the memory gaps of how we acted in the past (Mazor, 2025). Self-
predictability (which necessitates some self-consistency) has implications for the actions we
take to accomplish long-term goals, commit to tasks or to relationships (Bodner & Prelec,
2003). Such model(s) of ourselves likely rely heavily on our memories of how we have acted
and felt in the past, as well as on cultural expectations and the labels we are assigned to by
others.

Self-knowledge of our consistent tendencies and preferences (e.g. “I have always
enjoyed gardening, so [ am likely to enjoy the job in the botanical gardens”) is as useful as
models of how we change: of how we ‘change our mind’, undergo a ‘change of heart” and
how we learn or ‘update’ our self-model. Sometimes, it turns out that we are not the people
we thought we were. According to McCoy et al. (2019), 75% of participants said that they
learned something new about themselves, when they had to make personal choices over
fantastical scenarios that they were presented with (e.g. ‘becoming a vampire’), showing that
self-simulation of counterfactuals and even impossibilities (through what the authors call
‘modal prospection’), is both possible and experienced as informative. As the introductory
quote by William James suggests, models, including those of the self, are subject to revision
and usefully so: Paul et al. (2023) propose that this adaptiveness is what provides a cohesive

reference (or indexing) function to an agent in shifting contexts. The flexibility of the
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construct is also stressed in Dennett (1992), who suggests that narration is the primary force
driving the experience of selfthood.

We were particularly interested in peoples’ ability to model the effects of inner change
and tackle the question at a lower level of abstraction. We asked to what extent people have
access to the cognitive processes that underpin a shift from ignorance to knowledge. There
are a few reasons to study self-simulations of counterfactual knowledge states. Consider just
two: simulating counterfactuals is both common-place (consider for instance, the case of
lying (Oey et al., 2023), where people might pretend that they are in a counterfactual state of
knowledge, hiding secrets and lying that they do not know something); and often plays a
central role in questions about ethical conduct (consider for instance, the case of spy-craft
(Fabre, 2022), where an act such as a lying might be considered morally permissible if,
counterfactually, truth-telling would put informants in danger).

The concealment of one’s true inner state plays some role in most interactions people
have (consider the case of ‘putting on a brave face’). Second, knowledge states can easily be
manipulated experimentally, by showing or telling participants information that they
previously did not have access to. Third, Mazor, Firestone, et al. (2024) already showed that
quantitative behavioural measures of participants pretending not to know something, can
provide insight into the boundary of what is and is not included in peoples self-model and
furthermore what biases these models might be subject to.

As mentioned in the previous chapter, many results from the metacognitive research
community show that metacognitive access is incomplete. Consider just two examples. Levin
& Angelone (2008), who asked participants to predict and assess their perceptual abilities in
tasks that are known to showcase perceptual inaccuracies (such as change blindness). The
authors found large overestimations in peoples’ self-evaluation. In an absent/presence

detection task Schipper & Mazor (2025) show that metacognitive judgement about absence
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was modulated by an incorrect belief about what feature made stimuli harder to detect.
Participants’ belief about perception was not true to their actual perception. With the method
of acting, Mazor, Firestone, et al. (2024) too find inaccuracies, but also shows that
participants are able to put on a convincing act.

In Mazor, Firestone, et al. (2024), participants played games (such as Battleship), in
which they knew the correct answer, but were incentivised to act as if they did not know the
solution. In a within-subject comparison between actions taken in ‘pretend-games’ versus real
games, Mazor, Firestone, et al. (2024) found that participants who acted made choices that
were more rational than chance, indicating that they did not just behave randomly.
Participants also accurately reflected the varying difficulty of different game rounds, by
varying their number of guesses. The spatial distribution of choices was significantly
correlated across playing and acting games and actors also emulated reaction time differences
between hits and misses, as well as the uncertainty of the game state. Moreover, in the
behavioural deviation from real games Mazor, Firestone, et al. (2024) found evidence for that
acting choices were retrieved from a generative, model-based self-representation: participants
showed a regression to the mean (underestimation of difficulty in hard game rounds and
overestimation of difficulty in easy rounds) and their choices had lower entropy. This is in
line with expectations if one assumes that action choices are guided by a generative,
compressed model of memory for actions, biased by distortions towards prototypically
(Spens & Burgess, 2024).

We want to extend this work. To show how, we now briefly refresh the task that we
introduced in chapter V. Participants turned cards on a grid, aiming to find the remainder of a
set of black cards, whilst avoiding white cards. They could discover that a secret rule
determines the locations of black cards: blacks are arranged symmetrically left and right of

midline.
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In the present study, participants who do discover the rule (i.e. we select the class of
rule-followers and discard the class ‘other’), will repeat the same task once more, except that
now, just as in Mazor, Firestone, et al. (2024), the correct locations are marked with a visible
cross, so that participants have access to two kinds of information at all times: they know
exactly where the black cards are hidden and they know about the symmetric arrangement.
When participants in Mazor, Firestone, et al. (2024) acted, they were in a state of knowledge
and acted as if they were ignorant at all times. In our study, we will instead require that actors
pretend to transition between a state of ignorance to a state of knowledge. Our design also
differs in that we increase the temporal distance between playing the game for real and
acting. This ensures that we have access to groundtruth behaviour (playing for real) within
the same participant, but we can also exclude the possibility that participants are merely
recalling their action sequences by explicit memory, rather than eliciting their self-model.
Akin to Boger et al. (2025) who found consistency between random sequences generated by
participants across sessions with a long temporal delay, we also intend to elicit a generative
model of choices, which, albeit likely based on memories of previous experiences of
discovery, should not be based on direct memory of choices participants made when playing
the game for real.

In chapter V, we presented a task in which an immeasurable (at least directly) cognitive
transition from ignorance to knowledge is accompanied by shifts in behaviours. In chapter VI
we now present another sample in this task. We then elicit participants inferences about how
their own actions reflect an epistemic state transition. We do this by asking participants to
reinstate their own behaviours without them being able to remember what they did exactly. A
within-subject comparison between playing and acting along several behavioural markers of
discovery, is expected to show some structure that is maintained, but also some systematic

failures to replicate actions from real games faithfully. This is a feature of the design: we
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interpret behaviours that are not re-instantiated as resulting from cognitive processes that are
not accessible to the person at that time, or indeed that the behaviours are not part of the
person’s model of how they behave when they make a discovery.

Our hypotheses about failures to re-instate behaviour faithfully, mostly concern the
period before discovery. An intuitive reason as to why was introduced in chapter V: discovery
remains an elusive phenomenon, one which we not only struggle to predict experimentally
(Popp et al., 2024), but which we also often fail to find an explanation for in our personal
lives. Academics cannot, for the most part, plan to have an idea or a new hypothesis on any
given morning. This inquiry about where hypotheses come from (Dasgupta et al., 2017) and
how we might shape what and how many hypotheses come to mind (Bear et al., 2020), by
using metacognitive access to this process, is important (it could e.g. reduce prejudice,
alleviate depression or facilitate scientific progress). Humans probably know more about how
they select between explicit hypotheses (Klayman & Ha, 1989), than how the hypotheses
came about (Johansson et al., 2006; Nisbett & Wilson, 1977), which is why we suspect that
participants in our task will struggle to know what actions led them to make a discovery
during play. We expect participants are less likely to re-enact the errors and search patterns
that led them to notice the symmetry pattern.

We also expect that subtle behavioural markers of the ignorant knowledge state will not
be part of the re-enactment. Failure to truly ‘delete’ known information from the behavioural
markers is intimately tied to knowing what actions were taken prior to discovery. The actions
that facilitated discovery were taken in a state of ignorance, but fully adhering to ignorant
actions might be hard when one is knowledgeable. Intuitively speaking, in the theatre, the
actor knows that they are not really Hamlet, which is why they need years of training to
convince anyone that they in fact are. Empirically, Mazor, Firestone, et al. (2024) found

systematic inabilities to ignore knowledge, as was shown in a letter guessing game, in which
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a word was partially revealed and in which players, who did not know the true, infrequent
word, had biases towards guessing particular letters as common words sprung to mind more
easily. Actors, who knew the true, infrequent word, however showed a skewed distribution of
letter guesses towards the true words. They guessed letters that an ignorant participant would
rarely guess and could not prevent the leakage of secret information into the action sequence
or hypothesis generation process. We expect similar effects in our study. We pre-registered
the assessment of differences across conditions and knowledge states along several measures
which are detailed in the methods sections: the number of clicks to completion, the rank of
choices and errors by models of different constraints, two different reaction time patterns,
horizontal mouse movements and hypothesising. We expected to find evidence of distortions
in behaviour, such as evidence for more drastic behaviours than during game play, which
would be evidence in line with Mazor, Firestone, et al. (2024), who also found ‘over-acting’
and systematic distortions towards prototypicality (Hemmer & Steyvers, 2009; Kerrén et al.,
2024), suggesting that participants retrieve a generative model when they act.

Re-enactment is a powerful metacognitive research design framework, because it can in
principle be applied to any behaviour of interest and does not assume that a metacognitive
process need be explicit. Metacognitive access (or improvement) can be examined by asking
people to run the model of that process forwards. We here introduce a high-resolution,
within-subject design which provides us with a ground truth of how each participant did in
fact behave and allows us to analyse differences in subtle behavioural markers of an

epistemic shift.
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Methods

Participants

The research complied with all relevant ethical regulations and was approved by the
University of Oxford Central University Research Ethics Committee (code R90986/RE002).
Participants were recruited via Prolific and gave informed consent prior to their participation.

To be eligible to take part in this study, participants’ Prolific approval rate had to be 95%
or higher and their reported first language had to be English. We sample within the USA and
the UK. Participants were instructed that they could only enter the game if they were not
using a tablet/smartphone.

Participants were paid £9/hour. We paid £1 bonus payment to all rule discovers in part 1,
and for part 2 we paid an additional £1 to the top 30%, who were ranked in terms of their
difference in total number of clicks in round 2 versus 1. We then paid an additional £4 to the

top 3 participants in that ranking.

Exclusions

We collected 218 participants in part 1, 14 of which were excluded based on having
used a tabled (exclusion method as described in Chapter V). As pre-registered (Cremer &
Mazor, 2025b), we invited only participants who met our criterion for rule discovery to join
part 2. 119 participants had an accuracy of 100% on the 2AFC test. 47 of them named the
rule explicitly (‘symmetric’,‘mirrored’). 14 additional participants did not name the rule but
also had 100% on the 2AFC test and less than a single error on the half-revealed board. Due
to the low rate of participants who explicitly named the rule, we amended our pre-registered
plan and included those 14 participants in the set of participants who were re-invited.

52 out of 61 participants we invited to participate in part 2, returned to the study. We

excluded all participants who did not make any errors on the first board played or who gave
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clearly incorrect responses in our comprehension check in which they were asked to describe
their task (descriptions did not however need to be complete). As per our exclusion criteria,
we excluded 8 participants, six of which did not make an error in the first round. This
resulted in a sample of 44 participants. One participant was excluded (only) from the RT
analysis because their median RT on the first click was more than four times larger than the

average median RT of participants in the cohort.

Design

We constructed a within-subject, two-parts experiment. We will briefly describe the
structure of the two experiments and how they relate, before diving into the details of each

part in the next section.

Initial State Play Final State

s " 0"

PART 1
(Play)

(Act)

]

Figure 16: Illustration of Design Chapter VI Three exemplary board states in Part 1
(top) and Part 2 (bottom). Yellow indicates unrevealed grid locations. White indicates that a
revealed location did not contain a target. Black indicates that a target was revealed. Top

Left: The initial state of a board (each round starts with a new board) as seen by a
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participant playing Part 1. Their goal is to reveal the rest of the 10 black cards that are
hidden underneath the yellow cards. Participants may discover a hidden spatial rule: black
cards are symmetrically arranged along the vertical midline. At first sight of each board,
one black card from a distinct group (a connected set of black cards of size 2-4) is already
revealed. Top Middle: Participants play by revealing cards via a mouse click. If they
reveal a white card, they lose 1 point. We show errors (two white cards framed in red left
and right of the vertical midline) which reveal that the participant does not play this round
in accordance with the spatial symmetry rule. A rule-follower knows that the symmetric
twin of an already revealed white card is predictably going to be white. Top Right: The
final state of the board once all black cards have been revealed. The remaining yellow
cards fade into white. Bottom Left: The initial state of the same board as seen by the same
participant in Part 2. The cross hints now show all locations of black cards at all times.
Participants in Part 2 now know the symmetry rule and the locations of black cards during
the full game. Bottom Middle: Their goal is now to play this board as they did when they
only knew what they knew in that round of the game in Part 1. Here we show an ideal case
in which the participant in Part 2 replicates the exact errors they made in Part 1, including
the symmetric errors that are a result of not knowing the rule. Bottom Right: Final state of

the board once all black cards have been revealed.

In Part 1, participants played the same game as in chapter V with minor variations
(Figure 16 Top Row). To recap the main structure of the game: participants were presented
with a grid of black and white cards, hidden behind a yellow cover. Upon a mouse-click, the
hidden card was revealed. Participants were asked to uncover all black cards while revealing

as few white cards as possible. Each white card subtracted one point from their total initial
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game score. During the game, participants had a chance to discover that target locations are
predictably arranged according to a spatial rule: mirror-symmetry along the x-axis.

After two weeks, participants were invited to play Part 2. They then completed the exact
same game again, except that this time they were told that their goal is to act exactly as they
did previously. This required them to perform in accordance to a counterfactual (pre-
discovery) knowledge state in the first rounds, because they now both knew the spatial
symmetry rule and the locations of black cards (which we marked with a cross; Figure 16
Bottom Row).

We will compare Part 2 against Part 1 across our behavioural markers of learning to
assess whether there are systematic biases and failures in retrieving the cognitive processes
which led to participants’ discovery behaviour in Part 1.

Since part 2 required participant to act as if they do not know the location of black

cards, we will refer to part 2 as ‘Act’ in distinction to part 1, which we refer to as ‘Play’.

Procedure

Part 1/ Play

Where this part of the study deviates from the design described in chapter V, we show
the description in bold. The game we describe in this section can be accessed via the
following link: https://carlacremer.github.io/discovery play memory 2/.

Participants were told that the experiment is part of a two-part experiment and that they
would be paid after completing both parts. They were then instructed about the rules of the
game.

Their goal was to reveal all 10 black cards while revealing as few white cards as
possible. Participants started the game with 200 points and lost 1 point for every white card
uncovered. A scorecard on the screen showed participants’ remaining points. Participants
were informed that black cards are arranged in groups of size 2, 3, or 4 and that group corners
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may touch. At the start, each board had a single black card per group already revealed
(Figure 16 Top Left). The black cards that were already revealed were never a mirror-
symmetric pair along the vertical midline.

A participant played 4 boards, each of which presented a new arrangement of 10 black
cards (see Figure 17 A; we shortened the full game to 4 boards + one special, half-revealed
board, to reduce the cognitive load for participants in part 2.) Each person played the same
unique boards, and their order was randomised across participants. During the instructions,
participants passed comprehension checks and were shown explanatory images. They also
played one practice board in which they uncovered a single group (a two-row horizontal bar)
of black cards (which was symmetric along both the x and y-axis).

Before they begun, participants were told that black cards are arranged according
to a simple, secret rule, which, if discovered, will help them retain points (we introduced
this change to increase the number of people who discovery the rule and can be reinvited to
part 2). The rule was that all black cards in all boards are arranged symmetrically (Figure 17
C). Participants who discovered the symmetric spatial arrangement could retain more points
(avoid revealing white cards) than those who did not. For each new black card revealed, there
was one more correct location (the symmetric twin) that could be known to the rule-follower
immediately.

After the last black card of every board was revealed, an animation showed the gradual
fading of all cards except all black cards, which momentarily highlights the symmetric
arrangement (Figure 16 Top Right). After 4 rounds, participants were given specific
instructions to play one more board. They were told that this board contains 14 black cards,
exactly half of which are already revealed (Figure 17). Unbeknownst to them, the hidden
black cards on this board were always the mirror-symmetric cards of cards that are already

revealed. This board was the same for all participants and was always shown last. A
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participant who understood that the rule does not, in theory, need to incur the cost of
revealing any white card on this board.

Participants were given no time constraint. In a short pause between each board played,
participants were told about the loss they incurred in the last round. They could then take a
self-paced break. They were shown an image of a coloured number that marked the identity
of the upcoming round (Figure 17 A). They clicked a button to commence the next round.

In between rounds 3 and 4, participants were asked if they had already discovered the
rule and if they could name the rule by typing a single-word description into a response box.

After all boards have been completed, participants were asked again if they discovered
the rule, if they can name the rule, and at what point they discovered it. For this last
question they were shown all coloured numbers (which marked the rounds of the game) and
selected one of the given response options (a round number or “I didn’t discover it”). They
then completed five 2AFC trials in which we tested their ability to distinguish between
boards that follow the rule versus that did not. On every trial, participants were shown two
boards (Figure 17 D) that followed the rules of the game (group size between 2-4, 10 black
cards, corners of groups may touch). One of the boards (in randomised order) was
symmetrically arranged along the x-axis (Figure 17 D Top) and the other was either
asymmetrically arranged (Figure 17 D Bottom) or symmetric along the y-axis. Participants

were instructed to click on the board which followed the secret rule. They got no feedback.
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Figure 17: Second Illustration of Design Chapter VI A: All unique boards (showing
final state) played during the first 4 rounds. Each board is symmetrically arranged along the
vertical midline and associated with a coloured number, indicating the round (timepoint) in
which the board is played. The order in which the first four boards were seen was
randomised across participants. B: Top: The last round always showed this half-revealed
board (number five), in which exactly half of all (14) black cards were already revealed.
One of each mirror symmetric twin was already revealed. Participants who know the
symmetric rule can complete this board without revealing any white cards. Bottom: We
showed the same half-revealed board in Part 2. All black cards are marked with a cross. D:
Example of one of five 2AFC trials which were played after the game. Participants were

shown two boards and were asked to select the board in which the arrangement of black
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cards follows the rule. One of the boards (framed in green) was an arrangement which they
had not previously seen but which followed the symmetry rule (along the x-axis). The other
board (framed in red) was an asymmetric board which otherwise followed the rules of the
game or the same board as the correct board but flipped to be symmetric along the y-axis.
The coloured frame is added here for illustrative purposes only and was not shown to

participants.

Part 2/ Act

Two weeks later, participants who discovered the rule (see section exclusions) were
invited to join Part 2 (Act). The game we describe in this section can be accessed here:
https://carlacremer.github.io/discovery act memory 2/.

First, participants’ memory of the game rules was refreshed. Participants were then
informed about a change in how the game is to be played. An illustrative image showed
participants how cross hints now indicate the locations of all unrevealed black cards at all
times (see Figure 16 Bottom). The instructions now also revealed the secret rule: “Black
cards are always arranged symmetrically to the left and right of the midline.”

Participants were then informed that their goal in Part 2 is to reconstruct their own
behaviour from Part 1.6 Rather than trying to remember their exact behaviour, participants

were asked to “think about how you would behave if you only knew what you knew then”.

® We briefly list the exact wording of the instructions we used, because the experiment is
instructions sensitive. Our phrasing included relevant sentences such as: ‘Can you play part 2
so that it resembles how you played part 1?°, ‘In each round, just try to think about how you
would behave if you only knew what you knew then.’, ‘Can you play the game like you did
when you didn’t know the locations of black cards?’, ‘this experiment is about whether you

can behave like you would if you didn’t know something that you actually already know.’,
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The instructions reminded participants that in Part 1, they did not know the symmetry
rule at first. We added a comprehension check with multiple options to choose from
(comprehension check 1) to test if participants understood that they must only use their
knowledge of the symmetry rule from the timepoint at which they in fact came to know it in
Part 1.

They were informed that their behaviour in Part 1 will serve as the ground truth for their
behaviour in the counterfactual knowledge state and that their clicks, reaction times, and
mouse movements will be recorded and compared. They were reminded that their bonus
payment now only depended on how closely their Part 2 gameplay resembled their Part 1
gameplay (including their errors). They were informed that the maximum bonus for Part 2 is
$5. Before participants began, we asked them to describe the task in detail by typing a
description into a response box (comprehension check 2).

Before each new round, participants responded to the question “When you played round
[round number] last time, had you already discovered that black cards are arranged
symmetrically?” with either yes or no. All else remained as it was in Part 1. Each participant
played the exact same order of boards that they played previously. Before the half-revealed
board, participants were reminded of the instructions they got in part 1 before this board but
were told again that their goal remained as specified in part 2: to act as if they only had the
knowledge they had at the time. At the end participants answered two debrief questions: 1) if
they acted as if they had discovered the rule, and if so, how; and 2) what they thought of the

experiment. In a previous pilot study, we had added a short memory test before part 2 began,

“Your bonus now only depends on how closely today’s game play (with knowledge)

resembles your previous game play (without knowledge).’
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to measure if participants remembered which board arrangements they had played. We found
no above chance memory recall after two weeks.

Optimal behaviour in the task demanded that participants simulate a counterfactual state
of mind which depends on the timepoint of the game: in early rounds they must act as if they
neither know the symmetry rule nor the location of black cards, while in later rounds they
must act as if they have discovered the symmetry rule but are still unaware of the exact
location of black cards. Can participants re-enact the discovery of a rule even though they

already know it?

Dynamic Reconstructions

We used generated and used reconstructions of all 44 participants as described in
chapter V. We make several of these reconstructions available to the reader via the following
link: https://carlacremer.github.io/reconstruction_VI/. A sample of participants’ game play
can be observed in each round in both Play and Act. We show a static reconstruction in
Figure 18 A and illustrate that observations of dynamic reconstructions were an input to the
range of measures we used (Figure 18 C).

Reconstructions were implemented as described in chapter V, methods section.
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Figure 18: Illustration of Behavioural Measures of Knowledge States & Method
of Reconstruction A: Static Reconstruction of Board Played by 1 Participant. Dot motion
traces mouse movement over time (earlier = blue, later = red). Numbers indicate click
order. Black cards with no number were already revealed. Click on black cards =
successful click. Click on white card = Error. 1st are the set of black cards that were
revealed as the first of a symmetric pair. 2nds are the set of black bards that were revealed
as the second of a symmetric pair. Correct hypotheses are hovers over unrevealed black
cards but not clicking on them B: Interpolation points tracing the recorded mouse cursor
locations (from A). Sharp angles were analysed and here visualised to label timepoints of
potential decision events. Cursor locations were used to compute directional movement
along the horizontal and vertical direction of the screen. C: Measures were generated,

refined and revised by observing reconstructions of games played.
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Behaviour Markers of Discovery

The model-based analysis, RT divergence and mouse motion direction analysis are as
described in chapter V. We add three additional markers: hypothesising behaviour, hesitation

behaviour and self-reports. All new methods are described below.

Knowledge-State-Dependent Constraints

The naive and symmetric models were constructed just as described in chapter V,

methods section.

RT Divergence

As described in chapter V, methods section. See illustration of measure in Figure 18 A:

1st and 2nd.

Motion Direction

As described in chapter V, methods section. See illustration of measure in Figure 18 B:

Directional Movement.

Participants’ Hypotheses

In this chapter we add an analysis of hypothesising, which we define to be actions that
indicate that a participant is considering a particular location, but does choose to reveal that
location at the time.

We capture hypotheses by analysing participants’ mouse cursor movement. A cursor
position is recorded throughout the experiment. We trace the trajectory across each board
(Figure 18 B) and mark angles (between 30-180 degrees) as potential decision points (see
marked, golden areas in Figure 18 B). Within this range of redirecting movements, we select
all phases in which a participant hovered over the same unclicked card for more than 500

milliseconds. If they did not click on this card, we consider this event a hypothesis, i.e. a click
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that might have been committed to, but which the participant decided against after
considering it. If the location was clicked on during a later, different hover period (the mouse
must have left the location once), it is still counted as a hypothesis at that time. In part 1,
these hypotheses were therefore falsely rejected hypotheses about the true location of a black

card. In part 2 these actions were based on insider knowledge.

Hesitation

We define hesitations as the time passed between the selection of a location by mouse
position and the click event (Figure 18 A: Hesitation). We previously defined RT as the time
between the previous click and the current click. Hesitation is the time between the last
timepoint in which the cursor was outside the selected card and the current click. For
instance, a hesitation of 200 ms means that the player waited 200 ms from the moment of
entering the card with the mouse before clicking.

For every row of x and y coordinates which recorded mouse cursor position on screen,
we identified whether the card over which the cursor was located, was the same or different.
For all (rows) recorded entries in which the cursor remained over the same card, we added a
distinct ID number (per participant, per board). We identified all IDs in which a click
occurred. This click moment (row) was labelled as either black (1) or white (0). We took each
click made and calculated the difference (in ms) of time passed between the start of the
uninterrupted hovering over the card that was clicked (identified by it’s unique ID), up to the
moment at which the click was made. This difference in time (converted into seconds) is

what we referred to as a hesitation.

Self-reports of Knowledge State

8 participants did not enter a timepoint of discovery (they had the options of choosing ‘I

did not discover it.”) in Play or Act, despite being able to name the rule. This also means that
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some participants who did provide a round number, maybe did not remember or were unsure,
but gave a (therefore unreliable) response anyways. We chose, in violation of our pre-
registered plans (Cremer & Mazor, 2025b and Appendix B), not to use the individual’s self-
reported discovery round to split the data per knowledge state, to avoid having to exclude
those participants, based on an indicator that likely is only an approximation of the discovery
moment. We instead chose to label pre and post-discovery rounds in accordance with the
most frequent reported round of discovery (see Results Section, which also matched our three

previous pilot experiments in which we had found a marked drop in errors in that round.

Statistical Analyses and Software Packages

Data analyses were conducted using Python 3.10.13, in particular NumPy 1.26.4 and
Pandas 2.2.2, figures were generated using Matplotlib 3.9.2 and Seaborn 0.13.2. Experiments
were coded in Jatos (Lange et al., 2015). Rank was computed using SciPy 1.13.1. Mixed
effects models were computed using Statsmodels 0.14.2.

We deviated from the pre-registered plan to mostly run ANOVAs using knowledge state
and part, since not all participants showed the behaviours, we were testing in all factor
combinations which thus reduced our sample size. To ensure we made use of all the data we
collected, we mainly used simple linear mixed effects models in which we added each
participant as a random factor (Wilson & Collins, 2019). When we used two predictors, we
report interaction effects. Where appropriate, we verified the results with t-test, Welch test
and ANOVAs, but do not report them all here. All our following analyses on behavioural

markers of discovery are based on data from the first 4 boards, as per our pre-registration.
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Results

Self-Reported Timepoint of Discovery

13 out of all 44 participants indicated the same round as their round of discovery across

both part 1 (play) and 2 (act).
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Figure 19: Discovery in Reports and Clicks to Completion Chapter VI A: Game

round in which discovery of symmetry was made, according to self-report: Count of self-

reported discovery round in Play (columns) vs Act (rows). Diagonal entries and their

values show number of participants (13) whose self-report was consistent across Act and

Play. B: Performance measured in clicks to completions (ideal performance is 7 clicks),

showing average number of clicks per game round in Play vs Act.

Figure 19 A shows how many participants reported each round = {1,2,3,4,5} as their

discovery round in both Play (columns) and Act (rows). Most participants did not remember

exactly when they discovered (or reported discovery) by the time that two weeks had passed.

Participants tended to report discovery in round 3 during both play and act. In part 2,
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participants were not far off the judgement they gave in part 1. For instance, no participant
who said they discovered the rule in round 1 during Play, said they discovered it in round 5
during Act. A chi-square test does not consider the distributions of responses to be
independent (}*(16) = 30.2333, p = 0.0168).

To analyse the effect of knowledge state (ignorant versus informed about the symmetry
rule) on the measures to follow, we split the boards in half and label the first two rounds as
‘pre-discovery’ and the last two as post-discovery. This is our categorical label of knowledge
state, based on the most frequently reported round of discovery. We illustrate this in Figure 17
A the first two rounds are labelled pre-discovery, i.e. as the naive knowledge state

(knowledge state = 0). The last two rounds are labelled post-discovery (knowledge state = 1).

Number of Errors

We measured performance by the number of clicks to completion. Participants showed
improvement with the number of rounds played. This was the case for both Play and Act.
They used fewer clicks (thereby revealing fewer white cards and retaining more points) over
time.

In Figure 19 B we plot the mean and standard error of clicks to completion across
participants in each condition. The minimal number of clicks required to complete each round
was 7.

Based on pilot studies, we expected a main effect of acting, with fewer clicks (in part 2)
showing an overestimation of their abilities to uncover black cards.

We apply a mixed effect linear regression in which both condition {Play, Act} and
knowledge state {0,1} were categorical predictors of the number of clicks. Individual

participant IDs were modelled with individual intercepts, as random effects.
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When acting, participants made significantly fewer errors, as is shown by a negative,
significant main effect of Act relative to Play: f=-3.7273, SE = 0.5415, z = -6.88, 95% CI [-
4.7886, -2.666], p = <.001.

The task was constructed such that the discovery of symmetry allowed participants to
retain points by avoiding white cards and completing each round with fewer clicks. We thus
expected a main effect of knowledge state with fewer clicks after knowledge is acquired, or
participants act as if knowledge was acquired.

The effect of knowledge state was significant, yielding a reduction in the number of
clicks as is expected by the knowledge about symmetry: f = -3.4659, SE = 0.5415,z=-6.4,
95% CI [-4.5272, -2.4046], p = <.001. The interaction effect was insignificant (f = 0.9432,
SE =0.7658, z=1.23, 95% CI [-0.5577, 2.4441], p = 0.218), showing no deviation for how
much knowledge acquisition reduced the number of clicks when participants acted as if they
gained knowledge.

The analysis on the number of clicks shows that actors understood that they had to make
more errors at the start of the game than at the end of the game. They underestimated the
number of errors they actually made when they played the game in the ignorant state during
the first rounds. They did however reduce the number of errors, consistent with the behaviour
of rule discovery in real games and ended up with near optimal performance on the last, half-
revealed board (Figure 19 round 5). In terms of the reduction of the number of clicks, they
thus behaved as if they had not discovered the rule at the start and behaved as if they

discovered the rule by the end of the game.

Model Fits

In Figure 20 we plot model rank as a function of game round, for choices that yielded

both white and black cards (Top Row) and for chosen white cards only (Bottom Row). We
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show model evaluation for participants during Play (Left Column) and Act (Right Column).

The symmetric model rank is plotted in green.
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Figure 20: Model Ranks Chapter VI Top Left: Choices while playing (hits and
misses) ranked by the naive (red) and symmetric (green) model. We plot the average rank
(+/-sem) across all participants for each game round. Top Right: Choices while acting
ranked by the same models. Bottom Left: Rank of errors while playing. Bottom Right:

Rank of errors while acting.
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We predicted the rank of the symmetric model (choices) using a mixed effect model
with condition ={Play,Act} and knowledge state ={0,1} as predictors. We find no significant
effect of condition (f =-0.3903, SE = 0.3139, z = -1.24, 95% CI [-1.0056, 0.225], p = 0.214),
a significant effect of knowledge state (f =-1.4769, SE = 0.3139, z =-4.7, 95% CI [-2.0921, -
0.8616], p =<.001) and an interaction effect: f =-1.0375, SE = 0.444, z = -2.34, 95% CI [-
1.9077, -0.1674], p = 0.019. The rank of choices as evaluated by the symmetric model
declined with a transition into a knowledgeable state and this decline was stronger when
participants acted.

When we apply the same statistical test to the rank of errors, we find a significant effect
of condition (f = 1.866, SE = 0.5275, z = 3.54, 95% CI [0.8321, 2.8999], p = <.001), no
significant effect of knowledge state (f = -0.2023, SE = 0.5275, z =-0.38, 95% CI [-1.2362,
0.8317], p=0.701), and an interaction effect that approaches but does not reach significance:
[ =-1.3248, SE =0.746, z =-1.78, 95% CI [-2.787, 0.1374], p = 0.076. Errors by actors are
assessed as being more in line with the symmetry rule constraint in later rounds.

In chapter V, we found that rule-followers showed a significant decline in rank of errors
as assessed by the symmetric model. Here, we do not replicate this result: a mixed effects
model fit to errors made during Play (Figure 20 Bottom Left), in which we predicted the rank
of error as assessed by the symmetric model by game round (and modelled each participant
as a random effect), finds no significant improvement (decrease) in rank over time (f = -
0.211, SE=0.205, z=-1.03, 95% CI [-0.61, 0.19], p = 0.303).

The decline of the rank of choices (Figure 20 Top Left), under the same statistical test,
however, remains significant (consistent with chapter V): f=-0.788, SE =0.123, z = -6.38,
95% CI [-1.03, -0.55], p = < .001. When participants acted, their choices and errors both

showed a significant decline in rank (Choices: f =-1.271, SE =0.125, z = -10.16, 95% CI [-
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1.52,-1.03], p =<.001; Errors: f=-1.009, SE = 0.262, z = -3.85, 95% CI [-1.52, -0.49], p =
<.001). Decisions by participants in the acting condition showed a more drastic tendency to
be in line with the symmetric rule as rounds progressed (Figure 20 Right Column).

Qualitative inspection of the rank of errors during Play (Figure 23 Bottom Left), also
suggests that the naive model rank increases over time (which would be in line with
expectations if errors become less naive), but this increase was not significant (5 = 0.226, SE
=0.219,z=1.03, 95% CI [-0.20, 0.66], p = 0.302).

It is of note that the naive and symmetric model provided a tendentially higher (worse)
rank of errors made by actors. The symmetric model first indicates a high rank, but its
assessment declines to the same level as it does during Play, while the naive model ranks

actor errors about half a rank higher on average than it did for players.

Temporally Ordered vs Disordered Clicks

We tested the hypothesis that participants in part 2 make choices that are consistent with
the state of the revealed board at each timestep. We did this by computing the rank, i.e. the
suitability of choosing a location according to the naive model, which takes the rules of the
game, but not the symmetry rule into account. In Figure 21 we show the rank of the real order
of clicks versus the rank of a shuffled order of clicks. Shuffling was only done within either
black or white clicks, such that all click IDs that were errors remained errors, and all click
timepoints that led to success, also uncovered black cards. Within each group, we shuffled
which card was revealed at what timepoint within each round.

If choices and errors made sense to a game-playing (but not rule-following) model,
given the state of the board at the time of the click made, the naive model fit should show a
lower rank for the real data than the shuffled data. In Figure 21 we see this in all conditions
and click combinations, bar the naive model fit to errors made by actors, which shows a much

smaller difference.
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Figure 21: Naive Model Rank of Temporally Ordered vs Disordered Clicks Top
Left: Choices (hits and misses) by players ranked by the naive model. Blue shows real
data, grey shows shuffled data. We plot the average rank (+/-sem) across all participants for
each game round. Top Right: Choices by actors ranked by the naive model. Golden shows
real data, grey shows shuffled data. Bottom Left: Errors only, by players ranked by the
naive model. Blue shows real data, grey shows shuffled data. Bottom Right: Errors by

actors ranked by the naive model. Golden shows real data, grey shows shuffled data.
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A paired t-test between ranks of all shuffled versus real choices of players Figure 21 Top
Left verifies the visible difference in rank (#(43) =-11.435, p = <.001) and the same
advantage for real data is found in the same test applied to choices of actors, see Figure 21
Top Right: (#(43) =-5.688, p =<.001).

We now turn to evaluate errors. As visible in Figure 21 (Bottom Left), the rank value
difference between real and shuffled data across boards is significant (paired t-test #(43) = -
7.792, p =<.001) for errors of players. This is also still the case for errors of actors in
Figure 21 (Bottom Right) where the shuftled (grey) data is ranked worse than the real errors
(1(43) =-2.721, p = 0.009).

When we compare (Figure 21 blue line in Bottom Left to golden line in Bottom Right)
the average rank of real errors by players to the average rank of real errors by actors (as
assessed by the naive model), we find that the rank of actors is significantly higher than that
of player: (#(43) = 3.04, p = 0.004). This shows that participants still made sensible (non-
random) errors according to the state of the board, but less so than players.

The difference between actors and players is not found in the same analysis on choices
(hits and misses: (Figure 21 blue line in Top Left to golden line in Top Right) , where a t-test
finds that that actors are not significantly worse in rank than players: #43) = 1.555, p = 0.127.

We will return to this point in the discussion.

Reaction Time Divergence

We next assess whether participants re-enacted the reaction time divergence between
firsts and seconds clicked during play (see Methods Section). In Figure 18 A we illustrate the
measure. We extracted the median RT between all black cards that were the first of a
symmetric pair (click number 8) and between all black cards that were the second of a pair

(click number 9). We controlled for each person’s average RT at each click made.
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In chapter V, this measure reflected the epistemic difference between rule-followers
versus those who had not discovered the rule. It is a measure of rule-followers reacting to the
uncertain state of the board when the next pair is fully unrevealed, versus the deterministic
certainty that is gained once one of the pairs is already revealed. How good are people at

simulating the gain in certainty that derives from knowledge about symmetry in later rounds?

Reaction Time Difference Within Symmetric Pair
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Figure 22: Results Reaction Time Act versus Play Chapter VI A: Play RT

Divergence: Firsts mean (+/-sem) shown in full blue line. Seconds shown in dashed blue
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line. RT of revealing the first of one symmetric pair versus that revealed the second of a
pair. B: Act RT Divergence: Seconds mean(+/-sem) shown as dashed line. C: RT (time
between consecutive clicks), mean(+/-sem) across population in play (blue) versus in act
(gold) D: Hesitations in Play versus Act: the time passed between the moment the mouse
cursor enters a card that is later clicked, to the moment of that click. Again, showing

mean(+/-sem) per Play versus Act.

As we observe in Figure 22 A and B, RT of Firsts were always slower than Seconds
(dashed lines), in both Play and Act. We ran a mixed effects model with condition {Play, Act}
and knowledge state {0,1} as predictors of RT divergence (again, participants are added as
random effects). RT divergence is calculated as the per person, per board median RT of all
Firsts minus the median RT of all Seconds. We neither find a main effect of condition (f =
0.1112, SE=0.1493, z = 0.75, 95% CI [-0.1813, 0.4038], p = 0.456) or knowledge state
(0.0915, SE =0.1488, z=0.61, 95% CI [-0.2002, 0.3831], p = 0.539), nor an interaction
effect (-0.0073, SE = 0.2108, z =-0.03, 95% CI [-0.4204, 0.4059], p = 0.972).

The difference values between firsts and seconds in the last board appear qualitatively
larger for actor than players, but a paired t-test of those difference values between Play and

Act showed the divergence between Firsts and Seconds in Act was not significantly greater

than in Play (#(42) = 1.0119, p = 0.3174). We do confirm quantitatively that Firsts have higher

RT values (on average across all rounds) than Seconds and that this is case in both Play (#(42)

= 3.7331, p = 0.0006) and Act (£(42) = 3.8142, p = 0.0005).

We then looked at the dynamics of Firsts. We applied a linear mixed effects model to the

median RT of all Firsts to compare them in Act versus Play (the two full lines in Figure 22

A,B). We looked at the interaction term between the categorical variable of condition
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{Play,Act} and the numerical variable of round {1,2,3,4} to predict RT across cards that were
revealed first.

We found a main effect of condition (5 = 0.8382, SE =0.2139, z=3.92, 95% CI1[0.419,
1.2574], p = <.001) and no main effect of game round (f = 0.0123, SE = 0.0552, z = 0.22,
95% CI [-0.0959, 0.1206], p = 0.823). But we found an interaction effect, showing that the
RT across Firsts changes across rounds in Act relative to Play. The slope was significantly
steeper and negative in Act relative to Play: f=-0.3117, SE =0.0781, z =-3.99, 95% CI [-
0.4647, -0.1586], p =<.001, owed to the high RT that actors showed at the start of the game
(Figure 22 C).

We applied the same analysis to Seconds (comparing Figure 22 A blue dashed line
against Figure 22 B golden dashed line) and found a main effect of condition (f = 0.6721, SE
=0.1541,z=4.36, 95% CI [0.37, 0.9743], p = <.001), again no main effect of round (f = -
0.0451, SE =0.0396, z =-1.14, 95% CI [-0.1228, 0.0326], p = 0.255), but once again an
interaction effect, showing that the RT across Seconds changes across rounds in Act relative
to Play. The slope was significantly steeper and negative in Act relative to Play: f = -0.2875,

SE =0.0562, z = -5.11, 95% CI [-0.3976, -0.1773], p = <.001.

Reaction Time

In Figure 22 C, we show another measure of reaction times: each line shows how much
time tended to pass between clicks (e.g. click 2 at t, minus click 1 at t;). Here we consider
all clicks, regardless of whether they were black or white, firsts or seconds of pairs. In
Figure 18 A we illustrated click event by numbers written on the cards that were clicked. Our
reaction time measure is the difference in time between consecutive clicks ([1, 2, 3,...8,9] in
the illustration), averaged across them.

For Figure 22 C, we computed a per-person average (in seconds) over all clicks

committed per round and in Figure 22 C we show the mean (+/- sem) across the population,
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separated by the condition in which participants played for real versus when they acted.
Visibly, acting resulted in higher reaction times and a steep decline (increase in speed) as
more rounds were played.

A paired t-test of per-person average RT values on the first four rounds, comparing
playing versus acting shows this quantitatively: #42) = -4.225, p = 0.0001. Actors were on
average slower between clicks than players. Figure 22 C however also shows a marked
increase in players reaction time on the half-revealed (5th) board. A paired t-test of average
RT values on the 5th round, comparing playing versus acting shows that players were much
slower between clicks on the 5th board than actors (#42) = 2.5952, p = 0.013).

We selected the first four rounds and ran a mixed effects model in which we predict
individual average RT values based on condition and knowledge state. We found a main
effect condition (8 = 0.9322, SE =0.1226, z = 7.6, 95% CI [0.6919, 1.1725], p =<.001), no
effect of knowledge state (5 =-0.0607, SE = 0.1226, z = -0.5, 95% CI [-0.3011, 0.1796], p =
0.620), but an interaction effect (f =-0.8327, SE = 0.1734, z = -4.8, 95% CI [-1.1726, -
0.4929], p = <.001), showing that in the first four rounds, participants’ time spent between
clicks did not change when they played for real. Actors however showed a drastic change:
from taking longer in earlier rounds (more than a second longer on average than when they
played for real), their reaction times sped up considerably up to the 4th round, in which they
were as fast as when they played. On the 5th board however, they underestimated the reaction
times of playing for real and completed the board with clicks that were on average a second
closer to one another than during play.

This RT measure captures time spent on any activity within the time between one click
and another. We now turn towards a particular behavioural component of the time spent
between clicks, which we noticed by observing dynamic reconstructions and which we can

measure using the mouse movement measure.
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Hesitation

Recording of the mouse cursor position allowed us to analyse a second, more precise
measure of participants’ uncertainty. We consider a specific period of the time between clicks:
the time between the moment (t) in which the mouse cursor has landed on the selected card
and the timepoint (t.) at which the click is committed to. Figure 18 A illustrates this
measurement which we called a ‘hesitation’ in the bottom right corner of the grid, in which
the participant committed to a click: the timepoint from the moment the mouse cursor is
recorded to hover over the card to the moment when the click was made (here visible in the
sharp movement of the cursor trajectory) is what we call a hesitation. We compute hesitations
for all clicks.

Hesitations are a second indicator of uncertainty, specific to the uncertainty over
committing to a particular hypothesis. In the previous section, we saw that reaction time
dynamics by actors were faithful to the dynamics of playing for real. Are participants able to
emulate hesitation lengths too?

Figure 22 D shows the average fraction of a second waited before all clicks made in
each round, per condition. Actors were more hesitant before making a click. A per-person
paired t-test between individual average hesitation in play versus act verified the difference
(1(43) = 3.3267, p = 0.0018). Qualitatively, we observe a decline in hesitations in both real
games and acting games and an uptick in hesitation during the half-revealed board, which is
similar across playing and acting. A mixed effects model in which we use condition and
rounds as predictors, finds a significant reduction in hesitation during play relative to acting
(f=-0.2881, SE =0.064, z =-4.5, 95% CI [-0.4134, -0.1627], p = <.001), a significant
negative effect of board (f =-0.062, SE = 0.0165, z = -3.76, 95% CI [-0.0944, -0.0297], p =
<.001), and an interaction term which approaches significance (f = 0.0416, SE = 0.0234, z =

1.78, 95% CI [-0.0042, 0.0874], p = 0.075).
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Correct Hypotheses

We also use the mouse cursor recording to identify hypothesising behaviour, which we
defined as considering a card by hovering over the card, but choosing not to click it at that
time. When no click occurred, we consider it a rejected hypothesis which can either be falsely
reject (the card underneath was black) or correctly rejected (the card underneath was white).
Here we showcase results from an analysis of correct hypothesising across playing and acting
(see Appendix B to see an analysis of false hypotheses).

Fundamentally, when acting, the actors need to ‘delete’ (from behaviour) the available
information (cross hints) about the location of black cards and instead behave as if the search
would occur while they are ignorant about the solutions. Can participants do this?

Consider first that participants on average made the same number of hypotheses in the
real game and when they acted (#43) = -0.5945, p = 0.553), showing that acting did not make
them change the frequency with which they hypothesised.

In Figure 23 A we show the average proportion of correct hypotheses out all hypothesis
events across participants in each condition. These are longer dwellings over black cards that
do not result in a click. The figure shows that actors posit hypotheses over correct locations
more often than players in the first three rounds.

As before, we ran a mixed effects model with condition and knowledge state as

predictors, in this case predicting the ratio of correct hypotheses to all hypotheses.
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Figure 23: Results Motion Analysis Chapter VI A: Proportion of hypotheses
(locations considered) that were correct in Play vs Act. Showing average across individual
ratios per game round. B: Mouse cursor behaviour along the horizontal and vertical axis.
Larger values on the y-axis indicate more left-right mouse movement. Figure shows mean
(+/-sem) direction tendency across participants total absolute horizontal minus vertical

mouse movement in round.

This yields a main effect of condition, showing that during Act, participants are
significantly more fempted to click on unrevealed black cards: = 0.1953, SE = 0.0624, z =
3.13,95% CI1[0.0729, 0.3176], p = 0.002. We also found a main effect of knowledge state (5
=0.1555, SE=0.0641, z=2.42, 95% CI [0.0298, 0.2812], p = 0.015), but no interaction
effect (f =-0.1424, SE = 0.0942, z =-1.51, 95% CI [-0.3271, 0.0422], p = 0.131). We then
also ran a mixed model on the increase in hovers over black cards during play only, using
round as predictor to show that players indeed shifted their hypotheses towards correct
locations when they learned to apply the symmetry rule: f#=0.1589, SE = 0.0645, z = 2.46,

95% CI1[0.0325, 0.2852], p = 0.014.
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Actors thus showed the same rate of hypothesising behaviour, but the distribution over
where those hypotheses landed was skewed by the knowledge, they had available to them,
and they were unable to prevent this shift from occurring even when they pretended to be

ignorant.

Motion Direction

We additionally observed a systematic failure to emulate the ignorant knowledge state in
an analysis which considered the directional tendency of mouse movements. In chapter V, we
observed that rule-followers tended to show more horizontal movement than vertical
movement as the game progressed. In Figure 23 B we now show the difference between total
horizontal and vertical distance traversed by the cursor across a game, per person and then
averaged across participants for each condition.

A mixed effects model shows a significant increase in left-right motion for players (as
predicted by round, participant as random effect): f = 0.0568, SE = 0.0177, z=3.21, 95% CI
[0.0222, 0.0915], p = 0.001. It does not show this for actors: f =-0.0063, SE = 0.0246, z = -
0.25, 95% CI [-0.0545, 0.042], p = 0.799. We used a mixed effects model using both
condition and knowledge state as predictors (modelling participants as random effects) and
found a main effect of acting ( f#=0.1905, SE =0.0516, z = 3.69, 95% CI1[0.0893, 0.2916], p
=<.001), a main effect of knowledge state ( 5= 0.1226, SE = 0.0516, z =2.37, 95% CI
[0.0214, 0.2238], p = 0.018) and no interaction effect ( f# =-0.1196, SE = 0.073, z = -1.64,

95% CI [-0.2627, 0.0234], p = 0.101).”

7 An ANOVA two factors condition and knowledge state showed a significant
interaction (F(1,43)=4.28, p = 0.045), a main effect of condition (F(1,43)=7.01, p=0.011)

and no effect of knowledge state (F(1,43)=2.02, p=0.163).

194



Discussion

People can re-enact behavioural markers of discovery, suggesting that they have partial
access to, and inference capacity over, how discovery of a rule affects their actions.

Model fits to all choices (revealing black and white cards) showed that actors were able
to obtain the same qualitative dynamic description of their choices as reflected in model rank
(Figure 20 Top Row). Actors however showed a steeper decline in rank as assessed by the
symmetric model, which indicates that they made choices in accordance with the symmetry
rule earlier than they did during real games and that they adhere to the symmetry rule more
closely in later rounds. This could be a sign of overacting, but also a reflection of not being
able to ignore their true knowledge state.

We were unable to replicate the previously found decline in rank of errors during play as
assessed by the symmetric model. This could be because we used a selection mechanism of
discovery which was independent of performance on the last board. Note that making a
discovery and being able to name the rule does not necessitate that participants use this
information to adapt their choices, even if they are incentivised to do so. This analysis should
be repeated in replication studies.

We showed an analysis in which we compared the rank of the naive model of real data
against the rank of shuffled (across time) data (see Figure 21). This shuffled data thus
maintains the same identity of selections made but has no temporal structure. In errors made
by actors, the shuffled data was ranked nearly as low as the true order of errors made. The
difference was still significant, showing that actors did not behave randomly, even when they
made errors. The errors made by actors were more sensible than if they did not consider the
arrangement of the board at that time at all. They attempted to make errors that made sense
according to the state of the board, the rules of the game and the knowledge state they were

meant to emulate, but they were worse at doing this in their errors than in their hits.
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We did not observe this difference between choices and errors during play: the real
decisions were always ranked markedly lower than the shuffled decisions, showing that the
errors that players made, were similarly sensible according to the rules of the game and the
likelihood distribution of black cards, without the assumption of symmetry. Players’ errors
were adjusted to the state of the board in a way that actors could not quite re-instantiate: their
errors were ranked higher than the errors of players. This is an interesting result, because it
shows that actors could model how the state of the board would have helped them make
successful (black) choices, but that they could not model a false state of belief that depended
on both ignorance over the symmetry rule and the state of the board. In other words, actors
noticed when the state of the board could give rise to true hypotheses, but not how it might
have made them accept false hypotheses (click on white) when they played in ignorance.®

We found that (correct) hypothesising behaviour was higher in the early rounds of Act
relative to Play, showing that participants were tempted to click (but able to supress clicking)
on black cards when they were shown where black cards were located via cross hints, and/or
that they were unable to adjust their search and hypothesising behaviour to a state of
epistemic ignorance. Their correct ‘hunches’ of where the black cards were located, were
consistently at the frequency level which rule-followers only ended up with during play once
they fully applied the rule in round 4 and 5. This shows that even when actors are deliberately
committed to making errors, their mouse movement still reveals their true, rather than acted
state of knowledge, despite them being made aware that the mouse movement would also
count towards their bonus and that it had to emulate, as close as possible, their previous

movements.

8 Or, how they might have formed beliefs under a different assumption (e.g. symmetry

along the y-axis).
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A similar inability to ‘cover up’ their true epistemic state was found in higher horizontal
mouse movements in early rounds of acting compared to playing. Participants were not aware
or unable to replicate the association between an ignorant epistemic state and its effect on
subtle behavioural markers in the mouse movement. These two measures suggest that
continuous mouse movement is a more difficult behavioural dimension to access
metacognitively or control counterfactually.

Actors’ reaction times from one click to the next started out much slower in round one
and ended up faster than players in later rounds. Their average reaction time across all click
types was significantly higher and hesitation before a click, once hovering over the location,
was also higher during acting, probably reflecting the generally high cognitive demand of the
task. Actors had to reconsider whether they are ‘allowed’ to make a specific click, given the
knowledge state they had at the time. Hesitations also followed a decline over rounds,
suggesting that actors had an easier time once they were allowing themselves to make clicks
according to the symmetry rule. Specifically in reaction time between clicks they ended up
matching their RT during play in round 4, but significantly underestimated RT in round 5.
Actors on the half-revealed board imitated the reaction time (but not the hesitations) to be
much faster than they actually did during play, potentially suggesting that they did not
adequately model the search behaviour on that board and overestimated how easy it was to
follow the rule on that board, even if one was knowledgeable about the symmetry rule.

Interestingly, the difference in median, click-number corrected RT that we found during
play (in the study presented in chapter V as well as players shown here) was maintained as
participants acted. There were able to reflect the epistemic gain in certainty that was derived
from rule discovery. This shows an awareness of how rule-ignorance versus knowledge
affects action certainty and an ability to re-instate this association between rules and reaction

times.

197



We observed an underestimation of the number of errors when participants acted. It is
possible that this was due to a real bias or actors wanting to complete the game. Acting
behaviour is more complex behaviour than is typically required in online games and
participants responses in debriefs suggest they found it difficult, albeit enjoyable, to play this
game. Even though we monetarily incentivised compliance with accurate acting attempts, it is
possible that participants in later rounds used their knowledge of where the black cards are
hidden, because they wanted to complete the game. This would explain the underestimation
of errors. We suggest a future variant of the game should ensure that completion incentives
are less likely to interfere with acting precision, to test if underestimation of errors throughout
the game persist.

This design provides a rich dataset, and many analyses remain to be explored. Some of
the analyses provided new ideas about how to make useful amendments to the design. In
Appendix B we show two additional analyses showing that participants appeared to make
different types of errors across conditions. The analysis shown in Figure 25 E considered
changes in avoidable errors. Avoidable errors are all symmetric twins of already revealed
white cards (see cards framed in red Figure 16 Midde Column). A rule-follower who behaves
optimally knows that these locations cannot contain a black card. This is a promising analysis
to pursue because actors who are able to inhabit the state of mind of an ignorant player
should not show a bias to avoid these locations and, consequently, have the same probability
of revealing avoidable white cards as ignorant players. A failure to re-instantiate the same rate
of avoidable false errors (and false hypotheses, see Figure 25 F), would indicate a failure of
inhabiting the ignorant knowledge state.

While we observed stark differences in both avoidable errors and hypotheses,
suggesting that actors may not be able to recover the errors distribution of an ignorant state,

the design of our experiments does not control the number of errors and we thereby could not
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de-correlate the higher error rate (which would explain a higher rate of avoidable errors even
if errors were randomly distributed) during play, from the result shown in Appendix B. An
amended design, in which actors are for instance told about the exact number of errors which
they committed during play, would allow us to examine if actors avoid certain error types,
thereby revealing a metacognitive insensitivity to how epistemic states translate to
distributions over error types.

So far, we have only shown analyses which look at the within-subject differences to
understand which dimensions tend to be easier and harder for participants to re-instantiate
when they pretended to play the game. We can distinguish between e.g. coarse measurement
types (reduction in clicks) which participants act out well and subtle measures (e.g. the mouse
movement) which actors found harder to approximate. But we have not yet shown that these
behaviours are truly self~simulations (even though we asked participants to emulate their own
behaviour) or whether they might be forward models of an average mind or other minds
(Gopnik, 1993). This requires analyses that show that participants more accurately re-enact
their own, rather than another participant’s behaviour, or that models which are fit on
individual data best describe participant-matched held-out data.

The re-enactment method has a few blind spots. For instance, we cannot distinguish
between: a behaviour is not known by the participant as being part of the discovery process
(fully inaccessible), a behaviour that is known but not thought to be part of the discovery
process (accessible, but rejected) or a behaviour that is known, part of their model of the
discovery process, but participants fail to retrieve the behaviour or re-instantiate it faithfully.
Similarities across play and act might also derive from common factors in the task which the
participant responds to in the same way in both studies. A failure to show a behaviour while
acting, also does not mean that the cognitive process which underpins the behaviour is in

general not subject to metacognitive modulation. We of course also cannot directly measure
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what cognitive processes participants retrieve when they act. In principle, it is possible that
the same behaviour (b) is derived from a different process if participants play versus act. The
method of re-enactment has shown promise but is best combined with other methods and
designs which allow experimenters to address some of the above critiques.

Nevertheless, we believe re-enactment has a future as a method of inquiry. Future
studies could for instance, zoom in on the granularity with which participants can emulate
different types of learning, such as discontinuous insight moments (which we do not measure
here directly, even if it is possible to have an insight in our task) versus gradual learning. Of
particular interest might be whether re-enactment with feedback can lead to measurable and
generalisable improvements in metacognition.

The analyses we showcase here, especially those involving mouse movement, were
inspired by, developed and verified with the dynamic reconstruction approach. We want to
suggest that studies with multi-dimensional and high-resolution data and underexplored
questions such as those in discovery or metacognition, will benefit from adding yet another
meta-loop (thinking about thinking about thinking), through which researchers can apply
their full inference abilities and hopefully find joy in exercising them (Chu et al., 2024).

Overall, we find people were able to emulate a transition of error-prone ignorance to
rule-informed behaviour, and we found an awareness about how the discovery of a rule
translates into errors and reaction times. As seen in the continuous measure of mouse
movements, a return to ignorant behaviour whilst being knowledgeable, was difficult.
Participants could not quite act like they did when they knew less. We provide evidence
suggesting that people may have cognitive limitations in stepping into their former epistemic

selves.
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Chapter VII General Summary & Discussion

My aim in writing this thesis was to contribute to the scientific understanding of how
human cognition is shaped by the interplay between actions and memories. This chapter will
summarise the extent of my accomplishments and their limitations.

Prima facie, actions and memories appear intertwined. Memories guide what action we
take, which in turn affects what memories we make. This interaction has both personal and
philosophical relevance. Memories of rewarding or painful experiences are essential in
shaping what future experiences we choose to have. Our experiences, and our memories
thereof, shape our understanding of ourselves, such as personal preferences or identity.
Memories affect our actions and our model of ourselves, but our model of ourselves and our
actions also affect the future memories we are likely to make.

This thesis is my attempt to narrow this intuition into a set of precise scientific
hypotheses and experiments which could attest to effects of actions in memory formation as
well as to effects of reconstructive memory in action sequences during self-simulation. This
work thereby intentionally spans two distinct approaches and perspectives on the interplay
between actions and memories.

I first presented a series of experiments (chapter II-1V), which suggest that a measurable
and generalisable effect of actions on memory can, surprisingly, already be found at a
fundamental level of encoding. Action selections appear to reinforce the selected item in
memory. I then presented (chapter V, VI) a paradigm in which participants scaffold their
actions on memories of past experiences during a self-simulation task. I now first summarise
and then criticise the work on action in memory, before summarising and noting the

limitations of the work on memory in action.
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Summary Action in Memory

In chapter II, I introduced the action alignment effect: in an object-in-place associative
memory task, participants benefitted from a training curriculum in which their action
selections were aligned with the feedback locations, compared to a training curriculum in
which their actions selected a distractor location that was incorrect and thereby misaligned
with the supervision signal. In test trials, during which participants recalled what location is
associated with the visual test stimulus, participants were more accurate after being exposed
to an action aligned curriculum. The curriculum influenced what type of errors participants
made during their test phases: action misalignment led participants to confuse the correct
location with the incorrect location which they had selected during training. Interestingly, in
the action misaligned condition, participants were also significantly more tempted to select
the correct location during training (as shown in the direction and efficiency of their
navigation paths) once they had learned the correct locations, despite receiving no reward for
this. This finding suggests that participants may have had some metacognitive awareness of
the benefits of action selection on memory encoding. The design also tested whether action
selections are learned and transferred to test trials separately from the object-location
associations, which could have explained why action alignment (where the actions at training
are the same as the actions at test) confers a benefit over action misalignment (where the
actions at training are not the same as the actions at test) if the action sequences across
training and test were identical. Actions across training and test in the experimental design
were however not identical, showing that the action sequence itself is not likely to be the
origin of the action alignment benefit.

In chapter III, I listed several experiments which replicated the action alignment effect
and deepened our understanding of it by controlling for an effect of attention. Several

baseline conditions allowed for a comparison of participants’ memory performance at test
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after training with action aligned, action misaligned compared to observation conditions.
Action alignment conferred a benefit relative to a condition in which participants took an
unrelated action and action alignment showed no more confusion errors than this baseline
condition, which clarified that the distractor location was fully ignored as long as actions
were aligned.

In a following experiment, a mere observation of the correct and distractor locations
(visually highlighted as per condition of alignment or misalignment) produced a reduced
difference. When a selection of a location occurred via attentional selection, the difference
between alignment and misalignment was smaller compared to when the target location was
selected with an additional action sequence. Conversely, attention manipulation experiments
produced no modulation of the action alignment effect. No significant modulation of
accuracy (i.e. the action alignment effect) was found by modulating the attention drawn to the
distractor location. In the rate of confusion errors, these experiments expectedly found that
attention plays some role in the effect, but they produced no evidence that attention was the
main culprit underlying what I proposed to be an effect of action alignment.

In chapter 1V, I tested the generalisability and applicability of the action alignment
effect. It was found that, surprisingly, at least two experimental settings appeared to show an
advantage of the action alignment effect over the test-enhanced retrieval effect, which
suggests that there may be learning context in which action alignment might be on par with,
or preferable to, the classic testing effect, which has been introduced into schooling curricula
and is part of an accepted canon of knowledge of how people learn best. Experiments
demonstrated that action alignment can be used to learn a subset of memory items by
preference, suggesting that it can be used to sequence, chunk and structure learning, which
may be useful and necessary for more complex and advanced learning tasks. Finally, I related

the action alignment effect to the self-reference effect and extended its potential utility by
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finding that the effect holds even if the action sequence is not executed by the learner
themselves. This result opens the possibility of applying the action alignment effect in
settings in which teachers need to showcase or execute the actions instead of the students

themselves.

Limitations Action in Memory

The main limitation of this work on the action alignment effect is that this thesis does
not propose a mechanistic account of why the effect might hold. What is the
neurocomputational basis of memory modulation through the alignment between action and
feedback? This question is particularly interesting, because the action alignment effect holds
under minimal motor actions (such as a mouse click) and the mere observation of a virtual
game partner who takes navigation actions. Motor execution itself does not appear to underly
the action alignment effect. Instead, a cognitive representation of an action appears to suffice.
My primary interest was to demonstrate the action alignment effect and rule out alternative
explanations behaviourally as far as possible, and to place the effect in relation to similar
effects in the literature, rather than to propose a mechanistic account which might
prematurely narrow the range of plausible frameworks and theories. Future work should
continue to test the effect behaviourally but might also begin to capture hypotheses about
plausible mechanistic accounts in computational models.

Future experiments should aim to further pinpoint the origin of the effect. What
contribution to the effect is attributable to reward or to the success of the action? In the task
presented here, a selection of the correct location was not rewarded, and the selection of an
incorrect location was not punished. However, training trials in which the feedback appeared
in the location that was selected by the participant were also the correct location and therefore
the success of an action was directly tied to the feedback signal. This did not allow for a
teasing apart of whether the effect stems from an internally generated sense of reward or a
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representation of success by the participant, or whether it stems from the action being aligned
with feedback. I chose to describe the effect as stemming from an action being aligned with
feedback, because the studies presented here provide no access to whether participants
perceived the action aligned condition as rewarding or as an action success. Describing the
effect as an effect of (mis)alignment between action and supervision, was thus the most direct
and surface-level description of the difference between the two conditions. This description is
therefore preferable in the absence of a neurobiological explanation which may yet rule out

this interpretation in the future.

Summary Memory in Action

In chapter V, I first presented a new task environment for the study of how humans
discover spatial rules. I introduced a variety of measures, both in choices and subtle mouse
movements, which reflected a cognitive transition between two epistemic states (pre-
discovery and post-discovery), and showed that by use of correlations between performance
and behavioural markers it was possible to distinguish between participants who discovered
the spatial rule and those who did not. Participants who discovered the rule made fewer errors
over time and were (over time) better described by a model that took the rule constraints into
account, compared to a model that did not. Participants who discovered the rule showed a
distinct pattern of reaction times that were matched to the spatial arrangement of the solution
and also adjusted their tendency to make horizontal mouse movements in accordance with
this arrangement after learning the rule. These behavioural markers were not found in the
subset of participants who did not discover the rule. This task was introduced as the basis of
studying metacognitive access to spatial rule discovery in the subsequent chapter.

The chapter showcased and discussed the method of dynamic reconstruction that was

used across chapter V and VI and made the claim that experimenters’ inference over
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reconstructions of participants game play can aid the generation of hypothesis and analysis
pipelines.

In chapter VI, I presented a study of how peoples use their memory of their own actions
in an effort to model their own behaviours associated with counterfactual cognitive states. I
introduced an ambitious experimental pipeline, in which participants were asked to re-run the
cognitive processes that underpinned previously experienced epistemic states. The
experiment used the pre-discovery and post-discovery states experienced in the task
described in chapter V. Participants who did discover the rule while playing the game, were
reinvited after their memory had faded, to re-enact their exact behaviour in terms of clicks,
reaction times and mouse movements, despite now knowing the solution to the game. In
essence, this experiment was aimed at a condition in which participants run a model of
themselves forward and imagine how they would act (or would have acted) if they did not
know what they in fact already knew. The assumption was that participants’ compressed
memory model of how they discovered the rule when they first played the game (and how
they transitioned between epistemic states), was used to simulate, or construct a replication
of, their own counterfactual epistemic state. The experiment was constructed to elicit a self-
model in respect to cognitive discovery, in pursuit of the question of what behavioural
markers are and are not part of participants’ self-model or metacognitive access.

Participants were surprisingly good at re-enacting the transition between ignorance and
knowledge in terms of error rate decline but also showed a consistent overestimate of their
own ability to complete each round with fewer errors than they made when they played for
the first time. Both the selection of errors and successful choices were over time better
described by a model that takes the rule into account, showing that participants dynamically
and correctly adjust their actions in accordance with a new epistemic state. The data also

interestingly revealed systematic inabilities, particularly in emulating the ignorant epistemic
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state, by actors that are knowledgeable. Analyses found that actors had greater difficulty in
replicating the temporal order of errors, slower reaction times in early rounds and an
underestimation of reaction times on the last round (which could be optimally solved if the
rule was known), as well as an overestimation of hesitation before committing to a hypothesis
in all rounds but the last. An analysis showed shifts in the distribution of correct hypotheses
across play and act, as well as actors’ inability to model the ignorant state in terms of

directional tendencies in mouse movements.

Limitations Memory in Action

The advantages of the method of re-enactment, in the way it was implemented here, are
also its complications. The experiment was aimed at recording and quantifying self-
simulation in a way that tended towards a naturalistic replica of how self-simulation occurs
outside the lab. Actors on a stage or spies at court must act as if across all behavioural
dimensions: their choices, facial expressions and subtle bodily movements must match those
of someone who they are not or of someone who is ignorant of some secret which they
actually know. The experimental task demanded something quite similar, by requesting that
participants emulate a complex sequence of behaviours of first being ignorant, making a
discovery and then being knowledgeable. Each of these states, as well as the dynamic and
time-dependent transition between them, was associated with coarse (e.g. choices of cards to
reveal) and fine-grained, subtle (mouse movement) behavioural markers that reflect the
cognitive state. The experiment demanded that participants run a complex and unusual
cognitive computation.

This can make it harder for experimenters to tease apart what failures in self-simulation
are due to exhaustion or the difficulty of the task (e.g. keeping track of one’s own mouse
movement while thinking about which error to commit) as opposed to an incapacity to self-
simulate along a particular behavioural dimension (e.g. as discussed earlier in relation to the
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number of errors made). Would the bias towards fewer errors by actors persist if the number
of errors was the only behaviour the actor was required to self-simulate? One limitation of the
experiment was thus its level of ambition, but usefully, a complex experiment such as this,
records a range of behaviours that the experimenters cannot foresee. It may thus be harder to
conclude definitives from this data, but this data provides fertile ground to generate
hypotheses about which exact behaviours are subject to distortions during self-simulations,
which can then inform more narrow and specific tests of those exact behaviours during re-
enactment. Follow-up experiments should narrow the range of behaviours that the participant
needs to keep track of and investigate each behavioural dimension at a time. For instance,
future experiments could focus on participants emulating only the ignorant, pre-discovery
knowledge state and investigate whether the distribution over the type of errors committed,

when the number of errors is kept constant, are shifted between playing and acting.

Conclusion

Memories and actions are closely intertwined in human cognition. I have empirically
shown that the cognitive representation of an action sequence can modulate the strength of
associative memory encoding. I have shown an experimental approach to exploring how
memories of cognitive states shape our metacognitive models of self and guide action
sequences during self-simulation. I thereby offer this thesis as a contribution, by way of novel

methods and results, to the academic study of cognitive science and to all who learn.
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Appendix A Action in Memory

Confirmatory Results Chapter III & IV
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Figure 24: Confirmatory Results from Studies Chapter III & IV Exp.2.d Test
accuracy per condition which are combinations of {distal, proximal} and {aligned,
misaligned}. Each datapoint represents the average accuracy across all test trials per
person. Coloured boxplots show population summary statistic. Exp.2.d: Ratio of confusion
errors at test per condition. Probability of erroneously selecting the other square that was
highlighted in a training trial during a test trial trying to recall that same stimulus. Exp.3.b:
Test accuracy after training with k highlighted options. Exp.3.c: Test accuracy after

training with k highlighted options.
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Minor Design Variations of Studies in Chapter II, 111, IV

We implemented minor variations in instructions and stimulus and feedback
presentations across the studies to ensure the robustness of our result. Since all results were
robust against those variations, we detail them here rather than in the main section. We varied
the feedback and response presentation to ensure that our result does not only arise due to a
particular supervision setting.

In Exp.3.a-c a green square appeared in the correct location after 900 milliseconds after
the target was selected. The stimulus remained in place. After 1.5 seconds, the next trials
began. In all other experiments, the stimulus instead moved into the correct location, framed
in green. After the target was selected, the remaining grey square and the avatar remains on
screen, immovable in the location of the target. The yellow frame disappeared. After 900ms,
the stimulus shrunk into the correct locations (covering either the grey square or avatar) and
is seen with a green frame for 1.3 seconds. All features on the response grid disappear and
two grey squares reappear after a 500 ms delay. This delay was introduced to ensure that the
change in squares was not interpreted as a movement of grey squares.

In Expl. a, b and ¢, grid locations were divided into 8 pairs of 2 diagonally positioned
squares a and b, which were a Manhattan distance of exactly 4 apart. These pairs remained
constant. We did this because findings from our previous studies (not reported here) found
that highlighted squares arranged in columns (or rows) facilitated chunking of highlighted
locations and confusions between locations, which may have added confounded effects in our
studies of the action alignment effect. We therefore chose diagonal pairs, which we had found
no chunking effects for.

In one range of experiments (Exp.1.a, Exp.2.b,c,d and Exp.3.b,c,e) we kept the same
pair of grey squares highlighted for two consecutive trials. Exp.3.b and c this was adjusted to

fit the size of the subset highlighted. A condition where k = 8 resulted in two subsets, whereas
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when k=4, there are four subsets etc. Each subset of size k would stay selected for k trials in a
row, sampling all members of the set at random without replacement. This made it easier to
predict the correct location in the misaligned condition, since if a was the correction location
in trial t, it was predictable that b was the correct location in trial t+1. It however also
increased the risk of confusion between distractor and target, which may influence the error
rate at test. In all remaining experiments, we therefore presented a new pair of highlighted
locations on every trial, thereby reducing the risk of facilitating confusions between the target
and distractor. Our results were consistent across all studies, where we found the same main
effect of action alignment in error rate and error type.

Exp.3.b and c included the variation that training trials in the first block were repeated
once after 4 trials. This led to 64 instead of 48 training trials in each condition. This made no
difference to our main effect, which expectedly simply resulted in slightly better performance
across conditions, but which did not affect the comparison between conditions that we were
interested in. The results are also in line with Exp.3.a during which participants were exposed
to 48 training trials as usual.

At test, the blue square reappeared in the clicked location and remained on screen until
the next trial. This simply indicated to participants the choice they had made. In Exp.3.b and
Exp.3.e, a yellow cross instead appeared at the exact location they had clicked. In Exp.2.c the
response was visualised by a yellow frame around the clicked square. None of these

variations noticeably influenced the effect of interest.

Appendix B Memory in Action

Pre-Registered Hypotheses for Chapter V

The description of the task which we included in the pre-registration is omitted here, but

can be found in Cremer & Mazor (2025a), from which we copy the following:
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Motivation

This experiment is aimed at capturing rich behavioural markers of rule discovery. It will
be used to study how hypotheses about rules come to mind and how they are processed (Bear

et al., 2020).

Participants & Procedure

The research complies with all relevant ethical regulations and was approved by
University of Oxford Central University Research Ethics Committee (code R90986/RE002).
Participants will be recruited via Prolific and will give informed consent prior to their
participation.

To be eligible to take part in this study, participants’ Prolific approval rate will need to
be 90% or higher and their reported first language must be English. Participants are instructed
that they can only enter the game if they’re not using an ipad/phone (this ensures we will
have data about the cursor behaviour from all participants).

We will collect data until we reach 100 participants. The median time to complete the
experiment is 10 minutes. Participants will be paid an hourly wage of £9 (and up to +$1

bonus if their game is within the top 30% of participants).

Data analysis

We will analyse reaction times, number of clicks, position of clicks, error patterns and
dynamic cursor movements. The location of the mouse cursor will be recorded at all times to
later reconstruct a dynamic simulation of participants’ behaviour throughout the game
(Mazor, Firestone, et al., 2024).

We will analyse commonly-used indicators of cognitive processes (such as accuracy and

reaction times) both to characterise broad behavioural patterns across the sample, and in order
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to distinguish participants who discover the spatial rule from those who do not. We will then
correlate these measures with quantitative descriptions of the cursor dynamics.

Performance will be measured by the number of clicks per person per board. Based on
pilot data we expect that around 40% of participants will discover and apply the rule, as
reflected by near perfect performance on the last board. The last board allows us to identify
and compare rule-followers against participants who do not end up learning the rule. We will
define participants who discovered the rule as those who completed the 7th board with not

more than 7+1 clicks.

Hypotheses

H1) We will test the hypothesis that naive participants will be best described by a naive
model at first and that a symmetric model will overtake the naive model for participants who
we classify as those who discover the rule. Each model counts all arrangements of black
cards that could be the true arrangement, given the number and position of black cards that
are already revealed. The symmetric model thus has much tighter constraints on which
locations could plausibly hide black cards. The set of possible arrangements on the board is
much smaller than the set considered by the naive model. After each click (on which new
information is gained about one location), each model updates the set of viable arrangements
by excluding all arrangements that are inconsistent with the newly gained information. Each
location on the grid is then ranked according to the likelihood of hosting a black card, which
predicts the likelihood of choosing that location according to the model. We will test the
hypothesis that this is not a merely a reflection of performance.

H2) We will test the hypothesis that knowledge about the rule will be reflected in
participant’s reaction times in that participants will take longer to uncover the first of a
symmetric pair of black cards but will be faster to uncover the second of the pair. We will

control for each person’s average RT at each click made, since RT for later clicks is likely

213



smaller. We will extract the difference in median RT between all black cards that were the
first of a pair vs the second of a pair. We will test the hypothesis that the RT difference
increases as a function of game number (1-6).

H2a) We will test the hypothesis that the beta coefficients, obtained by a regression of
the RT difference against the board number, are significantly and negatively correlated with
the number of clicks on the 7th board.

H2b) We test the hypothesis that the RT difference on the 6th board is negatively
correlated with the number of clicks made on the last board, showing that participants who
know the rule are more likely to have faster responses for the symmetric twin of an already
uncovered black card. In addition to the number, locations, and timings of clicks, we will
record and analyse the movement of the participants’ cursor throughout the game.

H3) We will test the hypothesis that players show more horizontal movement relative to
vertical movement over time, reflecting the likelihood to click on the mirror-symmetric twin
of a newly discovered black card as well as a search and compare pattern that identifies
symmetric locations along the x-axis rather than the y-axis.

H3a) We hypothesise that this should be the case among participants who discovered the
rule more than among participants who did not discover the rule.

Rejection criteria

Participants will be excluded if: they cannot report a completion code, they have
missing data, they used an ipad rather than a desktop and mouse

Sample size justification

The sample size is based on pilot experiments. We aim to have a dataset that contains

both participants that discovered the rule as well as those that do not.

Debrief Responses Chapter V

Debrief responses of n = 37 who were rule-followers on half-revealed board:
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Symmetry

After a few boards, I noticed that the pattern was symmetrical around the vertical
centre line of the board

Smiley face?

Symmetry

Symmetrical in vertical axis but I don’t know what else

yyes there was a pattern, it looked like a skull or a heart or the helmet of Samus Aran
from Super Metroid

it was mirrored

yes shapes

Yes, the patterns were reflected across the board. So on one end of the block, a set of
black cards were arranged the same way as another set at the opposite end of the
block.

It’s mirrored across the vertical centre line

mirror symmytry

The black blocks were symetrical

yes they were symmetrical, i was not expectng that

The patter was semetrical

The patterns were symmetrical from one another on each board.

Yes, the board was symmetrical

they were symmetrical

Horn Pattern?

Yes, they were in mirror image

I don’t know the name of the pattern, They seemed to be a mirror image. I clicked on
around board .

It seemed almost symmetrical as if mirroring the pattern from the opposite side.
They were symmetrical

They are a mirror image , right & left

they were symmetrical along the vertical axis

the cards were mirrored

a skull?

Yes, but I can’t really name the pattern.

symmetrical

Yes it was a mirror image of the one side

They’re mirrored

I think it was mirrored

I noticed the black squares were arranged symmetrically by a vertical axis.
Symmetrical

No I didn’t notice the pattern although I realised there was some kind of symmetry
The squares were left-right symmetrical.

They were symmetrical patterns, as each half of the board mirrored each other. If a
square was in a different spot on one side it was easy to pick the same equivalent if
mirrored on the other, and for other less obvious ones, testing to see if it was white or
not first then matching that on the other side afterwards.

Debrief responses of participants who did not have less than 2 errors on the half-
revealed board: mask pattern

yes they were arranged in triangular patterns,rectangular patterns etc.

Some of them had symetary

no

They were arranged in T-SHAPE and SQUARE pattern
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1 did not notice a pattern

I definitely noticed a pattern, not certain what the name is though...

no

some of them appeared to be reflections of the other side of the board

yes symetrical

no

hexagon

no

symmtery

Yes, some were in blocks of four’s and three’s

L PATTERN

symetrical

the black squares were arranged in an L SHAPE

1 did not note the parten of the cards

Some of them looked like they were mirrored on eachother but without all of it being
revealed I found it difficult to find a pattern in most of them until the end.

No, I didn’t notice any pattern.

Yes they were mirrored but it took me way to long to figure out

to be honest it was somehow difficult for me to notice

No

a square pattern

No

blocks of 2 and 4 joined together

symmetrical for the most part

I didn’t nottice a pattern

I can name few patterns

no

I did not notice a pattern.

I didnt notice a pattern

zigzag

No I did not.

It seemed to be the letter “T”- although I am not sure.

No, I didn’t notice any pattern at all. To me they look a little bit random from time to
time.

A Tetris pattern

brick

Looked like an individual was lifting weights.

L- shape and square

Several of the board had symmetrical patterns

unable to identify

Yes.I did notice a pattern. To me some patterns looked like L shapes and inverted L
shapes together with boxes.

YES 1 did, i cant name the partten but they had a similar arrangement on both sides of
the box

Yes i1 noticed. Yes I can name the partten.

The black cards were either on the left/right or top/button depending on where the
black card is positioned.

The block squares were arranged in groups of twos, fours or staright.

I noticed a pattern but it was too late. I cant name it.

I thought there was definately some kind of pattern but i don’t know what it was.
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o I noticed that the black squares were arranged in groups. A group of black squares had
at least two or at most four squares.

Hidden black squares tended to be next to other black squares.

Four, three, three, four

No,I did not

I didn’t notice a pattern so sorry can’t name it!

Sorry, I didn’t see the pattern

O O O O O

Pre-Registered Hypotheses for Chapter VI

Exclusion criteria

Participants will only be invited to partake in Part 2 if they answered correctly in 4 out
of 5 trials in the rule discovery quiz of Part 1 and were able to correctly name the rule after
round 5.

Participants will be excluded if - they have missing data - they used an ipad rather than a
desktop and mouse - they failed comprehension check 2 in Part 2 - In Part 2, they responded
‘yes’ to the question of whether they already knew the rule in round 1 in Part 1. - they made

no errors in round 1 of Part 2.

Sample size

In Part 1, we will collect data until we reach either 200 participants or 150 participants
who have discovered the rule (whichever comes first), based on our selection criterion (the
final 2AFC task and rule naming). We will analyse all participants who return to participate
in Part 2 unless they fail our exclusion criteria. The median time to complete the experiment
is 10 minutes. Participants will be paid an hourly wage of £9 (and in Part 1 up to +$1 bonus

and in Part 2 up to +$5 bonus).

Data analysis

We will analyse reaction times, number of clicks, positions of clicks, error patterns, and
dynamic cursor movements. The location of the mouse cursor will be recorded at all times, to

later reconstruct a dynamic simulation of participants’ behaviour throughout the game. We
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will use repeated-measures 2-way ANOVA collapsed across boards, unless otherwise

specified.

The games of each participants will be separated into four sets: Part 1, before rule

discovery Part 1, after rule discovery (for this we will use their reported point of rule

discovery) Part 2, before rule discovery Part 2, after rule discovery (for this we will use the

first round in which participants report having discovered the rule) Unless otherwise

specified, each test statistic will be tested as a function of experiment part (1 or 2), knowledge

state (before or after rule discovery), and the interaction between the two. A follow up

regression analysis will test the effect of board number and experiment part, as well as the

interaction between them, on test statistics.

Hypotheses

1.

We will run a 2-way ANOVA (factors: study part and knowledge state) on the
difference in the number of clicks to completion per board.

We will run a 2-way ANOVA (factors: study part and knowledge state) on the rate
of errors that are inconsistent with knowledge of the symmetry rule (all symmetric
twins of already revealed white cards; see Fig 1. Middle (cards framed in red), as
a proportion of all errors (I1a), and separately, as a proportion of legal errors (IIb).
We will run a 2-way ANOVA (factors: study part and knowledge state) on the
number of long (more than 500 ms) dwellings over cards that are inconsistent with
the symmetry rule (as defined above), and which do not result in a click. We trace
participants’ mouse trajectory across each board and mark sharp angles (between
30-180 degrees) as potential decision points. Within this range of sharp
movements, we select all phases in which a participant hovered over the same

unclicked card for more than 500 milliseconds. If they did not click on this card,
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we consider this event a ‘ghost click’, i.e. a click that could have been committed
to, but which the participant decided against after considering it.

. We will run a 2-way ANOVA (factors: study part and knowledge state) on the
number of long (more than 500 ms) dwellings over unrevealed black cards, and
which do not result in a click.

. We will run a 2-way ANOVA (factors: study part and knowledge state) on the
difference in decision time between the first and second cards revealed within
symmetric pairs. We will control for each person’s average RT at each click made,
since RT for later clicks is likely smaller. We will extract the difference in median
RT between all black cards that were the first of a pair vs the second of a pair.

. We will run a 2-way ANOVA (factors: study part and knowledge state) on the
difference between total horizontal and vertical distance traversed by the cursor
across a game.

. We will test the hypothesis that participants in Part 2 make choices that are
consistent with the state of the revealed board at each timestep. We do this by
constructing a model which enumerates all possible board arrangements according
to the rules of the game (but not the symmetry rule). After each click, the model
excludes all arrangements that are inconsistent with the newly obtained
information. Using the remaining set of viable boards, each location on the grid is
then ranked by the likelihood of holding a black card. This rank predicts the
suitability of choosing the location according to the model. We will compare the
rank of the data according to this model, against the rank of a shuffled order of
clicks/errors.

. We will then construct a symmetric model which only takes symmetric

arrangements into account. The set of possible arrangements on the board is much
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smaller than the set considered by the previously constructed, naive model. The
mean rank per board (for all guesses, VIlla, and for errors only, VIIIb) will be

subjected to the 2-way ANOVA with factors study part and knowledge state.

Additional Analyses Chapter VI

Avoidable Errors & Avoidable False Hypotheses

Does the rate of errors that are inconsistent with knowledge of the symmetry rule differ
between the conditions? We intended to test the hypothesis that actors are significantly less
likely to commit types of errors that are inconsistent with knowledge of the symmetry rule.
Avoidable errors are all symmetric twins of already revealed white cards (see cards framed in
red Figure 16 Top Midde). Rule-followers would know that these locations cannot contain a
black card and would therefore avoid clicking on them. We intended to test the hypothesis
that the rate of avoidable errors as a proportion of all errors/all legal errors was significantly
lower for actors than for players in early boards.

In Figure 25 A we plot the proportion of avoidable errors for players and actors.
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Figure 25: Additional Analysis of False Hypotheses Chapter VI A) Avoidable
errors as a proportion of all errors made, per condition B) Avoidable false hypotheses

(considering clicking on white) as a proportion of all hypotheses, per condition.

This measure however could not be de-correlated from the number of errors. We do not
show the pre-registered ANOVA here (it shows a significant effect) because we realised, after
we found a stark difference in the number of errors across conditions, that we need to control
for the error rate. We ran a downsampling procedure and found that the difference in the
number of avoidable white clicks disappears when we have the same number of white clicks
made.

To control for the number of errors made, we ran the following procedure 100 times: for
each participant and round, we extracted the smaller number of errors made across part 1 vs
part 2. Le. if a participant revealed 6 white cards in round 3 during part 1 but only 2 white
cards in part 2, we downsampled the errors made during play to 2. We select 2 of the 6 errors
made in that round at random. After both conditions had a matched number of errors, we

determined if any of the remaining errors were mirror-symmetric of one another (which
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would yield one avoidable error). Lastly, we ran a paired t-test on the per-person ratios of all
avoidable errors to all errors made across part 1 vs 2. After repeating this procedure 100x, we
find no discernible difference in the rate of avoidable errors given that only 1% of all test
statistics yielded a p-value below 0.05. Our analysis does not show that participants make the
same types of errors in both parts at the same rate. It shows that we cannot show that there is
a difference due to our confound.

In Figure 25 B we show the rate of avoidable false hypotheses over all hypotheses
(computed just like correct hypotheses, except for hidden black card). If a false hypothesis
occurs over a location for which the symmetric twin has already been revealed to be white,
then this hypothesis was ‘avoidable’, in that a rule-follower (who is aware of the mirror-
symmetric arrangement) would not consider this location. We intended to test the hypothesis
that actors make fewer avoidable false hypotheses in early rounds, but the analysis is subject
to the same confound as above, since the numerator is assessed in respect to already revealed
cards. As noted in the discussion section, future versions of this study design can account for

this confound.
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