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Summary

Perception is typically consistent: when the same sensory input is encountered again, subjective
experience tends to be similar. Experimental neuroscience implicitly relies on a related assumption—
that stimulus-evoked neural activity contains a consistent component that can be recovered from noisy
recordings, for example, by averaging across trials. Yet such consistency is not guaranteed for a high-
dimensional, recurrent, and intrinsically fluctuating system such as the brain. Neural activity varies
across multiple scales, from local circuits to large-scale networks, and a growing literature argues that
such variability is not merely a nuisance but can be functionally important, supporting flexible
dynamics. The brain, therefore, faces a dual requirement: it must remain globally flexible while
achieving strong input-conditioned consistency when needed. How this dual requirement is realised
remains unclear.

In this thesis, I propose the selective consistency hypothesis: through experience, the brain
selectively increases stimulus-conditioned neural consistency for a subset of inputs via synaptic self-
organisation, and this selective increase supports more consistent perception for those inputs. This
hypothesis is motivated by (i) evidence that response consistency is not fixed but can change with
development and experience, and (ii) findings from perceptual learning paradigms in which perceptual
selective consistency improves rapidly for complex stimuli that are difficult to explain through
conventional feature-based accounts. The central behavioural model paradigm in this thesis is the
noise-repetition detection (NRD) task, in which listeners judge whether concatenated white-noise
segments are identical within a trial. A characteristic finding is that performance improves selectively
for a repeatedly encountered exemplar, indicating experience-dependent gains in perceptual
consistency for that specific stimulus.

To test the selective consistency hypothesis from complementary angles, I conducted (1) a

computational simulation study and (2) a human EEG study during NRD performance.

In the simulation study, I examined whether a recurrent neural network can acquire selective
consistency through local plasticity. Using an echo state network framework with weak Hebbian (Oja-
type) plasticity in recurrent connectivity, I presented input time series analogous to NRD stimuli. The
network developed higher selective consistency for repeatedly experienced inputs, while its responses
to non-repeated inputs changed little. Importantly, this effect emerged without optimisation with
respect to an explicit task objective, supporting the possibility that selective consistency can arise
through self-organising dynamics. The magnitude of selective consistency acquisition depended on
the network’s baseline dynamical regime: it was maximised near criticality, at the boundary between
overly ordered and overly chaotic dynamics (with the optimum slightly biased towards the chaotic

side, where p = 1.4, p<0.001). In more ordered (e.g., p = 0.9) or more chaotic regimes (e.g., p =



1.9), selective consistency was not observed. This result motivates the idea that intrinsic network

properties can constrain a system’s capacity to acquire selective consistency.

In the EEG study, I tested whether neural and perceptual selective consistency develop together
during NRD, and whether individual differences in learning relate to intrinsic neural properties.
Following preregistered procedures, I collected behavioural and EEG data from 24 naive participants
(19 females, with an average age of 34.17 £ 9.02 years, range = 21-45) while they performed the NRD
task. Participants listened to sounds composed of concatenated white-noise segments and judged on
each trial whether the segments were identical. Behavioural results showed a significant learning
effect: repeated-measures ANOVASs revealed a main effect of stimulus type on hit rate (F123 =5.42, p
= 0.029, np? = 0.191) and on d’ (Fi 23 = 12.19, p = 0.002, np? = 0.346), with no Type x Session
interactions (hit rate: F246=1.02, p=0.367;d’: F246=1.46, p=0.242). Perceptual reports of repetition
were associated with higher within-trial neural consistency in sensory and parietal regions in
broadband activity (theta, alpha, beta, with the most robust effect of beta: FDR corrected ¢ << 107°).
Conversely, perceptual reports of repetition were associated with lower within-trial consistency in
delta-band activity in the parietal region (FDR corrected ¢ < 0.035). These relationships strengthened
for the repeatedly encountered stimulus as learning progressed (temporal and parietal beta: g << 10°¢;
parietal delta: g << 107°). In addition, delta-band phase analyses revealed stimulus-specific inter-trial
consistency in correct trials for the learnt stimulus, but only in sessions in which learning was
successful. Because phase-based measures index cross-trial consistency in the timing of neural activity,
this pattern is consistent with the view that learning is accompanied by increased stimulus-specific
consistency in task-relevant computations at the network level.

Across the two projects, the findings converge on two conclusions. Firstly, selective-consistency
acquisition varies substantially across systems and individuals. In the EEG experiment, learning
performance distribution significantly deviated from normality (Shapiro—Wilk: W = 0.85, p = 0.0026),
with high intraclass correlation across sessions, within-participant. Secondly, this variation is
predictable from intrinsic properties of the underlying network: baseline dynamical regime in
simulation and resting-state neural dynamics in humans. Given that disruptions of criticality have been
linked to neurological and psychiatric conditions, the selective consistency framework suggests a
principled way to reinterpret some impairments as constraints on the ability to acquire stimulus-
specific consistency, rather than as simple increases in variability.

In summary, although the present work focused on a single paradigm (the NRD task), the results
support the selective consistency hypothesis. Substantial challenges remain, including direct
validation in vitro and formalising the mathematical mechanisms by which selective consistency can
be acquired through self-organisation, as well as linking the framework more rigorously to existing

computational theories. Nevertheless, the hypothesis is attractive in that it proposes a mechanism for



the brain’s dual nature—overall flexibility/variability alongside stimulus-specific consistency—that
emerges naturally as a dynamical property, without reliance on optimisation with respect to an explicit
objective function. Rather, considering conventional optimisation-based accounts of brain function
exploit dynamical properties, selective consistency may serve as a foundational substrate for them.
Moreover, because dynamical properties are constrained by underlying structure, this framework may
help bridge structural-level findings relevant to disease with higher-level functional abnormalities.
Thus, despite many open questions, the selective consistency hypothesis proposed here may pave the

way for a new direction in neuroscience.
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1. General Introduction

1.1. Consistency

In this thesis, I use consistency as a dynamical systems notion of reproducibility of trajectories
rather than a synonym for low variability. Specifically, for a given stimulus input stream u(t), a neural
system is consistent if repeated presentations of the same input drive its internal state trajectory into a
similar region of state space, despite nuisance perturbations such as trial-to-trial noise, uncontrolled
initial conditions, and contextual fluctuations. This definition is intentionally input-conditional: the
brain may remain globally variable across time and states, while still exhibiting reliable, stimulus-
conditioned responses when the input provides sufficient constraint. Throughout, I distinguish neural
consistency (reproducibility of neural trajectories or representational features) from perceptual
consistency (reproducibility of subjective perception), and I treat the former as a candidate mechanistic

substrate for the latter.

Neural consistency—the property of producing similar internal neural states regardless of initial
conditions or contextual fluctuations, and its contrast with variability—is essential for maintaining a
stable representation of the environment and for controlling behaviour. Without such consistency, the
brain would lose any sense of uniformity in the world; learning, adaptation, and any other meaningful
cognitive operations would become impossible. Although many theories have been proposed
regarding how the brain acquires information about the external world and learns to generate optimal
actions, all of them, implicitly or explicitly, assume that the neural responses to a given input
(observation) u are approximately consistent, aside from modulations arising from specific factors
such as attention, neuromodulation, or behavioural context. Also, in experimental neuroscience, we
assume the brain is a system that embeds consistent information representations for identical inputs
while retaining sufficient flexibility to adjust its processing according to situational demands. On this
basis, we usually record multiple trials of neural responses to the same input and identify consistent
activity embedded in noisy neural responses. Neural activity patterns that reliably occur in response
to the same stimulus are typically referred to as neural representations, and a substantial body of work
has examined the brain regions, frequency bands, and even individual neurons that give rise to these
consistent patterns. Understanding when and how neural systems exhibit neural consistency is,

therefore, a foundational problem in neuroscience.

However, from the perspective of nonlinear dynamical systems theory, repeatedly producing
similar internal states for the same input is not a trivial property for a high-dimensional, recurrent,
nonlinear, and noisy system such as the brain. Theoretically, whether a complex dynamical system

possesses consistency is determined by the properties of its connectivity matrix (LukoSevicius &
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Jaeger, 2009; Sompolinsky et al., 1988). A connectivity matrix specifies the direction and strength of
interactions among the system's components; in the brain, this corresponds to synaptic connections as
well as anatomical, functional, and connectivity across regions. Consider a driven dynamical system

given by

20 = g(x(®), u(®), (eq.1)

where x(t) denotes the internal state, u(t) is an external input drive, and g is a nonlinear function
determined by the system's dynamic property and structure (Uchida et al., 2008). In this framework,
'consistency' refers to the convergence of state-space trajectories across trials under the identical input
u(t) (Uchida et al., 2004). Formally, for repeated trials indexed by k, consistency can be expressed

as a convergence condition such as:

lim ||xk(t) - xk+1(t)|| =0, (eq.2)

for a fixed input u(t), meaning that different initial conditions of internal state and nuisance
perturbations do not prevent dynamics from approaching the same attracting trajectories of state space
(it can be written as an input-conditioned mapping x(t) = ®(u)). In idealised settings—linear,
feedforward, noise-free, and perfectly isolated from other influences—such convergence is expected.
But real neural systems violate all of these conditions: neural activity is continuously perturbed by
noise and ongoing dynamics; connectivity is strongly recurrent, so past states feed back into the
present; and, crucially, the brain is never driven by "the stimulus alone". Even when the nominal
sensory stimulus is identical, the total drive includes nonstationary sensory background, internal state
fluctuations, and top-down influences (attention, expectation, neuromodulation), so the resulting input
to the system is not exactly the same twice (Arieli et al., 1996). These considerations imply that
consistency should be treated as a non-trivial dynamical achievement rather than an automatic baseline

property of the brain (Sussillo & Abbott, 2009).

Importantly, a growing body of work also argues that neural variability is not merely nuisance
noise to be eliminated, but can be functionally meaningful (Dinstein et al., 2015; Garrett et al., 2011;
Stein et al., 2005; Terlau et al., 2025). In macro-level neuroscience using electroencephalography
(EEQG) and functional magnetic resonance imaging (fMRI), trial-to-trial variability in neural activity
was traditionally dismissed as measurement noise (Arieli et al., 1996; Goris et al., 2014). However,
accumulating evidence indicates that such variability carries functional meaning. For example, Garrett
and colleagues demonstrated that moment-to-moment blood oxygen-level-dependent (BOLD)
variability predicts cognitive performance better than mean activation, suggesting that variability
reflects a system's processing capacity rather than noise (Garrett et al., 2011). In EEG, trial-to-trial

variability decreases with perceptual learning and increases under conditions of uncertainty,
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suggesting that variability tracks internal neural states relevant to decision making (Arazi et al., 2017).
At a more mechanistic level, computational and theoretical studies have argued that variability enables
efficient sampling of latent environmental structure and supports flexible switching between
behavioural states (Berkes et al., 2011; Dinstein et al., 2015; Faisal et al., 2008; Orban et al., 2016).
Studies of spontaneous neural dynamics have likewise shown that variability is structured rather than
random, correlating with behavioural variability, attention, and readiness to respond (Churchland et
al., 2010; He, 2013). Together, these findings motivate a view in which the brain benefits from
remaining globally variable and flexible, while still maintaining sufficient input-conditional

reproducibility to form stable representations when needed.

Against this background, an increasingly influential perspective is that effective neural
information processing requires an appropriate balance between consistency (stability, order) and
variability (flexibility, exploration). An overly consistent system would lose the flexibility required to
adjust its computations to contextual demands. In contrast, an overly variable system would fail to
form stable representations and thus could not adapt to the environment. Related computational
frameworks propose that neural systems may operate near the boundary between order and disorder
(often described as the "edge of chaos" or criticality), where both reliable representations and flexible
dynamics can coexist (Beggs, 2008, 2019; Beggs & Plenz, 2003; Chialvo, 2010; Chua et al., 2012;
Kumar et al., 2017). Indeed, recent work has increasingly documented relationships among the balance,
developmental stage, learning, psychiatric conditions, and ageing (Cocchi et al., 2017; de Arcangelis
& Herrmann, 2010; Voytek et al., 2015; Wilkinson et al., 2024; Wilting & Priesemann, 2019).
Clarifying how a fundamentally variable brain nevertheless produces input-conditional consistency is
therefore a central question with implications for basic neuroscience, clinical research, and
engineering (Arieli et al., 1996; Churchland et al., 2010). In the next section, I extend this problem by
asking whether such reproducibility is acquired in a stimulus-dependent manner—namely, the

selective consistency hypothesis.

1.2. Selective Consistency

Building on the definition above, I define “selective consistency” as the stimulus dependence of
input-conditional consistency: through experience, only a subset of inputs (or input features) come to
elicit strongly convergent trajectories, whereas other inputs continue to evoke weakly constrained,
idiosyncratic dynamics. Selective consistency is therefore not the same as classical feature selectivity
(a detector for a stimulus attribute), nor does it imply indiscriminate "collapse" of responses across
different stimuli. Rather, it describes a learnt contraction of dynamics that can remain compatible with

discrimination when different stimuli drive the system towards distinct attractor-like regions or distinct
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stimulus-locked manifolds (Hopfield, 1982).

Integrating the background reviewed in the previous section yields a concrete hypothesis about
how stimulus-dependent consistency emerges. The brain is a high-dimensional, noisy, and context-
sensitive dynamical system; consequently, the consistency of neural representations for a given input
should not be treated as an invariant, innate property. Instead, consistent responses are expected to be
acquired for particular inputs repeatedly encountered via experience-dependent reorganisation of
network dynamics. Empirically, this expectation is consistent with converging observations across
development and learning: perceptual judgements often become more stable with exposure;
developmental work has reported reductions in certain components of neural variability alongside
more stable sensory representations; and some decoding studies suggest that neural representations
can become more reliable across sessions (Jehee et al., 2012; Poort et al., 2015; Schoups et al., 2001).
Collectively, these findings suggest that experience improves the consistency of neural representations

in an input-dependent manner, thereby supporting stable perception.

In this thesis, I formalise this perspective as the selective consistency hypothesis: the proposition
that the brain selectively acquires consistency only for inputs it has experienced, by reorganising

network dynamics in a stimulus-specific manner while preserving overall variability and flexibility.

Non-Mathematical Definition

1. Initial regime: Early in development or before learning, neural trajectories can be weakly
constrained, such that repeated presentations of the same input may yield variable representational
states.

2. Experience-dependent reorganisation: With repeated exposure, neural connectivity
and/or dynamics reorganise so that specific inputs drive the system into more reproducible
(consistent) trajectories.

3. Computational role: This stimulus-specific increase in consistency can be partly
dissociated from—and can provide a substrate for—downstream processes such as feature

detection, decision formation, and higher-level learning rules.

Before developing the hypothesis further, it is useful to distinguish this framework from a classical
line of work on feature selectivity in sensory systems. Numerous studies have demonstrated selective
and reliable neural responses to particular stimulus features or categories (e.g., orientation selectivity
in primary visual cortex (Hubel & Wiesel, 1962), categorical selectivity in higher-level areas (Haxby

etal., 2001; Kanwisher et al., 1997), highly specific units in the medial temporal lobe, and even highly
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specific cells, such as the so-called Jennifer Aniston neuron (Quiroga et al., 2005). Also, even for more
explicitly dynamic stimuli, feature detector neurons which respond to specific combinations or queue
of signals are well-known (Doupe & Solis, 1997; Solis et al., 2000; Suga et al., 1983). However, the
crucial difference lies in where and how "consistency" is characterised. In classical feature-selectivity
accounts, reliable responses are primarily attributed to specific detectors—individual neurons or small
populations tuned to particular features. In contrast, selective consistency refers to a property of the
network's global dynamics: a selective increase in the consistency of the system's trajectory in response
to a given input pattern. On this view, selective consistency is not itself a task-specific computation;
rather, it is a dynamical property that other computations can exploit. Accordingly, later sections (e.g.,
Section 4.3) discuss how selective consistency can be distinguished from changes in sensitivity and
related to broader learning frameworks, such as predictive coding (Rao & Ballard, 1999). The key
claim of this thesis is that selective consistency provides a principled precondition—input-dependent
representational consistency—under which downstream computational theories of perception and

learning can operate effectively.

Mathematical Definition

Based on the above considerations, selective consistency can be formalised physically as the
property that differences in initial conditions decay over a transient period, yielding stable neural
responses only for specific inputs s € Sgc. Let the physical sensory stimulus (i.e, physical object,
soundwave) be denoted by s, the corresponding sensory input signal by u(t;s), and the sensory
representation on trial k by x*(t;s). Let @ represent internal model (i.e, synaptic connectivity),
and & denote stimulus-irreverent noise and intrinsic neural fluctuations. Under these definitions, the

brain maps a stimulus s to a neural response following

xk(t;5) = o(x*(t — 1;5),u(t; 5), 0%, ¥). (eq.3)
Here, the mathematical expression of selective consistency can be written by just adding the
condition that the stimulus s is fixed in equation (2):

lim ||xk(t; §) — XK1t s)|| ~ 0. (eq.4)

In practice, neural responses are finite in duration, and the trial-to-trial differences cannot be exactly

zero because of ¢, so I define the following selective consistency measure:

1
Ceost () = mftETss(s) Var, [x*(t; s)] dt (eq.5)

1
€)= 7 €(01], (eq.6)

where Ty (s) = [T (S), Tena(s)] is a time window of a stable state after the transition point Ty,.(s).
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C takes values between 0 and 1, and larger values of C(s) indicate higher selective consistency for
the stimulus. Because the system is subject to noise &, C(s) will not reach 1 in practice, nor will it

be exactly 0 for any stimulus.

1.3. Structure of This Thesis

The selective consistency hypothesis follows naturally from existing empirical and theoretical

observations, yet it faces two major challenges.

Firstly, classical theories of nonlinear dynamical systems do not address how a system could
acquire stimulus-specific consistency. In standard formulations, a system becomes globally more
consistent only if its dynamics converge toward stable attractive trajectories. Applied to the brain, this
would imply that a system that begins in a chaotic regime becomes progressively more consistent as
it develops. However, such a scenario would lead to a loss of flexibility. As the brain matures, its
dynamics would become increasingly rigid, eventually impairing its ability to adapt behaviour to
changing environments. Thus, what is required is a mechanism that allows the system to maintain
global preservation of flexibility while selectively increasing the consistency of responses only for
stimuli that have been experienced. This mechanism represents a form of optimisation not captured

by existing dynamical systems accounts.

Secondly, no study to date has provided a direct demonstration that neural and perceptual
consistency are jointly acquired through experience. Although developmental studies and research on
perceptual learning indirectly hint that such coupled changes must occur, they do not provide explicit
evidence for the stimulus-specific emergence of consistency (Agus et al., 2010; Naik et al., 2023;
Riggins & Scott, 2020). To validate the selective consistency hypothesis, a more direct, mechanistic

investigation is required.

In the following two chapters, the selective consistency hypothesis is examined from both
theoretical and empirical perspectives. Firstly, section 1.4 introduces the Noise Repetition Detection
task, which serves as the experimental paradigm for this study in modelling selective consistency. In
Chapter 2, I employ reservoir computing combined with Hebbian-like plasticity to demonstrate that
selective consistency can emerge spontaneously through experience in a self-organising manner. In
Chapter 3, I analyse human EEG data collected during the Noise Repetition Detection task to quantify

neural consistency and to examine how this measure relates to experience and perceptual consistency.

Finally, in General Discussion, I integrate insights from these two projects and offer a
comprehensive discussion of the principles underlying consistency formation in neural systems, as

well as the relationship between selective consistency and existing theories of learning.
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To maintain readability, I do not provide detailed explanations of specialised terminology from
physics, mathematics, or biology in the main text. Where necessary, readers are referred to the

Glossary via the embedded links.

1.4. Noise Repetition-Detection task

As the behavioural task for assessing selective consistency, I adapted an implicit unsupervised
auditory perceptual learning—noise repetition detection (NRD) task—introduced by Agus and
colleagues to study how the auditory system forms memories for arbitrary, complex sounds (Agus et

al., 2010).

In a typical NRD task, listeners hear several-second-long white-noise excerpts and perform a two-
alternative forced choice task to judge whether the sound contains a brief repeating segment or is pure
noise. On "repeated-noise" (RN) trials, a short identical noise snippet (i.e., first and second 500 ms
halves of 1-second stimuli) is seamlessly concatenated multiple times into a longer noise stream,
whereas on "noise" (N) trials, the waveform is continuously regenerated so that no exact segment
repeats within the trial. Crucially, small subsets of RN and N stimuli are secretly designated as
"reference repeated noise" (RefRN) and "reference noise" (RefN): the same snippet recurs across
many trials within a block, even though participants are never told of their existence and receive no
explicit feedback (Fig. 1). Repetition-detection performance is then compared between RN trials,
which repeat within a single trial, and RefRN trials, in which the same noise pattern recurs across
trials. Basically, the behavioural results show improved detection accuracy only for RefRN (see 1.4.1

for details).

There are several reasons to employ the NRD task to test selective consistency. As a premise, the
NRD task requires listeners to judge the identity of a given noise segment, so the resulting performance
functionally reflects the consistency of perception for these segments. In this framework, the
characteristic finding that performance remains low for RN but improves specifically for RefRN
indicates the emergence of perceptual selective consistency for the RefRN waveform. Furthermore,
because selective consistency is a dynamical construct, static stimuli are inherently unsuitable; this
consideration already excludes many visual paradigms. Although dynamic visual stimuli such as
optical flow or naturalistic videos could, in principle, be used, they are inappropriate if, consistent with
the definition in Section 1.2, selective consistency is acquired through development and experience.
Most such visual stimuli, despite their fine-grained variability, are sufficiently similar to things
participants have encountered throughout their lives. In contrast, while listeners may have categorical
experience with "white noise," each noise waveform is statistically independent, and its temporal

evolution is in principle unpredictable from experience. For these reasons, the NRD task provides a
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uniquely suitable paradigm for examining selective consistency in its pure form: it allows us to probe
the consistency of perception and neural activity for a given temporal stimulus without contamination

from prior familiarity, semantic structure, or predictable temporal statistics.

1.4.1. Previous Findings: Behavioural Aspects

Agus et al. and subsequent studies showed that listeners rapidly acquire robust memories for
completely meaningless noise exemplars: detection of repetitions becomes almost perfect for RefRN
(Agus et al., 2010), learning occurs without supervision or awareness even during sleep (Andrillon et
al., 2017), and memory traces can persist for weeks (Agus et al., 2010). Also, some studies replicated
these results using similar but different stimulus patterns: longer sample audio (Agus et al., 2010),
shorter and separated by intermediate irrelevant audio segments (Andrillon et al., 2015; Ringer et al.,
2022, 2023), random auditory pulse trains (Kang et al., 2017, 2018), random spectral pattern segments
(Kang et al., 2021), tone clouds (Kumar et al., 2014; Agus & Pressnitzer, 2021), and visual and tactile
pulse trains (Kang et al., 2018). All these studies showed performance benefits for RefRN—or stimuli
playing a role like that—in terms of higher hit rate (HR), sensitivity (d') and faster reaction times
compared to RN. Furthermore, this learning effect is robust even for patients with dyslexia (Agus et
al., 2014). Taken together, these results indicate that the NRD task taps a form of unsupervised, largely
implicit perceptual learning supported by idiosyncratic temporal features in the noise, rather than by

any semantic or categorical structure.

Although this point has not been highlighted in subsequent studies, it is noteworthy that the
distribution of learning performance for RefRN is bimodal: approximately two-thirds of the data are
clustered around chance level, and the remaining data are scored almost perfectly in the first study
(Agus et al., 2010). In the study, each participant completed multiple blocks, learning a different
RefRN in each block. Interestingly, roughly half of the participants failed to exceed chance level in
any block, whereas the other half achieved accuracy above 90% in at least one block. This pattern
suggests that there are individual differences in the learning abilities and underlying neural substrates
required for this task, and that even when the capacity for such learning is present, it does not

necessarily manifest reliably on every occasion.

1.4.2. Previous Findings: Neuroscience Aspects

Subsequent studies assessing neural mechanisms of the NRD task reported increased event-related
desynchronisation (Andrillon et al., 2015, 2017; Ringer et al., 2023) and inter-trial phase coherence
(Luo et al., 2013; Andrillon et al., 2015, 2017) for RefRN. The first study measured neural activity
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during the NRD task using magnetoencephalography (MEG) and reported that, as initially novel noise
patterns are memorised, a reliable inter-trial phase coherence (ITPC) in low-frequency (3-8 Hz)
responses appears in the auditory area (Luo et al., 2013). Moreover, they reported that the acquired
patterns for different RefRN patterns were distinguishable. Andrillon et al. (2015) reported trials of
learnt RefRN stimuli evoke reliable "memory-evoked potentials": early-latency ERP deflections with
auditory topographies that resemble a standard N1-P2 complex from parietal, temporal, and occipital
areas, in addition to consistent results regarding increased ITPC in the low frequency band (0.5-5 Hz).
They also showed significantly higher stimulus-type decoding accuracy at the single-trial level, as
assessed by logistic regression of the ERP, for RefRN than for RN (Andrillon et al., 2015). Those
tendencies were confirmed even in the absence of task demands and attention, in an EEG study during
human sleep (Andrillon et al., 2017) and in anaesthetised rats (Kang et al., 2021). A fMRI study
revealed that the learnt patterns could be decoded using multi-voxel pattern analysis (Norman et al.,
2006), with activity in the planum temporale and the hippocampus (Kumar et al., 2014). To sum up,
previous findings regarding this task converge on strengthened phase alignment across trials in the

temporal auditory area through learning on meaningless, featureless noise time series.
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Figure 1. Abstract information on the Noise-repetition detection task.

Overview of the task. Typically, four types of white-noise stimuli are used, divided into two
classes depending on whether the same noise segment is repeated (RN) or not (N). Participants
report, in a 2AFC format, which class the stimulus belonged to—i.e., whether they perceived
repetition in the sound. N and RN are each further subdivided into two stimulus types. RefN
and RefRN use the same noise segment not only within a trial but also across trials, and are
therefore learnable stimuli. The presence of these two stimulus types is usually not disclosed to

participants.
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1.4.3. Remaining Questions and Selective Consistency

In this study, I decompose the information-processing operations involved in the NRD task into
two stages—Representation and Decision—and propose selective consistency as the mechanistic
principle governing the Representation stage. By showing that this framework resolves the outstanding
issues associated with NRD learning, I provide empirical and theoretical support for the selective

consistency hypothesis.

Many studies have reported that, after only a handful of exposures to the RefRN waveform, neural
activity becomes more consistent across trials (in terms of both amplitude and phase), and that this
change correlates with behavioural performance. Although those findings are intriguing, the learning

mechanisms underlying the NRD task have not yet been adequately discussed.

Firstly, despite the original study reporting significant variability in the learning effect, no study
to date has assessed its neuroscientific basis (Agus et al., 2010). Given that roughly half of the
participants failed to learn at all, it is plausible that this variability is strongly related to individual
factors, such as age, musical experience, and neurobiological characteristics, including traits
associated with neurodevelopmental disorders. Such individual differences may provide valuable
clues for uncovering the underlying mechanisms. Moreover, even among the remaining half of the
participants who were able to learn, learning did not occur consistently. Some participants learnt in
some blocks but not in others. Thus, analysing those blocks separately is crucial for elucidating the

neural mechanisms involved, yet no previous study has explicitly incorporated this aspect.

Secondly, despite its crucial role in understanding this task, one aspect that has been largely
overlooked is the within-trial, across-segment comparison of neural activity. As participants do not, in
fact, compare sounds across trials, but rather compare segments within a trial, any account of why
repetition detection performance improves must be framed in terms of changes in within-trial neural

activity (i.e., improved consistency across noise segments).

Lastly, there is the question of the mechanism that enables such rapid changes in behavioural and
underlying neural activity. Because behavioural performance on this task approaches the ceiling after
only a few exposures, the underlying neural changes—whether across or within trials—also must be
realised through few-shot learning. Despite the scientific potential of such a computational mechanism,
to my knowledge, no studies have successfully explained the NRD learning effect from a theoretical

perspective.

All these remaining questions regarding the NRD learning effect converge to a need to decompose
the information-processing involved in this task. At its core, the NRD task asks participants to judge
the identity of a given sensory stimulus. This can be broadly divided into two stages: a sensory

representation process, in which the external sensory stimulus is projected into an internal neural
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activity pattern, and a comparison-based decision-making process, in which the representations are
evaluated for identity (Gold & Shadlen, 2007). In the remaining parts of this thesis, these are referred
to as the Representation stage and the Decision stage, respectively. Previous neurophysiological
studies using the NRD paradigm have relied exclusively on across-trial comparisons and, as a result,
have not been able to distinguish these two stages. Critically, evaluating the Representation stage
requires within-trial analyses, because only trial-internal neural dynamics can reveal how a given noise
segment is encoded before any decision comparison occurs. Separating these stages also enables a
precise investigation of individual differences in learning and performance fluctuations across blocks.
Moreover, it also helps consider the computational mechanisms—fundamentally different classes of
learning mechanisms govern the Representation and Decision stages. By decomposing the NRD task
into these two stages, the three unresolved issues outlined above converge on a single overarching
question: whether and how NRD learning effects arise from changes in the Representation stage, the

Decision stage, or even both.

The Representation stage corresponds to how each noise segment is encoded within neural activity.
The sensory organs, transmission pathways (i.e., the inferior colliculus), and auditory cortical areas
should be involved in this stage (De Martino et al., 2013; Nourski et al., 2014). The Decision stage,
by contrast, aggregates a broader set of processes: comparing the currently represented noise segment
with its short-term memory trace, judging whether they match, and generating a motor response.
Modulatory factors such as task motivation and attention are also assumed to exert their effects at this
stage. Therefore, brain-wide areas are involved at this stage, including the higher auditory cortex,
regions of the frontal-parietal network (Ridderinkhof et al., 2004; Gold & Shadlen, 2007; Keuken et
al., 2014), and the limbic system (Carter et al., 1998).

From this two-stage perspective, the existing literature suggests that NRD learning arises primarily
within the Representation stage. In most domains, perceptual learning is explained by changes at the
Decision stage (Dosher et al., 2013)—for example, through predictive coding (Rao & Ballard, 1999)
or reinforcement learning (Niv, 2009). In predictive coding and related Bayesian frameworks, the brain
uses priors constructed from experience to generate predictions about incoming inputs and the
environment. Yet for white noise, the value at the next time point is determined entirely at random,
making prediction impossible in principle. So, to explain this task in terms of prediction, one would
effectively have to assume that the RefRN time series is memorised perfectly, which poses challenges
given only a few exposures (Denham & Winkler, 2020). Reinforcement learning also seems less
suitable as the dominant mechanism, because model updating requires feedback on decisions, whereas
the NRD task provides neither correctness nor reward feedback. Indeed, selective and rapid changes
in auditory cortical responses to RefRN have been observed even when stimuli are presented to

anaesthetised rats, and learning effects are also evident in humans who were exposed to stimuli during
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sleep and tested immediately upon awakening (Andrillon et al., 2017; Kang et al., 2021). These
findings indicate that improved performance does not depend on decision-related processes such as
strategic comparison, attention, or reward-based updating. Taken together, NRD learning is difficult
to explain in terms of changes in the Decision stage and is more plausibly attributed to modifications

within the Representation stage.

A representative update rule for the Representation stage is sensitivity sharpening at the level of
individual neurons or neural networks (Gilbert et al., 2001; Jehee et al., 2012; Schoups et al., 2001).
However, this framework is also not well-suited to explain the NRD learning mechanisms. Because
behavioural performance on this task approaches the ceiling after only a few exposures, the underlying
neural changes—whether across or within trials—also must be realised through few-shot learning. In
the sensitivity framework, learning is considered to work by sharpening neurons in sensory areas that
become selective to specific features, such as frequency preferences in primary auditory cortex (A1)
and the inferior colliculus (De Martino et al., 2013), chunked spatiotemporal patterns (such as
phonemes), or abstract concepts (such as music and human voice). Thus, in this scenario, explaining
NRD learning would require neurons to become more sensitive to the stimulus’s spectral properties
or to compress its temporal structure so that RefRN can be distinguished from other RNs. However,
all stimuli in the NRD task are white noise; their spectra are uniform and shared across all stimuli
regardless of the condition. Moreover, from an information-theoretic standpoint, white noise is a
maximally entropic, and therefore incompressible signal (Shannon, 1948). Consequently, to explain
NRD learning through a sensitivity-sharpening mechanism, one would have to assume the existence—
or rapid formation—of neurons or networks that respond selectively to an exact specific noise
waveform (Masquelier, 2018). Given that RefRN exposure occurs only a handful of times, the

feasibility of forming such particular detectors is extremely low.

In this thesis, through two complementary projects, I demonstrate that introducing selective
consistency as a new update rule for the Representation stage resolves the limitations of existing
accounts and provides empirical support for the selective-consistency framework. Consistency, in this
context, is not the selectivity of a particular detector but the stability of dynamics at the level of the
entire network. Theoretically, such stability is determined solely by the structure of recurrent
connections (Sompolinsky et al., 1988). It therefore does not require optimisation driven by outcomes
at the Decision stage—such as rewards, prediction errors, or correctness feedback. Consequently, if a
mechanism exists for updating consistency, it should operate independently of stimulus predictability

and remain effective even under NRD conditions, unlike other learning theories.

The computational implementation of achieving selective consistency is developed and
demonstrated in Project 1 under the conceptualised NRD task setting. In concurrent Project 2, using

human EEG experiments, I will provide evidence that NRD learning arises from changes in the
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Representation stage. Furthermore, based on the implications of Project 1 and the behavioural and
physiological data together, I will propose a mechanistic account of why individuals differ in their
capacity to develop selective consistency (Fig. 2). Finally, in the general discussion, I will discuss the
functional role and benefits of selective consistency, and its relationships with other existing learning

frameworks (see Section 4.3).
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Figure 2. Structure of this thesis.

(a) Conceptualised behavioural paradigm of NRD task. (b) Project 1, simulation study. The aim
is to explore the computational mechanism of selective consistency. (c) Project 2, human
behavioural and EEG study. The aim is to investigate whether neural selective consistency
emerges alongside perceptual selective consistency for RefRN stimuli. Detailed explanations

for each will be provided in the following Chapters.

2. Project 1. Computational Mechanisms of Selective

Consistency

2.1. Introduction

Project 1 is already published in PLoS Computational Biology as a peer-reviewed article (Goto &
Kitajo, 2024).
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2.1.1. Aim and Logic

In Project 1, I develop a minimal computational account of how selective consistency can emerge
in the Representation stage of the NRD task. The goal is not to model repetition judgements at the
Decision stage, but to demonstrate a more basic claim: repeated exposure to a particular exemplar can
self-organise stimulus-conditioned convergence of recurrent dynamics, creating a reliable substrate
that downstream readout or decision mechanisms could exploit. Accordingly, the model is not trained
to detect repetitions, and no performance-driven optimisation (e.g., reward learning, error

backpropagation, or supervised adjustment of recurrent weights) is applied.

NRD learning is difficult to explain within standard accounts because the RefRN advantage arises
after only a handful of exposures without explicit feedback, even though the stimuli are spectrally
similar and lack obvious compressible structure. Rather than assuming rapid formation of highly
specific feature detectors, I test whether selective consistency can arise as a network-level dynamical

property: convergence of stimulus-conditioned trajectories despite ongoing variability.

Moreover, because it is also suggested that individuals differ in their ability to achieve selective

consistency, a candidate mechanism is required to explain why these differences arise.

To address these points keeping the mechanism as general as possible, I use a simple recurrent
neural network as an abstract model of a local recurrent circuit that transforms sensory drive into time-
evolving internal states. I then ask when a biologically plausible local rule—Hebbian-like plasticity—
can modify the network’s connectivity so that only repeatedly encountered inputs elicit consistent
trajectories. Finally, I examine how the network’s initial dynamical regime constrains this acquisition,

focusing on criticality-related properties of the recurrent connectivity.

2.1.2. Working Hypotheses
H1. Self-organisation through Hebbian plasticity allows the network to acquire a

selective consistency to a particular input

Given prior findings that NRD learning can progress during sleep and that neural activity becomes
more consistent through development, it is natural to consider that the acquisition of selective
consistency should proceed implicitly and unsupervised. In the nervous system, both unsupervised
and supervised learning are realised through updates of synaptic connection strengths. The most
common synaptic plasticity rule for unsupervised learning is the Hebbian rule (whereas supervised
learning, such as backpropagation, is often described in terms of a different plasticity rule, the

generalised delta rule).
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H2. Network's recurrent connection property limits H1, and maximises it at the

criticality

Individual differences in the ability to acquire selective consistency, as suggested by prior studies,
should also be reproduced by this model. One important property related to consistency in an RNN is
criticality. Criticality is determined by interactions among various properties of the connectivity matrix
(such as the excitatory/inhibitory balance, connection density, and average connection strength). It is
known that the brain achieves the highest performance in a critical regime that is neither too low nor
too high, and that in early development and in disease, it deviates from this regime into subcritical or
supercritical states. When the system becomes supercritical, it loses consistency, and when it becomes
subcritical, it loses variability. Therefore, in this study, I hypothesised that if a network has a moderate
initial level of criticality, plasticity can induce stimulus-selective changes that shift its conditional
behaviour towards the subcritical side; if the network starts from the subcritical side, it cannot be

variable; if the network starts from a supercritical regime, it cannot overcome its too strong variability.

2.2. Methods

In Project 1, I tested whether an RNN can acquire selective consistency via Hebbian plasticity and,
if so, under what conditions. The representation stage models the process by which an external
stimulus s is transformed into sensory afferent signal u, and by which u is further transformed into
neural representations x in the sensory cortex. Even within the broad category of "sensory-cortex
models", there exist diverse approaches, including DNNs incorporating laminar cortical architecture
as characterised in the visual cortex, RNNs that assume within-layer horizontal connections, and
neural mass models designed to capture more global activity. To avoid imposing specific anatomical
assumptions about selective consistency, I adopt an RNN as an abstract model of an arbitrary local
recurrent cortical circuit that generates time-evolving internal states in response to stimulus input. The
simplest RNN has no explicit layers or clusters; it consists of a single network with a random recurrent
connectivity matrix that allows excitatory and inhibitory connections. Anatomically, this can be
regarded as an abstraction of within-layer horizontal connections, or more generally of recurrent
connections within a cortical area. As will be shown later, the qualitative behaviour of an RNN depends
on algebraic properties of its connectivity matrix (Sompolinsky et al., 1988). Accordingly, I
demonstrate that the plasticity introduced into the RNN modifies the connectivity matrix and
selectively enhances the consistency of stimulus-conditioned trajectories for particular inputs. I further

show that the RNN's initial properties constrain the ability to acquire selective consistency.
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2.2.1. Stimuli and Input Design

As my aim in this study was to simulate neural dynamics in the NRD task (Agus et al., 2010), the
stimuli were generated in the same way (Fig. 3a). There were four stimulus types: N, RN, RefN, and
RefRN. The N and RefN stimuli consisted of 1.0-s of white noise at a sample rate of 44 kHz. The RN
and RefRN stimuli consisted of a repeated, identical noise segment concatenated twice. N and RN
stimuli were generated anew for each trial. RefRN and RefN were generated in the same way as RN
and N; however, their realisations were identical across all trials within each condition throughout a
simulation run. The input signals were generated as follows. Firstly, each stimulus type was generated
for 1.0-s (44,000 points). For RN and RefRN, the first and second segments (22,000 points) were set
as the same time series. Secondly, all stimuli were filtered through an A-weighting filter, which is the
most commonly used simple human auditory filter (Fig. S11) (Fletcher & Munson, 1933; Houser et
al.,2017). Finally, sound signals were resampled to 2,000 Hz to reduce computational costs. For model
training, five realisations per stimulus type (20 stimuli in total) were used as training data. The stimulus
order was pseudorandom, except for the final presentation, which was set as one of N stimuli to avoid

RefRN stimuli from being the last.

2.2.2. Network Model
Plastic Echo State Network

I used an echo state network (ESN), a reservoir computing model in which a fixed recurrent
“reservoir” is driven by the input, with only a linear readout trained through learning (Fig. 3b)(Jaeger
& Haas, 2004). This assumption aligns with the computational view adopted in this thesis: a local
cortical circuit processes and maintains an input time series as a state trajectory, and downstream
mechanisms read out that for information processing. Moreover, keeping the middle layer fixed
supports real-time processing and enables fast, lightweight updates, and has therefore been highlighted
as a useful abstraction of neural circuits under limited biological resources (Enel et al., 2016;

LukoSevicius & Jaeger, 2009).

However, fixing the recurrent connectivity means the model's computational capability depends
strongly on the reservoir's properties. To function effectively, ESN’s reservoir is required to possess
the echo state property (ESP) (Jaeger & Haas, 2004; Buehner & Young, 2006; Yildiz et al., 2012;
Boedecker et al., 2012). In the ESN literature, the ESP can be summarised as follows: when the same
input sequence u(t) is applied, differences in initial conditions are faded, and the reservoir states
x(t) becomes uniquely determined by the input history, x(t) = ®(u). In simple terms, the ESP
describes asymptotic state convergence of the reservoir network under a driving input. This can be

regarded as a special case of consistency as defined in this thesis. Thus, ESNs provide a natural
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theoretical basis for discussing consistency in neural systems.

Although a general necessary and sufficient condition for the ESP is not fully known, one
influential indicator is the spectral radius p(W), the maximum absolute eigenvalue of the recurrent
weight matrix W (Jaeger et al., 2007; Yildiz et al., 2012; Manjunath & Jaeger, 2013; Buehner &
Young, 2006). When the activation function of each reservoir node is f = tanh, it is empirically
known that ESNs satisfy the ESP for most time-series inputs when the spectral radius is below one.
Conversely, as it exceeds one and moves further away, the system loses the ESP (consistency) (Rajan
& Abbott, 2006). In this sense, the spectral radius corresponds to the edge of chaos (criticality) in the
system dynamics (Bertschinger & Natschldger, 2004). Conveniently, because p is defined from the
eigenvalues of the connectivity matrix W, we can obtain an arbitrary spectral radius by scaling W
(Lukosevicius, 2012). Therefore, although it is not a fully general criterion, I used the spectral radius

as an approximate index of dynamical stability versus instability in this study.

To explore whether synaptic plasticity in the reservoir enables the system to achieve selective
consistency for a learnt input, I incorporated a Hebbian plasticity rule (Oja, 1982) into the reservoir,
deviating from the standard ESN (Jaeger & Haas, 2004). Alterations to the reservoir weight matrix
affect the reservoir's consistency (ESP) via internal activity-dependent and unsupervised plasticity,

rather than through processes such as backpropagation.

The primary simulation concept is as follows: if ESNs with plasticity exhibit greater consistency
with Ref stimuli than with non-Ref stimuli after exposure to the stimulus set in the NRD task, then
self-organising changes in the network may be a mechanism for acquiring selective consistency in the

neural system.

Implementation

The ESN model has an input layer, a hidden recurrent layer (the reservoir), and an output layer

(Lukosevicius & Jaeger, 2009).
The input signal, u(t), is presented to the reservoir through the input weight matrix W™ from
the input layer neuron following:
x(t+1) =x@) +f (W(t)x(t) + Winu(t + 1)) + & (eq.7)

where x;(t),i =1,...,T are the neural activations at time point t. & replicates the internal Gaussian
noise and represents fluctuations of each neuron. f is the activation function of the neurons and is
defined as a hyperbolic tangent. W € RV*N is the synaptic weight matrix of the reservoir. In this

study, I arranged it to be dynamic and thus replaced it with W (t). The weight matrix, denoted by

27



W™ € RN*1 connects an input neuron to the neurons in the reservoir and is generated as a set of

uniformly distributed random numbers ranging from —1 to 1, fixed throughout the simulation.

The number of reservoir neurons was set to 500. The network was constructed as a sparse random
network with a coupling density of d = 0.1. Non-zero elements of the weight matrix were defined as

random numbers following a uniform distribution in the interval [—1,1].

To evaluate the impact of plasticity on reservoirs with varying degrees of consistency, I adjusted

the spectral radius p(W) of the reservoirs using the following modification:

desired

p

— d
w = wrandon p(Wrandom) :

(eq.8)

wrandom g the weight matrix that was initiated randomly without regard for a spectral radius, and
pdesired s the desired spectral radius (LukoSevidius, 2012; Yildiz et al., 2012). pdesired wag

generated in increments of 0.1 from 0.1 to 2.0 (see Table S1 for details).

To simulate the adaptation to the input signals, Oja's Hebbian rule was applied to the reservoir.
This rule can be derived as a simple Hebbian plasticity rule that includes a forgetting factor to limit

the explosion of the weight (Oja, 1982):
AWU = axi(xj _leVl]) (eq 9)

The synaptic learning rate parameter o was set to 1077, Details of Oja’s algorithm are available in

the Oja’s rule.

This study hypothesises that selective consistency is acquired through the RNN's plasticity.
Consequently, in principle, an output layer is not necessarily required. However, it is not self-evident
whether selective consistency is acquired across all neurons in the reservoir or is limited to a few
elements. In the latter case, merely assessing the consistency of the reservoir's overall average or
randomly selected neurons would not suffice to observe the phenomenon, and the optimisation process
may help detect the consistent neurons. Thus, I considered the possibility of achieving selective
consistency by combining weight optimisation in the output layer, as is common in reservoir

computing, alongside plasticity.

The output layer has a neuron that has connections to reservoir neurons with a readout weight
matrix W°% € RN and the output y of this model is calculated as a linear sum of the reservoir

neurons' state:
y(t) = Wo¥x(t). (eq.10)

The computational task assigned to the model was to make predictions one step ahead. This is

based on the view of predictive coding, which assumes that the nervous system, especially the sensory
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system, works in a predictive manner (Denham & Winkler, 2020; Friston, 2005; Rao & Ballard, 1999).
Therefore, I regarded the output signal as the neural dynamics of the network, which can serve as a

basis for repetition detection, but not for perception or decision itself.

To maximise the performance for the time-series prediction, W°%* was optimised through the
minibatch-based gradient descent (MBGD) (Bottou et al., 2018; Rumelhart et al., 1986). The gradient
descent method is an iterative first-order optimisation algorithm used to find a local
minimum/maximum of a given function. Hyperparameter 7 controls the rate of descent, typically set

to 0.01-0.00001 and 0.01 in my simulation.

(a) A-weighting filter Re-sample at 2 kHz
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Figure 3. The model descriptions.

There are four stimulus types: N and RefN stimuli consist of 1.0-s of white noise, whereas RN
and RefRN stimuli consist of 0.5-s of white noise repeated. The sampling frequency is 44 kHz.
Subsequently, each time series is passed through an A-weighting filter, which reflects human
auditory characteristics, peaking around 3,000 Hz and attenuating high frequencies. The middle
figure shows the resulting power spectra of before (grey) and after (black) the A-weighting filter
used in the simulation. After filter adaptation, each stimulus was resampled at 2,000 Hz to
reduce computational costs. (b) An overview of the model. The resampled time series are
presented to the neuron in the input layer as stimuli. W, the reservoir weights matrix is dynamic
and maintained by Oja’s Hebbian plasticity rule. W%, the weights between the reservoir and

neurons in the output layer are optimised using the gradient descent method. The model’s output
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target is one step ahead of the input time series. All parameter used in this study is listed in

Table S1.

2.2.3. Evaluation

I evaluated changes in output time series, the degree of selective consistency, and prediction error
for each trained reservoir across 200 test runs. In the 200 test runs, N and RN stimuli used are different
time series from those in the training runs, while RefN and RefRN used are the same time series as in
the training runs. During the test runs, I halted the Hebbian rule and the gradient descent optimisation
of the output weights, and each trial was started with different initial values. This approach was chosen
because, in a nonlinear network, due to the network's nonlinearity and e—the internal Gaussian noise
representing each neuron's fluctuations—the network's response exhibits different initial states and
response trajectories across trials. The reproducibility of these responses across trials can serve as a

measure of consistency.

Consistency

Selective consistency was evaluated by Pearson correlations between 200 time points from the
first and second halves of each output time series—the first 100 ms of each of the 500-ms segments
that compose the stimulus. I do not use the entire time series for both the first and second halves
because if the network exhibits ESP, it will eventually show a consistent response over time, while the
duration of the transient period T, is different. The fixed length of 200 time points, equal to one-fifth
the length of the repetitive segment, is based on the average duration of the transient period observed

in the networks evaluated in this study (see Fig. 4).

As Pearson’s correlation coefficient is written as

cov(a,b)
COIT,p = W (eq.11)
a

where cov is the covariance, o,,0}, are the standard deviation of each signal, this measure can be

thought of as a special form of C in Eq.6, when available signals are only two.

Prediction Accuracy

I evaluated the accuracy of the time-series predictions learnt in the ESN. Prediction accuracy was
assessed using the root mean square error (RMSE) and its normalisation (NRMSE) between the system

output y(t) and desired output d(t). Let ¢ index the four training/input conditions
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¢ € C,y;; = {RN Hebb, RefRN Hebb, RN static, RefRN static}

and let k =1, ...,K index trials, t = 1,...,T time points. For a given spectral radius p, define the

time-resolved RMSE for condition ¢ as

K

= (e = 36 )

k=1

2
RMSE, .(t) = . (eq.12)

Also, using a p-specific normalisation constant as the mean RMSE across time and across the four

conditions Cyy;:

T
_ 1
RWSE, = - Z Z RMSE, . (t), (eq.13)

CECy t=1

the normalised RMSE is simply

RMSE,, .(t)

14
RMSE,, (eq.14)

NRMSE,, . (t) =

The definition of NRMSE is slightly different from the general normalisation of RMSE, which is
done by simply dividing RMSE by the mean of y(t). This is because the network's output signal tends
to increase with larger spectral radii; thus, the normalisation scale must be adjusted for each spectral
radius to avoid this bias. In addition, since the output time series is a white-noise-like signal with zero
mean, it was difficult to normalise using a simple mean, so I used RMSE for normalisation. In this
equation, normalisation is performed by dividing by the average RMSE across the four conditions:

Hebbian vs. non-Hebbian and RefRN vs. RN stimuli.

Statistics

The statistical significance of selective consistency and prediction error was tested using a
nonparametric rank-order test based on surrogate data (Lancaster et al., 2018). Firstly, the difference
between the evaluated selective consistency and the prediction error of the Hebbian and non-Hebbian
paired distributions for each spectral radius and stimulus type was calculated. Next, I randomly
shuffled the two pairwise distributions and evaluated the difference between them to obtain a surrogate
difference value. This was done 5,000 times to obtain a surrogate distribution of differences. The
statistical significance level of the real data is determined by the percentile rank (p) of the difference
in the original data relative to this surrogate difference distribution. The results of statistical tests were

adjusted for multiple comparisons using the Bonferroni method, considering the number of spectral
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radius levels and the combinations of stimulus types. The notation for percentile ranks (PR) used here
is as follows: (*; PR < 5%, p <0.05, **; PR < 1%, p < 0.01, ***; PR < 0.5%, p < 0.005, ****; PR <
0.1%, p < 0.001).

2.3. Results
2.3.1. Output Signals and Spectral Radius

I firstly investigated whether the network's output signal exhibited the correct behaviour as a
predictive signal for a white noise time series. I plotted three representative, randomly selected time
series of the responses (Fig. 4). The behaviour of the output signals was noise-like in both the Hebbian
and non-Hebbian networks. I confirmed that the plasticity during the training session changed slightly
but not significantly in spectral radii (Table S2). Additionally, I found that even within the same
network, responses differed across distinct trials at the beginning of the output time series, a period I
considered transient. This is attributed to the network's sensitivity to the initial state. This tendency
became stronger as the spectral radius increased, a characteristic typical of reservoir computing. The
system's consistency is defined by the length of the transient period, and initial state differences
strongly influence the system's outputs. If the system is highly consistent, its response will settle onto
the same trajectory after a short transient period. Therefore, we can say that both networks, with and

without plasticity, show consistency across a range of relatively low spectral radii.
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Figure 4. Representative examples of output time—series data.

These are outputs from RefRN for Hebbian networks, although a similar tendency was observed
across different network and stimulus types. The results for three distinct spectral radii (p =
0.1,1.2,2.0) are plotted separately. Each graph plots the overlaid output values on the vertical
axis against the first 200 time points on the horizontal axis. The different colours correspond to
three different output trials. Time is not plotted in its entirety; instead, the first 200 points are
magnified and plotted. When p is low, the lines converge following the transient period,
indicating the identical response trajectory regardless of variations in the initial states. As p
increases, the network no longer has ESP and behaves completely differently across distinct

trials.

2.3.2. Selective Consistency for RefRN (H1)

The inter-segment correlation analysis revealed that the plastic model showed selective
consistency for the RefRN stimulus, whereas RN consistency did not change. To evaluate the selective
consistency for RefRN and RN, I compared the correlation between the first and second segments of
output time series for RN and RefRN stimulus of both plastic and non-plastic models (Fig. 5a) and
time series of five randomly selected nodes of the reservoir (Fig. 5b). Significant differences in

consistency were observed between the non-plastic and plastic models for RefRN. In contrast, no

33



differences in RN were observed between the two models. Additionally, these tendencies were
confirmed at each node of the recurrent network, indicating that selective consistency was acquired at
the reservoir level, not the output layer. Also, direct comparison between RN and RefRN of the
Hebbian network showed significant selective consistency for RefRN (Fig. S1). These indicate that
the plasticity induced in the reservoir made the network exhibit selective consistency only for

repeatedly presented input signals, while retaining the original property for other signals.

As supplementary control, the comparisons of the Pearson’s correlation of both RefN and N
conditions are shown in Figure S2. Since the segments in these two conditions consist of different time
series, the correlation coefficients were consistently near zero, regardless of whether plasticity was
present or the spectral radius was used, indicating no significant difference between the conditions.
Also, inter-trial evaluation is shown in Figure S3 (very weak, but significant selective consistency for

RefRN).
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Figure 5. The evaluation of selective consistency.
The consistency was evaluated by correlation between the first and second segment time series
for each test run with repeated noise (RN; left) and referenced repeated noise (RefRN; right).

(a) The evaluation is at the output neuron level. The violin plots show the probability density
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distributions and interquartile ranges of Hebbian (right; magenta and brown) and non—Hebbian
(left; green and cyan), respectively (****; PR < 0.01%, p < 0.001). The coloured line plots
connect the mean values for each condition. The black lines in the bottom windows show the
difference between Hebbian and non—Hebbian models. The horizontal axis represents the
spectral radius of the evaluated networks. (b) The evaluation of the five randomly selected
reservoir neurons. Each dotted line represents five distinct neurons. The solid lines represent

the mean value for these five neurons.

2.3.3. Dependence on the Dynamical Regime (H2)

Furthermore, the prominence of selective consistency varied depending on the spectral radius.
Correlation decreased near the spectral radius exceeding 1, regardless of the presence of plasticity.
Generally, reservoir consistency decreases as the spectral radius increases. Selective consistency was
not acquired in less complex or more complex reservoirs with a smaller or larger spectral radius than

the near-critical dynamical regime around 1.4 (Fig.5, Fig.6).
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Figure 6. The edge of chaos and selective consistency.

Each histogram bin shows the averaged inter—segment correlation for four conditions (magenta;
RN of Hebbian network, green; RN of non—Hebbian network, brown; RefRN of Hebbian
network, cyan; RefRN of non-Hebbian network). The histograms represent results from
networks with spectral radii of 0.9, 1.4, and 1.9, from left to right, which correspond to stable,
edge of chaos, and chaotic, respectively (****; PR <0.01%, p <0.001). The error bars represent
95% confidence intervals. Notably, the edge of chaos region was chosen for its strong
observation of selective consistency (see Fig. 5). Statistical significance was tested using a
nonparametric rank—order test based on the surrogate data model. It was found that in networks

that are either stable or, conversely, chaotic, there was no difference between conditions, and

differences were observed only in the edge of chaos region.
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2.3.4. Dissociating Selective Consistency from Decision

Because the reservoir's response depends on the spectral radius and input scale, optimising
readout weights to achieve prediction accuracy may not be crucial for achieving selective consistency.
To test this, I also conducted the same analysis for the reservoir without optimising readout weights
WOUt Figure 7 shows the selective consistency without optimising readout weights. Similar to the
results with the optimisation process, significant differences in consistency were observed between

the non-plastic and plastic models for RefRN, whereas no differences were observed for RN.

The prediction error for each stimulus type was not affected by the presence or absence of plasticity,
spectral radius or stimulus type. As we verified above, changes to the output layer's connections during
optimisation do not affect selective consistency. However, it remains unclear how the model's temporal
prediction accuracy varies with different spectral radii and with the presence or absence of plasticity.
Therefore, I finally examined the impact of changes in the accuracy of the time-series prediction.
Figure 8 shows the prediction errors for RN and RefRN for varying spectral radii with and without
plasticity. Although higher spectral radii resulted in higher prediction errors for both RN and RefRN,
there were no differences in prediction error between RN and RefRN, regardless of the spectral radii
or plasticity (Fig. 8a). This indicates that the prediction accuracy for repeatedly exposed stimuli
(RefRN) is not selectively improved by introducing plasticity. Additionally, comparisons of NRMSE
across spectral radii did not reveal prominent selective minimisation or maximisation of prediction

error for RefRN (Fig. 8b).
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Figure 7. The evaluation of selective consistency without optimising the readout weights.
The figure styles are the same as Figure 5a. The consistency was evaluated by the correlation
between the first and second segment time series for each test run for repeated noise (RN; left)

and referenced repeated noise (RefRN; right). The violin plots show the probability density

36



distributions and interquartile ranges of the Hebbian (right; magenta and brown) and non—
Hebbian (left; green and cyan) models, respectively (****; PR < 0.01%, p < 0.001). The
coloured line plots connect the mean values for each condition. The black lines in the bottom
windows show the difference between Hebbian and non—Hebbian models. The horizontal axis

represents the spectral radius of the evaluated networks.
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Figure 8. Prediction error with varying spectral radii.

(a) Root mean squared error (RMSE) series and (b) normalised root mean square error
(NRMSE) series. The plots show the average RMSE or NRMSE between network predictions
and the correct future time series. Non—plastic and plastic models are shown on the left and
right, respectively. The results of RN and RefRN are represented by cyan and brown lines,
respectively. The 95% confidence intervals are depicted as light cyan (RN) and pink (RefRN)

filled areas.

2.4. Discussion
2.4.1. Summary of Main Findings

In the model, repeated exposure to one specific repeated-noise stimulus (RefRN) caused the
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recurrent network to develop stimulus-selective convergence of activity. After learning, correlations
between the early parts of the first and second segments of RefRN trials were significantly higher in
the plastic than in the non-plastic network. In contrast, no such effect was observed with other noise
stimuli (RN, RefN, N). Notably, this "selective consistency" was a population property: convergence
was reducible in the output unit and a small subset of neurons. When I varied the spectral radius,
selective consistency was maximal in a mildly supercritical regime, slightly beyond the critical
boundary. In more subcritical networks, dynamics became too stable, compressing differences
between stimuli. In contrast, strongly supercritical networks exhibited large trial-to-trial variability
and little convergence regardless of the stimulus types. Crucially, selective consistency emerged
without any optimisation algorithms, indicating that local plasticity alone can self-organise stimulus-

specific dynamical stability.

2.4.2. Mechanistic Interpretation

The stimulus-conditional dynamics of a reservoir for a particular input depend strictly on the
internal connectivity matrix and intrinsic noise. In reservoir computing, as adopted in the present study,
the internal connectivity matrix is not updated to optimise performance. In most neural-network
approaches, by contrast, the network architecture itself is optimised using rules such as
backpropagation. In my modelling framework, however, the RNN was assumed to be an activity-
generating and changing network whose dynamics evolve largely independently of task demands. At
the same time, a separate external mechanism reads out its activity (representations) to implement
task-specific decisions (here, repetition detection). The key advantage is that it allows a clearer
separation of components, because the sensory network is not described as a model tailored to a

particular task; in this respect, it is a better match to the brain (Enel et al., 2016).

Accordingly, we can attribute the observed change in system behaviour—identified here as
acquisition of selective consistency—directly to updates of the connectivity matrix induced by the
plasticity rule. Unlike standard reservoir computing, the present model allowed the internal
connectivity matrix to change slightly via input-dependent plasticity, even though task requirements
did not drive this change. The fact that networks without plasticity (as expected) showed no change in
consistency before versus after simulation further confirms that selective consistency acquisition was

realised by plasticity.

A notable aspect of the results is that consistency increased selectively only for the stimulus that
had been repeatedly experienced, while the network's algebraic properties and behaviour for other
inputs changed little. Similarity for stimuli other than the learnt RefRN (and RN consistency) did not

change over the course of the simulation. If similarity for RN had increased alongside RefRN, this
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might appear desirable at first glance, but would also imply that the system had lost context-dependent
flexibility. If similarity had also increased for N and RefN, the system would no longer exhibit
stimulus-specific dynamics; instead, it would produce broadly similar responses regardless of input,
rendering it uninformative. Conversely, if RefRN consistency increased while responses to other
stimuli became more dissimilar, the premise of task-independent dynamics—one of the key benefits
of a reservoir—would be undermined. Instead, I found no such trade-offs: responses to these other
stimuli remained unchanged before and after the simulation, and the spectral radius also remained
stable. In other words, the system acquired stimulus-dependent consistency while preserving its

overall flexibility.

Nevertheless, the specific algebraic changes that give rise to this selective effect remain unclear.
Because addressing this question fully goes beyond what can be established in the present study, I

develop this discussion further in Section 4.4.1.

2.4.3. Relation to the Information Processing

From an information-processing perspective, acquiring selective consistency can be regarded as
an adaptive dynamical systems property that shifts stimulus-dependent system behaviour towards
criticality, where information-processing capacity is maximised. selective consistency acquisition
capacity was maximised in a regime that was slightly more chaotic than the critical point typically
considered optimal for information processing. Post hoc, this can be explained by noting that systems
with larger baseline fluctuations yield a larger change when stabilised. Functionally, however, this
suggests a “physical filter” mechanism: for stimuli that are reproducible and therefore important to the
system, selective consistency increases information-processing capacity, whereas for other stimuli, the

system maintains flexibility and remains relatively unaffected.

Indeed, although output optimisation was not directly important for the acquisition of selective
consistency, this does not mean that selective consistency is irrelevant to information processing;
rather, it can play an important role. As we argued earlier, the optimisation process for the output
weight does not play a crucial role in achieving selective consistency. However, the effect of selective
consistency on the optimisation process warrants further discussion. In general, the computational
performance of the ESN model depends on its consistency, and the network must have an ESP. This
indicates that improvements in the network's computational performance (e.g., prediction accuracy)
depend on the level of consistency. Therefore, in a situation where the network shows selective
consistency for only some input patterns, the optimisation process is more affected by those
reproducible patterns than by those with no reproducibility. This seems plausible for adapting to the

environment and for efficient information processing, because the agent is not significantly affected
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by non-repeated noises that are likely to be ignorable. Thus, selective consistency may help the system
reconcile the impact of statistically reproducible and non-reproducible information on model
optimisation based on its experience, thereby enabling efficient information processing. This linking

will be discussed in Section 4.3.

2.4.4. Limitations

To avoid redundancy, I refrain from detailing project-specific limitations here and instead discuss

them jointly for the two projects in Section 4.1.4.

2.4.5. Predictions for EEG/Behaviour and Motivation for Project 2

Although it is difficult to map the modelling results directly onto the EEG experiment, the present
work can provide important insights into individual differences in the capacity to acquire selective
consistency. As noted above, previous findings have suggested that there are individual differences—
at least at the perceptual level—in the ability to acquire selective consistency (Agus et al., 2010).
Furthermore, Project 1 showed that selective consistency acquisition depends on network properties.
Specifically, the capacity to acquire selective consistency (the difference between consistency for
RefRN and consistency for RN) was maximised when the spectral radius lay in an intermediate regime

(slightly supercritical relative to criticality).

Because the brain’s connectivity matrix is unknown, it is not feasible to estimate the spectral radius
directly in the brain; however, from a criticality perspective, it is possible to use alternative indices
(Beggs & Plenz, 2003; Hesse & Gross, 2014). Mathematically, the spectral radius is determined by
the eigenvalues of the connectivity matrix and thus varies with complex factors such as the density
and strength of connections and the balance between excitatory and inhibitory connections.
Considering that the connection matrix in the biological brain consists of synaptic connections,
structurally, spectral radius-like quantities in the brain are expected to reflect the functions of subplates
during development (De Carlos & O’Leary, 1992; Friauf et al., 1990; Kanold & Luhmann, 2010),
synaptic pruning, and subsequent synaptic plasticity and dendric spine morphoplasticity driven by
memory and learning (Hayashi-Takagi et al., 2015; Holtmaat & Svoboda, 2009; Roberts et al., 2010),
along with the resulting E-I balance (Poil et al., 2012). The appropriate expression of genes and
molecules, as well as glial cells that influence these factors, is also important (Chung et al., 2013; Hirai

et al., 2005; Hori et al., 2020; Kim & Kandler, 2003). Functionally, the E-I balance can change over
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time, independent of structural changes, due to influences such as attention (Harris & Thiele, 2011).
Thus, even without directly calculating the spectral radius, it is possible to conduct discussions within
a consistent framework by employing criticality-related alternative metrics that correlate with the
aforementioned biological factors (Colombo et al., 2019; Gao et al., 2017). Therefore, if the individual
differences in perceptual selective consistency suggested by prior studies are confirmed, it may be
possible to explain them in terms of criticality-related indices as a trait-like property of an individual’s

brain.

This line of reasoning motivates hypotheses H5-H6 in Project 2. Therefore, the relationship
between selective consistency acquisition and spectral radius will be further discussed in Section 4.1.3,

along with the results from Project 2.

3. Project 2: Neural Selective Consistency in Human EEG

3.1. Introduction
3.1.1. Aim and Logic

In Project 2, I conducted a human EEG and behavioural experiment to test whether neural selective
consistency is acquired alongside improvements in perceptual selective consistency during the NRD
task, linking behavioural improvements in repetition detection to changes in neural consistency. To
that end, I evaluated the relationships between task performance and both within-trial (across noise
segments) and across-trial neural similarity measures (for RN and RefRN, which turn into consistency

measures).

This approach addresses three gaps in the existing NRD literature. Firstly, although prior
neuroscience studies reported increased ITPC for RefRN, they did not test whether these effects track
learning success, correctness, or individual differences. Secondly, because NRD decisions depend on
comparing noise segments within a trial, an adequate neural account requires explicit within-trial
analyses. Finally, motivated by the results for H2 and by broader work linking criticality-related
dynamics to information-processing capacity (Cocchi et al., 2017; Del Papa et al., 2017, 2017; Hesse
& Gross, 2014; Wilting & Priesemann, 2019), 1 examine whether individual differences in the
acquisition of selective consistency relate to individual brain criticality, as evaluated with resting-state

EEG.
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3.1.2. Hypotheses

H3. Repetition detection is more likely when within-trial neural similarity is high

A correct response in the NRD task is a correct judgement of whether the noise segments are
identical or different within a trial. Therefore, if selective consistency supports this task, within-trial
neural similarity for RN and RefRN stimuli (for these stimuli, similarity equals consistency) should
be higher in trials in which repetition is correctly detected, and learning should increase within-trial
consistency for RefRN. A related question is whether incorrect trials for N and RefN stimuli—during
which participants experienced illusory repetition—show higher within-trial neural activity similarity
than trials in which this did not occur. If all of these predictions are met, I can summarise the results
as follows: decisions in the NRD task depend on the similarity between neural activity patterns
corresponding to the noise segments, and learning effects for RefRN arise because experience-

dependent neural selective consistency (high similarity) is acquired.

Under this framework, selective consistency is assumed to arise at the level of the sensory cortex
and therefore requires a discussion separate from the function that makes decisions using similar or
dissimilar neural activity as input. For this reason, I primarily evaluate H3 using electrodes that reflect

sensory cortical activity.

Notably, there are three possible forms of increase in consistency. Firstly, the similarity observed
at the single-trial level may increase with learning. Secondly, single-trial similarity may remain
unchanged, while the frequency of similar dynamics may increase. Thirdly, both may occur. In all

cases, the selective consistency formulation is satisfied.

H4. ITPC for RefRN increases preferentially in sessions where learning is successful

If selective consistency is correct, across-trial neural consistency (ITPC) shows a stimulus x
learning interaction: the RefRN-RN difference in ITPC is larger in sessions with behavioural learning
than in sessions without learning, and may further depend on correctness. Previous work investigating
the neural mechanisms of the NRD task reported elevated low-frequency ITPC over temporal and
parietal regions during RefRN listening (Luo et al., 2013; Andrillon et al., 2015). ITPC indexes the
across-trial similarity in brain activity at the phase level. Therefore, these results suggest selective
consistency for RefRN. However, even when learning occurred, there were still some missed trials,
and the sound waves of RNs differed across trials; it is unclear whether higher ITPC reflects the
cognitive processes of repetition-detection and learning. Although Andrillon and colleagues reported
a correlation between ITPC and a behavioural measurement of accuracy and reaction time (Andrillon
et al., 2015), rigorous evaluation requires splitting the dataset by correct versus incorrect trials and

assessing how the presence or absence of learning affects the results.
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H5. Individuals vary substantially in their ability to acquire neural and perceptual

selective consistency

To understand the neural basis of the NRD task, not only session- and trial-level variability but
also individual differences are crucial. I position H5 as a prerequisite hypothesis for H6. Although
Agus and colleagues discussed individual differences in NRD learning in the original paper,
subsequent studies have not explicitly addressed this. In Project 2, I first test whether I can reproduce
these individual differences at the behavioural level (H5-1). If I can, I then test whether corresponding

differences are also present in the neural selective consistency examined in H3 and H4 (H5-2).

If H5 is satisfied, the working hypothesis that selective consistency can account for learning in the

NRD task will be largely supported.

H6-1: People with relatively subcritical brains exhibit higher consistency

H6-2 Selective consistency shows an inverted-U relationship between spectral

exponent and is maximised in a slightly supercritical regime

Finally, if H5 is supported, I attempt to explain the ability to acquire neural/perceptual consistency
in terms of global properties of brain activity that are not task-dependent. Specifically, I use the degree
of criticality, as indicated by the results supporting H2, to account for individual differences in overall
consistency and selective consistency acquisition ability. In H2, more subcritical systems showed
robust consistency regardless of stimulus type, and near the critical regime, the capacity to acquire
selective consistency showed an inverted-U shape, maximising slightly on the supercritical side.
Therefore, in Project 2, I test whether a similar relationship holds between overall performance (H6-
1) and learning effects (H6-2) and a criticality measure estimated from each individual’s resting-state

EEG.

I also examine its relationship with developmental-disorder trait measures, which have recently
been discussed in the context of criticality. Disruptions of E-I balance, and abnormalities in connection
density can alter the algebraic properties of the network and thereby change the degree of criticality
(Poil et al., 2012; Vogels et al., 2011). Indeed, studies of criticality and related indices in individuals
with neurodevelopmental or psychiatric conditions associated with such abnormalities have reported
distributions that differ from those in healthy individuals (Bruining et al., 2020; Markicevic et al.,
2020; Rubenstein & Merzenich, 2003; Shew & Plenz, 2013; Wilting & Priesemann, 2019). Because
this study targets healthy adults, I cannot examine clinical relationships directly; however, as a

supplementary analysis, I examine the relationships among individual differences in developmental
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traits, degree of criticality, and selective consistency.

3.2. Methods
3.2.1. NRD Task Procedure

Participants

Twenty-six typically developed healthy adults with no history of neurological or psychiatric
disorders participated in this study. Data from two participants were excluded for the following
reasons: one due to high developmental disorder traits as determined by screening, and one due to a
recording problem. The final sample size of 24 (19 females, with an average age of 34.17 £9.02 years,
range = 21-45) was determined based on previous studies (Agus et al., 2010; Andrillon et al., 2015;
Kang et al., 2018) and our pre-registered a priori power analysis, which used 12 participants (Goto et
al., 2024). All participants were right-handed and had normal vision and hearing. Written informed
consent was obtained from all participants after a full explanation of the procedure. The ethics
committee of the National Institutes of Natural Sciences approved the study protocol.

After providing informed consent, participants completed a pre-experiment questionnaire alone
that collected basic demographic information, handedness, dominant ear, musical experience, and
scores on the Autism-Spectrum Quotient (AQ) and the Adult ADHD Self-Report Scale (ASRS)
(Kessler et al., 2005; Baron-Cohen et al., 2001). Upon completing all experimental sessions,
participants filled out a post-experiment questionnaire. This included: (1) a 1-10 rating of their overall
confidence throughout the task, (2) a binary Yes/No question regarding their awareness of the presence

of RefRN stimuli, and (3) an open-ended comment section about the experiment.

Stimuli (Fig. 9)

As lintroduced in Section 1.4, in NRD tasks, participants are asked to discriminate between white-
noise stimuli (N) and repeated-noise stimuli (RN), which contain repeated white-noise segments
within trials but not across trials (Agus et al., 2010). If participants can consistently recognise RN as
containing repetition, this indicates perceptual consistency; however, performance typically remains
near chance level. Unbeknownst to participants, a randomly selected instance of an RN stimulus—
referred to as Referenced RN (RefRN)—was presented multiple times throughout the experimental
session. Previous studies showed improved repetition-detection performance in RefRN trials
compared to RN trials (Agus et al., 2010; Andrillon et al., 2015; Luo et al., 2013), indicating that
perceptual selective consistency for the noise segment is acquired in RefRN despite the absence of
acoustic differences between RN and RefRN stimuli.

In Project 2, I developed a variant of the NRD paradigm adapted for an EEG study. As in the

original paradigm, there were four stimulus types, and each segment consisted of a 0.5s segment of

44



white noise. The two main modifications were (i) adding task-irrelevant noise segments before and
after the segments of interest, and (ii) using three repeated segments. With these changes, an RN or
RefRN trial became a 2.5s stimulus, in which the central 1.5s consisted of three repetitions of the same
noise segment; N and RefN became a 2.5s plain white noise.

When comparing EEG responses to repeated stimuli within a trial, it is necessary to consider onset-
locked and offset-locked ERPs. During behavioural tasks, EEG typically shows a large response
immediately after stimulus onset and offset (Hillyard & Picton, 1978; Parker et al., 1982). These
activities are particularly prominent in sensory cortices and reflect responses locked to the events of
stimulus onset and offset. Therefore, using the original NRD stimulus structure would contaminate
the first segment with onset-related activity, and the last segment with offset-related activity,
especially in low-frequency components. To deal with this problem, I added task-irrelevant noise
segments before and after the segments of interest. These additional segments always used different
noise patterns on every trial, irrespective of stimulus type.

To evaluate stimulus-related responses, such as ERPs, multiple trials—usually tens to hundreds—
are required to obtain precise results. However, in this study, I compare EEG activity across time
windows corresponding to auditory noise segments within a trial. With only two segments, we cannot
determine whether low similarity across EEG segments reflects a genuine physiological tendency or
an inevitable measurement noise. In addition, because there is a temporal lag between stimulus onset
and its EEG reflection, it is unclear which time point within an analysis window corresponds to the
onset of an auditory noise segment, further reducing the precision of segment comparisons. To address
these issues and improve the reliability of the consistency measure, I used three noise segments:

providing three combinations of across-segment comparison.

Training Session

Before the first experimental session, participants underwent a brief training session. After the
task explanation, participants were initially presented with demonstration sounds composed of ten
0.5-second noise segments, forming 5-second RN or N stimuli. Once a participant successfully
detected RN in three consecutive trials, the number of segments was gradually reduced to 8, 6, 5,
and finally 4. Participants were not exposed to the three-segment condition used in the actual
experimental sessions. Upon completing the four-segment condition, participants proceeded to the

main experiment. The duration of each participant's training session was recorded.

Experimental Session
In the experimental sessions, participants were asked to distinguish between Ns and RNs for each
trial, which consisted of a 2.5-second auditory stimulus followed by a 1-2-second temporal interval.

After the interval, participants responded immediately in a 2AFC manner using their right hand on a
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mini keyboard, pressing ‘1’ when they perceived repetition and ‘2’ when they did not. After the button
press, the screen transitioned to a ‘Rest’ phase, allowing participants to blink. The subsequent trial
began upon pressing a button again, with an inter-stimulus interval jittered between 1 and 2 seconds.

The experiment included three sessions, each consisting of 120 trials: 30 Ns, 30 RNs, 30 times
RefN, and 30 times RefRN. Thus, participants were exposed to three different RefRNs across
sessions—each RefRN varied across sessions but was identical across participants. Within each
session, trials were pseudo-randomised in blocks of 20 (5 trials per condition) to avoid biased stimulus
presentation. The stimulus order regarding sessions was also randomised across participants.
Randomisation was performed by applying MATLAB’s ‘randperm’ function 10 times. To keep their

attention and alertness, a forced resting period of at least 1 minute was inserted between sessions.

Isegments of trial 1 segments of trial n
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Repeated Noise (RN) | N.1 8.1 818, Na| o | No1S 1S 1S, IN:
T T T T T T T 1
Noise (N) | Ns ‘ | N, |
Referenced RN (RefRN) | N, : S : Smf: Sm: N, ‘ " I Ng :Srcl: sm': S, : N.:
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- - - Press any key to the next -
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Figure 9. NRD experimental procedure.

(a) Twenty-four typically developing healthy adults participated in an EEG-adapted version of
the NRD task. As in the standard paradigm, four stimulus types were used, defined by the
presence or absence of within-trial repetition and of across-trial repetition. Each noise segment
comprised three repetitions of a 0.5-s segment. To prevent contamination by onset- and offset-
related ERPs, 0.5-s “washing” segments unrelated to the task were appended both before and
after the stimulus. All washing segments were generated randomly, both within and across trials.
The experiment consisted of three sessions; each included 30 trials for each stimulus type (120

per session). (b) Example trial sequence. Each stimulus was presented for 2.5-s. After a 1-
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second wait, participants provided their response. Following the response, a brief pause was

provided, and the next trial began after a 1-2-s inter-trial interval (ITI).

Behavioural Data Analysis

Repetition-detection performance was analysed using measures from signal detection theory. To
compute d’ for RN and RefRN, I used their respective HR, together with a common false-alarm rate
(FAR) derived from responses to N and RefN.

In addition to performance, I defined a categorical label for each trial indicating whether the
participant perceived a repetition. To examine the relationship between neural activity and perception,
accuracy-based labelling alone is insufficient given the nature of the stimuli. For RN and RefRN, a
correct response corresponds to repetition being perceived, whereas for N and RefN, an incorrect
response corresponds to repetition being perceived (illusory repetitive perception). Accordingly, I
labelled correct and incorrect trials for RN and RefRN as “Perceived” and “Not perceived’
respectively, and reversed this mapping for N and RefN.

Reaction time was measured as the interval between the onset of the response screen and the button
press. In a 2AFC task, reaction time is typically used as a proxy for response confidence (Johnson,
1939; Pleskac & Busemeyer, 2010). Therefore, an ideal design would instruct participants to press the
button as soon as they have made a decision after stimulus presentation. However, in this study, I
introduced a minimum 1s jitter between stimulus offset and the response period to avoid overlap
between motor-related EEG (and EMG noise) and the brain activity during repeated-sound listening,
which was the target of analysis. This may weaken the usefulness of reaction time as an index of

confidence.

Apparatus

The experiment was conducted in a shielded room to reduce external magnetic noise, using
Psychtoolbox-3 (Kleiner et al., 2007) under conditions designed to minimise EMG contamination and
noise from the experimental equipment as far as possible. To avoid acoustic and electrical noise,
Auditory stimuli were presented via EEG-compatible air-tube earphones (ER-2 Tubephones, Etymotic

Research, Inc.).

3.2.2. Recording Method for Neural Activity

EEG is one of the most suitable measurement methods for an initial empirical test of selective

consistency. Methods for evaluating neural activity range from invasive to non-invasive, and from
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micro- to macro-scale. In this study, I define selective consistency not as implemented by specific
detectors, but as a property of the response trajectories of local neural circuits. Therefore, what is

required is not cell-level recording but macro-scale observation at the circuit level.

Given the complexity of the task, I targeted humans in this initial study. Moreover, based on H5—
H6, the ability to acquire selective consistency may be associated with specific developmental/neural
conditions, so a sample of typically developing healthy adults is preferable. These considerations point
to non-invasive methods in humans. Candidate techniques include EEG, MEG, and fMRI; however,
fMRI has low temporal resolution and is not well-suited to separating neural activity patterns evoked
by 0.5-s sensory stimuli that lack clear distinguishing features. For these reasons, I used an EEG
available in my laboratory. EEG approximately reflects the summed activity of neuronal populations
near each electrode and provides high temporal resolution, allowing me to capture differences in
activity patterns even when the active regions are similar. Although the spatial resolution differs, this
situation is analogous to that in Project 1: the RNN corresponds to a neuronal population, and the

signals from the output nodes correspond to EEG signals recorded at each electrode.

Recording

The EEG data were recorded at a sampling rate of 2000 Hz using an actiCHamp 64-channel system
(BP-100-2115, Brain Products GmbH). Sixty-four electrodes were positioned according to the
international 10—10 system. The recording reference was the average of the two earlobes, and the
ground electrode was placed on the mastoid process. Each electrode was electrically coupled to the
scalp using conductive gel, and recording commenced only after the impedance at each electrode had

stabilised below 5 kQ.

All experiments were conducted in a soundproofed, electrically shielded dark room. Participants
were seated with their heads supported by a chin rest at a viewing distance of 60 cm from a monitor

(ZOWIE XL2546, BenQ; 1920 x 1080 resolution; 100 Hz refresh rate; display size, 54.6 % 30.3 cm).

To monitor ocular artefacts, vertical and horizontal electrooculograms (EOG) were also recorded.
For the EOG recordings, conductive paste was applied to the electrodes, which were then secured to
the face using medical tape. After completion of the three experimental sessions, participants

underwent a 3-min eyes-closed resting-state recording.

Pre-processing (Fig. 10a)

EEG data were preprocessed in MNE-Python (Larson et al., 2025). Raw EEG data were resampled
to 1,000 Hz, band-pass filtered between 1 and 70 Hz, and notch-filtered at 60 Hz and its harmonics
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(120, 180, and 240 Hz). Task-related epochs were extracted from —1.5 to 3.0 s relative to stimulus
onset for each condition and baseline-corrected using the pre-stimulus interval (—=1.5 to 0 s).
Independent component analysis was then performed using FastICA (Hyvarinen, 1999) with 62
components. Components associated with ocular and muscle artefacts were automatically identified
using the ica.find bads eog and ica.find bads muscle functions and were subsequently removed. An
automated bad-channel detection step was also applied, and any identified channels were interpolated.
Finally, noisy epochs were rejected using amplitude criteria (EEG: 100 uV; EOG: 200 uV) within the
—1.0 to 0.2 s interval, together with a flatline criterion for EEG channels (1 pV).
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Figure 10. EEG analysis pipeline.

(a) EEG pre-processing pipeline. The recorded EEG data were band-pass filtered between 1
and 70 Hz and notch-filtered at 60 Hz, then segmented into epochs from —1.5 to 3 s relative to
stimulus onset. After baseline correction using the pre-stimulus time window, noise was
removed using ICA and an automatic noise-detection method. (b) Computation of the L1
distance. For each frequency band, channel, and trial, I computed the absolute error between
the time series of the three segments. The resulting L1-distance time series was then averaged

over time to enable trial-wise comparisons, yielding a single representative value for each trial.

L1 distance: Within-trial Consistency Measure (Fig. 10b)

To quantify within-trial similarity of the EEG signal, I computed an L1-based difference measure

between three EEG segments of the same trial, separately for each condition (N, RN, RefN, and
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RefRN). For a given frequency band, epochs were again narrow-band filtered in small steps across the
band (using repeated filtering at f+ 0.1 (delta and theta) or f+ 1.0 (alpha and beta) Hz within the
frequency band, see Region and frequency of interest selection). From each trial, I extracted 0.5-s
windows and computed the pointwise absolute difference between pairs of windows separated by 0.5-
s and 1.0-s (specifically, comparing windows starting at 0.5-s vs 1.0-s, 1.0-s vs 1.5-s, and 0.5-s vs 1.5-
s). These absolute differences were accumulated across the frequency samples and then averaged
across both frequency and the three within-trial comparisons, yielding a channel x time-series (within

the 0.5-s window) L1-difference profile for each session and trial.

Let EEGées,k,Ch (w; T) denote the band-limited EEG segment of time window w for session ses,
trial k, and channel ch after narrow-band filtering around a frequency sample f;. For a fixed
window length of 7 € T, (here, T, = 0.5-s), we can quantify across-segment dissimilarity time-

series dées,k,eh (w1, w,; T) by the pointwise absolute difference between two segments:

dées,k,eh(wlrwz; T) = |EEGées,k,ch(w1; T) - EEGéeS,k,Ch(wZ; T)l (eq- 15)

Below, for the sake of simplicity, I will not explicitly write ses, k, ch. Under this paradigm, as we
have three combinations of t, for two time windows to compare: Weomp =
{(0.5,1.0), (1.0,1.5),(0.5,1.5)} s for segment comparisons, we can obtain the EEG L1 metric for a
stimulus s, Dy;(7;s) ofachannel by averaging d' across all frequency samples {f;}}_; within the

frequency band of interest and across the three pairs as follows:

L
1
D1 (1;8) = ﬁz Z d'(wq, wy; T), wheret € [0,T,] . (eq.16)

1=1 (w1,w2)EWcomb
This yields an L1-distance time series (channel x t) for each trial. Note that Eq. 16 is a sort of
dissimilarity measure; lower values indicate greater within-trial similarity of neural activity.

If we also average Dy;(t;s) over 7 € [0,T,], we can obtain a proxy of C,s in Eq. 5 as:

Tw
1
Coost(s) = T_Z Dy (z;5). (eq.17)
“T=0

If the EEG segments are perfectly consistent, Eq. 16 equals zero. Conversely, we can define
CLL.,(s) asasurrogate index of C,.,:(s) in a discrete-time form with a small number of samples. In
principle, it is also possible to use the variance across the three segments, like the original C,,g:(s),
but with few samples the variance has large estimation error, and its distribution becomes strongly

skewed, leading to low precision. For this reason,  use Dy, in this study.
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cITPC: Across-trial Consistency Measure

Consistency across trials was quantified using inter-trial phase coherence. For each condition (N,
RN, RefN, and RefRN), epochs were narrow-band filtered in small steps across the delta-theta
frequency range of interest (implemented as repeated filtering at f+ 0.1 Hz within the frequency bands
of interest, see Region and frequency of interest selection). The analytic signal was obtained via the
Hilbert transform. Instantaneous phase was extracted at each channel and time point, and ITPC was
computed as the magnitude of the circular mean of unit phase vectors across trials, then averaged

across the sampled frequencies within the band.

To minimise sample-size bias, I corrected ITPC estimates for the number of trials. Because ITPC
is the mean of unit vectors, its finite-sample estimate does not become exactly zero even when phases
are random, and it tends to take larger values with smaller sample sizes (M. X. Cohen, 2014). This
issue is particularly important in this study because I compute ITPC separately by stimulus type and
by correctness, and, as we will see in Section 3.3, some participants produced extremely few incorrect
trials for RefRNs. To address this, I implemented a bias-correction method for ITPC, cITPC, which I
later found to be equivalent to the pairwise phase consistency (PPC) transformation proposed by

Aydore and colleagues (Aydore et al., 2013).

The standard across-trial phase-locking measure called ITPC or PLV is determined as:

K

lz elo(t, f,ch,n)
K ) ) )

k=1

ITPC(t, f,ch) = . (eq.18)

Because the uncorrected ITPC depends on trial number (K) and therefore introduces different biases
across conditions, I used the following expression, derived by the mathematical procedure described

in the Glossary (Corrected ITPC), as the bias-corrected ITPC measure in this study.

cITPC(t, f,ch) = % (ITPCZ(t, f,ch) — %) (eq.19)

This correction reduces the sample-size bias of ITPC. It adjusts its expected value to zero under
the null hypothesis (Ho: ITPC = 0), and it is mathematically equivalent to PPC (Vinck et al., 2010).
Note that whereas standard ITPC ranges in [0,1], cITPC takes values in the range — é <PPC<1
(Fig. S4). Consequently, statistically detectable differences between two conditions do not by
themselves warrant the interpretation that either condition shows meaningful phase locking; in
particular, when the cITPC values in both conditions remain close to 0, I do not interpret the effect as
evidence of phase alignment. Finally, cITPC was averaged within each ROI by averaging channel-

wise cITPC values.
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Spectral Exponent: Criticality Measure

As a criticality-related measure, I initially used the spectral exponent (SE), which is the simplest
proxy of criticality (Beggs & Plenz, 2003; Beggs, 2008; de Arcangelis & Herrmann, 2010; He, 2014a;
Donoghue et al., 2020), although it is not a sufficient enough condition of criticality (Bédard et al.,
2006). Data from the parietal region (see ROI selection) was analysed after preprocessed resting-state
EEG data (rereference, filtering, ICA, noise extraction). For each channel, I estimated the power
spectral density (PSD) using Welch’s method (Hann window; segment length 2 x f;; overlap f;/2,
where f;is sampling rate 1,000 Hz). The PSD was restrictedto 0 < f < 70 Hz. To stabilise the linear
fit on log—log axes, the spectrum was re-sampled on a log-frequency grid by linear interpolation in
(logqo f,logio P) space. The spectral exponent was then obtained by ordinary least squares

regression of log,o P(f) on log,, f:

logio P(f) = Blogio f + b, (eq.20)

where [ is the fitted slope. Note that under the common parameterisation P(f) « 1/f%, the

relationship is o = —f.

Region and Frequency of Interest Selection

The regions of interest (ROIs) were defined based on previous studies. Prior work investigating
the neural mechanisms of the NRD task has reported that ITPC specific to RefRN is observed over
parietal sites (Andrillon et al., 2015; Luo et al., 2013). In contrast, studies examining neural activity
when the stimuli are presented to anaesthetised mice (Kang et al., 2021), as well as fMRI BOLD
“decoding” studies (Kumar et al., 2014), have reported contributions from the auditory cortex.
Therefore, in the present study, I regarded the auditory cortex as the locus of the Representation stage
and the parietal region as the locus of the Decision stage involved in repetition detection, and defined
these as ROIs. Additionally, because decision processes often involve frontal areas, [ included a frontal
region. As a result, three ROIs were defined. For the specific electrode composition, see Figure S5b—
d. To validate the defined ROls, I checked the conventional ITPC topographical map for the obtained
data and confirmed their similarity to those reported in previous studies (Figure S5a) (Andrillon et al.,

2015).

The frequency of interests (FOIs) differed across analyses. Previous ITPC studies have reported
involvement of the delta band (Andrillon et al., 2015). Accordingly, I defined the main FOI for ITPC
as delta (0.5-4 Hz).

The L1-distance analysis was conducted exploratorily in the delta ([0.5,4) Hz), theta ([4,8) Hz),
alpha ([8,13) Hz), and beta ([13,30) Hz) bands. Although a mouse ECoG study has suggested

52



involvement of the beta band, it should not be directly applied to humans, given species differences
(Kang et al., 2021). And the RefRN decoding study used fMRI, which is not frequency-dependent
(Kumar et al., 2014). Moreover, beta is a plausible candidate for the frequency bands dominant in
sensory processing, but it is also necessary to examine its coupling with the low-frequency components
observed in ITPC (Andrillon et al., 2015, 2017; Luo et al., 2013). Therefore, in this study, I assumed
that high-frequency L1 reflects Representation-related components, whereas low-frequency L1 is
assumed to reflect Decision-related components. Then I performed independent analyses across a

broad range of frequency bands.

3.2.3. Statistics

Behavioural Measures

The learning effects of RefRN were assessed by comparing behavioural performance (HR, d’, and
RT) between RefRN and RN. Because a different RefRN exemplar was used in each session, learning
was treated as session-specific. For each behavioural outcome, I firstly summarised performance at

the session level for each condition.

In addition to whole-session performance, a learning-focused index was computed from the last
20 RefRN trials in each session (HR and d') to capture late-session asymptotic performance, which
was used for subsequent learner stratification (Agus et al., 2010). For group comparison between those
obtained “well-learners” and “poor-learners”, Welch’s t-test, %> test, and Fisher’s exact test were used

(Welch, 1947).

Overall group-level effects were tested using repeated-measures analyses with Session (1-3) as a
within-participant factor. For HRger and d'rer, a repeated-measures ANOVA with within-participant
factors Session and Type (RN vs RefRN), and for CRR, an analogous Session x Type model
contrasting N vs RefN was used. For reaction times, a repeated-measures ANOVA with within-
participant factors Session and Condition (N, RN, RefN, RefRN) was used. Significant omnibus
effects were followed by pre-specified paired comparisons (RN vs RefRN for learning; N vs RefN for
CRR) and, for RT, post-hoc paired comparisons across the four conditions. The effect sizes were
reported as partial n? for ANOVA. Also, to quantify within-participant consistency of behavioural
performance across sessions, the main effect of the Session in the ANOVA and the intraclass

correlation coefficient (case 3) were assessed (Shrout & Fleiss, 1979).

Before paired comparisons, the normality of the paired differences was assessed using the
Shapiro—Wilk test (Shapiro & Wilk, 1965). If supported, paired-samples t-tests were used; otherwise,
Wilcoxon signed-rank tests were applied. For post-hoc paired comparisons, p-values were controlled

using the Benjamini—Hochberg false discovery rate (FDR) procedure within each comparison family
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(planned comparisons vs. RT post-hoc comparisons) (Benjamini et al., 2001; Benjamini & Hochberg,

1995). Effect sizes were reported as Cohen’s dz for paired tests.

L1-based Consistency Measure

To test whether within-trial neural pattern similarity (indexed by the L1 distance; smaller values
indicate greater similarity) predicts the subjective perception of repetition on a trial-by-trial basis, I
fitted a binomial generalised linear mixed models (GLMM) with a logit link (Breslow & Clayton,
1993), using a binary dependent variable of perceptual outcome: Perceived (1: corresponding to Hit
and false alarm (FA) trials) vs Not perceived (0: corresponding to Miss and CR trials). The main
predictor was the within-trial L1 distance (L/), computed for each frequency band of interest (FOI:
delta, theta, alpha, and beta) and each region of interest (ROI: temporal, frontal, and parietal). To
evaluate the interaction effect between L1 and learning, a session-wise learning metric was also
included as a fixed effect. Learning was quantified using two alternative indices: standardised HRgef
and d'rer (z-scored across all participant x session observations). Subject and session identity were

included as random intercepts to account for within-subject dependence across trials.

I fitted two model variants. GLMMyj included all stimulus conditions, with condition entered as
a nuisance fixed effect (sum-coded), and tested the overall association between L1 distance and
perception across conditions. GLMMe.wn was fitted to RefRN trials only to assess whether the effects
observed in the pooled data were preserved when restricting the analysis to the trained stimulus.
Because HRger and d'rer are derived from behavioural performance on RefRN and are therefore not
statistically independent of the perceptual outcome, I do not interpret the main effect of the learning

index (it should always be significant).

For inference, defined primary terms as (i) the main effect of L7 and (ii) the interaction LI x
learning. The multiple comparisons were controlled using Benjamini-Hochberg FDR across the full
analysis grid within each GLMM family (GLMMa.i, GLMMg.n), pooling across all FOIs and ROIs.
Additionally, to minimise dependence on a particular learning index, results were considered robust

only when they were significant after FDR correction for both metrics within the same FOI x ROI cell.

ITPC-based Consistency Measure

To identify time-resolved differences in cITPC, I used a two-sided, time-resolved cluster-based
Monte Carlo permutation test (Maris & Oostenveld, 2007). For each comparison, a ¢-statistic was
computed at each time point, clusters were formed by thresholding |t| at the 97.5th percentile of the

permutation-derived |[t| distribution, and cluster mass was defined as the sum of #-values within a
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contiguous suprathreshold segment. Family-wise error was controlled by comparing the observed
cluster masses against a null distribution of the maximum cluster mass across permutations (add-one
correction), and clusters were considered significant at the cluster level (P uyster < 0.05). In
interpreting the results, I focused on post-stimulus clusters. The permutation was run 10,000 times to

obtain the permuted distribution.

To avoid reporting condition differences that arose solely from fluctuations around zero, I
additionally required that at least one of the two conditions exhibited a significant positive deviation
from zero within the same time interval. Specifically, I performed one-sided (>0) one-sample cluster-
based permutation tests against a zero null for each condition separately, using sign-flip permutations
and the maximum positive cluster mass to construct the null distribution. The between-condition
cluster was retained only if it overlapped with at least one significant positive cluster from these one-
sample tests; to control family-wise error across the two one-sample gate tests, I applied a Bonferroni
correction (o/2 for each). Unless stated otherwise, I focused on post-stimulus clusters for interpretation.

Permutations were run 10,000 times to obtain stable null distributions.

Unless stated otherwise, statistical tests were two-tailed with o = 0.05, with FDR control applied
as specified above for families of post-hoc comparisons and for fixed-effect terms in mixed-effects

models.

Spectral Exponent

To examine whether individual differences in the SE predict task performance, I conducted two
statistical analyses: (i) Pearson’s correlation between the spectral exponent and mean performance
across the entire task, and (ii) evaluation of a non-linear relationship between the spectral exponent
and the learning effect using a quadratic regression model. The mean performance de,n and the
learning effect dg; ¢y were defined as:

dpetry + drn
dinean = ef. d’diff = dlleefRN — de- (eq.21)
For interpretability, the model was centred at SE = —1.0,therefore x, = SE + 1, and the

following equation was estimated by ordinary least squares (OLS):

dgige = Bo + Paxc + BoxZ. (eq.22)

A nested model comparison between a linear model assessed support for non-linearity (, = 0)
and the quadratic model, testing whether adding the quadratic term improved model fit (partial F-test).
To verify an inverted-U relationship, I conducted one-sided tests, following the Lind—Mehlum U-test

procedure (Lind & Mehlum, 2010), to determine whether the derivative was positive at the left
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endpoint (minimum observed SE) and negative at the right endpoint (maximum observed SE). The
vertex (SE yielding the maximal learning effect) was computed from the estimated quadratic

coefficients as SE* = —1 — 3, /(2,), and I confirmed whether it lay within the observed range.

For robustness, I performed bootstrap resampling of participants with replacement (20,000
iterations) to evaluate the distributions of the quadratic coefficient and the vertex estimate. In addition,
leave-one-out (LOO) analyses were conducted to assess the influence of individual participants on the
conclusions. As influence diagnostics for the quadratic regression model, Cook’s distance, leverage,

and studentised residuals were computed (Cook, 1977).

3.3. Results
3.3.1. Demographics

Twenty-four healthy, typically developed human participants (19 females, with an average age of
34.17 + 9.02 years, range = 21-45) completed three NRD sessions (360 trials total; 30 trials x 4
stimulus type X 3 sessions). Demographic and questionnaire summary statistics are reported in Table
1.

Table 1. Demographics.

For non-binary variables, the Shapiro-Wilk test was used to assess normality. P-values from the
Shapiro-Wilk test were then BH-FDR corrected. Several continuous variables deviated from
normality (Shapiro—Wilk): age (W = 0.85, p = 0.002, g=0.006), musical training (W = 0.82, p
=0.001, g=0.006), overall confidence rating (W = 0.87, p = 0.005, ¢=0.011), practice time (W
=0.85, p=10.002, g=0.006), ASRS total score (W = 0.85, p =0.002, g=0.006), and an AQ sub
score (communication: W=0.894, p=0.016, ¢=0.029), whereas AQ total score did not show a
clear deviation (W = 0.95, p = 0.261, ¢=0.287).

Shapiro-Wilk
Characteristics n Mean SD Min Max

stats )4 q
Gender
Men 5
Women 19
Age 3417 9.02 21 45 0.850  0.002  0.006
Musical training 14 4.83 5.82 0 20 0.818  0.001  0.006
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Dominant ear

Right 15
Left 7
Both 2
Confidence 3.46 2.36 1 8 0.869  0.005 0.011
Practice time 364.67 19094 147 890 0.846  0.002  0.006
AQ score 19.00 6.88 9 32 0949 0.261 0.287
Social skill 4.63 2.75 1 9 0919 0.055 0.086
Attention switching 4.00 1.64 1 7 0.958 0392  0.392
Attention to detail 4.08 2.15 1 9 0938 0.151  0.207
Communication 2.79 2.34 0 8 0.894 0.016 0.029
Imagination 3.50 1.64 1 8 0.942 0.184 0.225
ASRS score 2.75 2.42 9 15 0.851  0.002  0.006
Note. N=24

3.3.2. Perceptual Selective Consistency for RefRN
Learning-related Improvement for RefRN (HR and d’)

The learning effect in repetition-detection performance for RefRN stimuli was replicated as
previously reported (Agus et al., 2010; Luo et al., 2013; Andrillon et al., 2015). Trial-course analysis
showed rapid improvement in both measures for RefRN, whereas RN performance remained
comparatively stable across the experiment (Fig. 12a, b). Consistent with this pattern, a repeated-
measures ANOVA (Session X Type) revealed a main effect of stimulus type (RN vs RefRN) for both
HR and d’, with no Session X Type interaction (Table 2). Note that the Ref stimuli examples differ
across trials. Specifically, HR was higher for RefRN than RN (Type: Fi2:= 5.42, p = 0.029, np”
0.191; interaction: F>46= 1.02, p = 0.367), and d’ was also higher for RefRN than RN (Type: F) 2=
12.19, p = 0.002, yp® = 0.346; interaction: Fa46= 1.46, p = 0.242). These ANOVA results were

mirrored by paired comparisons averaged across sessions (Fig. 12¢, Table S3): RefRN outperformed
RN in HR (RN =0.70 = 0.18; RefRN=0.76 = 0.20; 1= 2.328, BH-FDR ¢ = 0.044; Cohen’s dz =
0.475)and d’(RN=0.87 = 0.99; RefRN=1.19 * 1.17;¢=3.492, ¢ =0.006; Cohen’s dz=0.713).

57



—_
(o)
~—

96y 5 10 15 20 25 30
Trial

—
Q.
—

I
~

it
w

Correct Rejection Rate
o
o

0 5 10 15 20 25 30
Trial

Sensitivity (d')

o
o

I
ES

=
=)

0 5 10 15 20 25 30
Trial
(e)

<
~

o
o

Reaction time (s)
5 &

e
w

(c)

08

0.7

0.6

RN
Condition

N RN RefN
Condition

Figure 12. Behavioural results.

RefRN

RefRN

(f)

e —E
g 0.7 .
> .
'S 1.0 g
2 Cos %
c
@

0 T-

0.6 0.5 .

RN  RefRN N RefN
Condition Condition

12
0
4
c
©
25
@)
=
|
G
a

0 =
0 20 40 60 80 100

Hit rate in last 20 RefRN trials(%)

N, RN, RefN, and RefRN are shown in grey, blue, green, and orange, respectively. (a) Trial

course of hit rate. (b) Trial course of sensitivity. (c) Paired comparisons of HR (left), d”

(middle), and CRR (right). *: FDR-corrected g < 0.05. (d) Trial course of CRR. (e) Reaction
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Table 2. Repeated-measures ANOVA for main behavioural performance measures across

sessions and stimulus type.

Source dfl dr F p-value n
HR across sessions and stimulus
Session 2 46 0.096 0.909 0.004
Type (RN / RefRN) 1 23 5.422 0.029 0.191
Session x Type 2 46 1.024 0.368 0.043
d’ across sessions and stimulus
Session 2 46 1.500 0.234 0.061
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Type (RN / RefRN) 1 23 12.19 0.002 0.346
Session x Type 2 46 1.463 0.242 0.060

CRR across sessions and stimulus

Session 2 46 0.907 0.411 0.038
Type (N / RefN) 1 23 1.241 0.277 0.051
Session x Type 2 46 0.101 0.904 0.004

RT across sessions and stimulus

Session 2 46 24.895 4.71x10®  0.520
Type (N / RN / RefN / RefRN) 3 69 6.461 0.001 0.219
Session x Type 6 138 0.433 0.856 0.018

No Clear Learning-related Change for RefN

In contrast, the correct rejection rate (CRR) did not show a reliable RefN-specific improvement
(Fig. 12d). The repeated-measures ANOVA indicated no main effect of Type (N vs RefN) on CRR
(Type: Fi23=1.24, p=0.277, np*>=0.051) and no interaction with session (Table 2). Consistently, the
paired comparison showed a non-significant tendency for RefN to have slightly lower CRR than N (N
=0.61 £0.26; RefN =0.58 £ 0.27; t =—1.114, ¢ = 0.277; Fig. 12¢, Table S3). These results indicate
that, though RefN is also a learnable (“referenced”) stimulus, data showed no clear learning effect for

this non-repeated, relatively long noise stimulus.

Reaction Time: Repetition-related but not RefRN-specific Speed-up

RT, used as a proxy for confidence, did not show a learning-related speeding specific to RefRN
(RN =0.45+0.10, RefRN = 0.45 = 0.10, £ = 0.348, BH-FDR ¢ = 0.731), nor a difference between N
and RefN (N=0.47 £0.11, RefN =0.47 + 0.10, Wilcoxon W= 105.5, ¢ = 0.594) (Fig. 12¢, Table S3).

However, RT exhibited systematic differences across stimulus types overall. The ANOVA showed
a significant main effect of Session (Fr46 = 24.89, p = 4.71x10°%, yp*> = 0.520) and Type
(N/RN/RefN/RefRN) (F3,60= 6.46, p = 0.000642, np* = 0.219), with no Session x Type interaction
(Table 2). Pairwise tests further indicated a consistent ordering of RN =~ RefRN < N = RefN: RT was
longer for N than RN (BH-FDR ¢ = 0.017) and longer for N than RefRN (¢ = 0.010), and similarly
longer for RefN than RN (¢ = 0.010) and longer for RefN than RefRN (g = 0.010), but the effect size
was small, on the order of 0.01-s (Table S3).
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Within-participant Consistency Across Sessions

Learning-related performance was highly consistent within individuals across sessions. Consistent
with no significant main effects of Session in ANOVA (Table 2) for HR (F246= 0.096, p = 0.909, 1p?
=0.004), d’ (F246= 1.500, p = 0.234, np*> = 0.061), and CRR (F246= 0.907, p = 0.411, np*> = 0.038),
intraclass correlation coefficients (ICC(3,k), £ = 3 sessions) indicated strong reliability for both HR
(RN: 0.84; RefRN: 0.75) and d’ (RN: 0.91; RefRN: 0.83, Table S4). Thus, the learning effect for three

different RefRN examples is consistent within an individual across sessions.

Individual Differences, Group Definition (H5-1)

Supporting H5-1, 1 replicated the individual differences and bimodal-like distribution in learning
performance reported by Agus et al. in their first work on NRD (Agus et al., 2010). Despite a clear
and consistent within-participant learning effect for RefRN, learning performance showed pronounced
individual differences and deviated from normality (Fig. 12f, Shapiro—Wilk: W = 0.85, p = 0.0026).
Thus, following the plotting method of Agus et al. (2010), sessions/participants were labelled as “well-
learnt” vs “poor-learnt” (data ratio: Participant level, 14/10; Session level, 43/29) based on the bimodal

distribution of HR in the last 20 RefRN trials, using a threshold of HR = 0.8 (Fig. 12f).

As expected, the groups differed strongly on behavioural indices (Table S5). Well-learners showed
a higher overall HR also for RN (p = 0.001, g = 0.008), not only for RefRN (the measure used to
separate these groups). They also showed higher overall d' for RefRN (p =0.001, g = 0.007), and even
when focusing on the last 20 RefRN trials, d’ remained substantially higher in well-learners (1.98 +
1.01 vs 0.24 £ 1.11; p = 0.001, g = 0.007), corroborating the idea that grouping by HR captured stable
sensitivity differences rather than noise. In contrast, FAR, CRR, and RT did not show reliable group

differences (all ¢ > 0.618).

Also, group comparisons (Table S5; FDR-corrected across variables) indicated that demographic
and trait variables did not significantly differ between groups after correction. Age did not differ
(Welch’s ¢: p = 0.883, ¢ = 1.000), and there were no reliable differences in musical training, dominant
ear, or dominant hand (all ¢ > 0.811). The sex ratio showed a trend (Fisher’s exact: p = 0.053, ¢ =
0.174), but the ratio is hugely biased. AQ total score did not differ (p = 1.000, g = 1.000), and ASRS
total score showed only a non-significant tendency (p = 0.077, ¢ = 0.221). It should be noted that the
research design was not intended to detect between-group differences in these measures, and that the
use of FDR correction across numerous test items, so these results do not conclude that no differences

exist.
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Practice time to clear training was shorter in well-learners at the uncorrected level (Well: 281 +
104-s, Poor: 481 = 227-s, Welch’s ¢, p = 0.024), but this did not survive FDR correction (¢ = 0.091).
Overall confidence did not significantly differ between groups (p = 0.817, ¢ = 0.988).

3.3.3. Neural Selective Consistency for RefRN
Within-trial Neural Pattern Similarity and Repetitive Perception (H3, H5-2)

In GLMMa,, the L1 distance across segments was a robust predictor of repetitive perception. For
all ROIs, theta, alpha, and beta L1 effect was significantly negative, meaning that smaller L1 (more
similar neural activity) was associated with a higher probability of repetitive perception (Theta:
temporal and frontal ROIs (6 = —0.10 to —0.02; ¢ < 0.022 across metrics/ROIs), Alpha:
temporal/frontal/parietal (f = —0.10 to —0.03; all ¢ << 0.001), and Beta: temporal/frontal/parietal (5 =
—0.14 to —0.03; g < 0.049 across metrics/ROIs)). All data are summarised in Table S6 and Table S7.
When data are restricted to trials of Well-learners, this tendency becomes even stronger. As it is the
most visually clear, representative FOI of the alpha band of Well-learners’ data is presented in Figure
13.

In contrast, the effect of delta L1 was positive (f > 0) across all ROIs, meaning that larger L1 (less
similar neural activity) was associated with a higher probability of Perceived (ff = +0.04 to +0.09; all
q < 107 across metrics/ROIs).

When the analysis was restricted to RefRN trials (Table 3), robust L1 effects remained detectable
but were no longer ubiquitous across FOIXROI. Beta L1 remained a strong negative predictor of
perception in temporal and parietal ROIs (temporal: f = —0.24 to —0.51; parietal: f = —0.09 to —0.18;
all ¢ £0.0136, and many g < 107°). Theta showed a negative L1 effect only in the frontal ROI (f =
—0.07 to —0.10; ¢ <0.010). The positive L1 effect of delta activity remained in parietal ROI (5 =+0.04;
q <0.035).

Next, I tested whether session-wise learning modulates the L1—Perceived relationship via the
interaction term L/ X learning. In GLMMa.y, the interaction and its sign were robust across all FOIs
and ROIs, except for temporal delta activity. Theta, alpha, and beta activities interact with the learning
effect negatively, meaning that as learning increases, the negative L1 slope becomes more negative
(i.e., Perceived becomes more strongly associated with a smaller L1). Delta interaction was positive
in frontal and parietal ROIs, indicating that as learning increases, Perceived becomes more strongly
associated with larger L1. In GLMMgern, the learning modulation effects that met the strict robustness
criterion were observed mainly in beta in temporal and parietal ROIs (f = —0.21 to —0.53; ¢ < 107°)
and delta in the parietal ROI (5 = +0.11 to +0.15; g << 107°).

Overall, these results are consistent with the idea that the association between perceived repetition

and neural similarity is frequency-dependent: perceived trials are linked to greater neural similarity,
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especially beta in temporal and parietal areas, but to greater delta dissimilarity in parietal cortex, and

these relations can become stronger with learning.

Percived Perceived x learning interaction
FOI ROI B (SE) HR B (SE) d’B (SE)
Delta Temoral 0.014 (0.028) -0.007 (0.030) 0.079 (0.037)
Parietal 0.037 (0.015) * 0.107 (0.016) *** 0.151 (0.019) ***
Frontal -0.027 (0.014) 0.015 (0.011) 0.012 (0.012)
Theta Temoral -0.053 (0.043) -0.059 (0.048) -0.073 (0.055)
Parietal -0.041 (0.021) -0.065 (0.023) -0.021 (0.026)
Frontal -0.102 (0.023) *** -0.012 (0.023) -0.004 (0.025)
Alpha Temoral -0.078 (0.027) -0.022 (0.028) -0.060 (0.037)
Parietal -0.038 (0.011) -0.020 (0.011) -0.009 (0.017)
Frontal -0.061 (0.016) -0.014 (0.017) 0.003 (0.021)
Beta Temoral -0.510 (0.053) *** -0.291 (0.052) *** -0.526 (0.059) ***
Parietal -0.178 (0.032) *** -0.208 (0.029) *** -0.253 (0.035) ***
Frontal -0.070 (0.033) -0.105 (0.030) -0.003 (0.033)

Table 3. Results of the generalised linear mixed model for RefRN trials.
Coefficient estimates and standard errors for GLMMgemn across all FOI x ROI combinations.
The S for Perceived corresponds to the value from the d’ model. *: g <0.05, **: g < 0.005, ***:

q < 0.0005 for both measures after global FDR correction.
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Figure 13. A typical example of L1 distance comparisons.
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The well-learners’ temporal ROI L1 distances of each condition are presented separately
according to the correctness of their response. The left panel shows incorrect trials and the right
panel shows correct trials, plotted separately for each of the four conditions. Thus, false alarms
in N and RefN, as well as hits in RN and RefRN, correspond to Perceive trials in which
participants reported hearing repetition. Dots represent all pooled trials from all participants.
The black boxplots for each condition show Q1-Q3, with the horizontal line indicating the

median; whiskers extend to 1.5%IQR. The red diamonds represent the mean values.

Across-trial Neural Similarity and Learning Dependence (H4, H5-2)

Scrutiny of cITPC during repetitive segments showed that an increase in cITPC during RefRN
was not consistently observed, but occurred only when the stimulus was well learnt, and repetition
was perceived. When I compared the cITPC time courses during the repetitive segments, the delta
phase was not aligned across trials for RN hit trials, RefRN hit trials in poor learners, or RefRN miss
trials in well learners; a significant increase was observed only for RefRN hit trials in well learners.

However, the ROI comparison did not reveal region-specific effects.

The central finding regarding the cITPC analyses was that learning selectively shaped phase-
consistency effects in the RefRN condition. In the full dataset, RefRN trials showed higher cITPC than
N and RN trials in line with previous studies (Andrillon et al., 2015, 2017)(Fig. S9, N: 0.7-2.4-s,
Detuster = 0.001; RN: 0.8-2.2-s, pouster = 0.001). Although there were no qualitative differences
across the ROIs, when trials were stratified by correctness and learning, a similar RefRN-related high
cITPC cluster was present only for the Hit trials in the well-learnt subset (Fig. 14a, b). In contrast, no
significant RefRN-related high cITPC cluster was detected in the poor-learnt subset, either Hit or Miss
trials (Fig. 14a, c). RN trials did not show significant improvement in cITPC regardless of the
correctness (Fig. 14a, b, c). All of these comparisons indicate that the high ITPC during RefRN
listening reported in previous studies is observed only under a very limited set of conditions: when the

stimulus is RefRN, learning has occurred, and the repetition is perceived.

For N and RefN, cITPC showed no phase alignment during listening, regardless of whether the
response was a CR or a FA (Fig. 14d).
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Figure 14. Main results of cITPCs comparisons from all ROIs.

(a) Condition-wise cITPC time courses for RN and RefRN stimuli. Coloured solid lines
indicate: grey, Hit trials of RN; green, Miss trials of RefRN; blue, Hit trials of RefRN from
“Poor-learnt”; orange, Hit trials of RefRN from “well-learnt”. Shaded areas indicate the 95%
confidence interval for each condition. Time intervals showing significant clusters in the
cluster-based Monte Carlo permutation test for well learners’ RefRN hits are marked by bars at
the top (Peruster < 0.05). The colour of each bar matches the corresponding condition (grey:
RN Hit; green: RefRN Miss; blue: poor-learner Hit). All significant clusters are as follows: Well
RefRN Hit > RN Hit: 0.7-2.1-s, pcyster = 0.001; Well RefRN Hit > Poor RefRN Hit: 1.0—
2.0-s, Pouster = 0.001; Well RefRN Hit > RefRN Miss: three clusters in 0.6-2.5-s, all
Detuster < 0.04. (b) Condition-wise cITPC time courses for RN and RefRN stimuli from “well-
learnt” sessions. Grey: RN Miss; blue: RN Hit; green: RefRN Miss; orange: RefRN Hit. Time
intervals showing significant clusters in the cluster-based Monte Carlo permutation test for
RefRN hits are marked by bars at the top (peiyster < 0.05). The colour of each bar matches the
corresponding condition (grey: RN Miss; green: RefRN Miss; blue: RN Hit). All significant
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clusters are as follows: Well RefRN Hit > Well RN Miss: 0.7-2.3-s, Peiuster = 0.001; Well
RefRN Hit > Well RefRN Miss: 1.3—1.8-s, peiuster = 0.003; Well RefRN Hit > Well RN Hit:
0.9-2.0-s, all ppyster = 0.001. (c) Same style plot as b, but for “Poor-learnt” session data.
There were no significant differences across conditions. (d) Condition-wise cITPC time courses
for N and RefN stimuli. Grey: N FA; blue: N CR; green: RefN FA; orange: RefN CR. There

were no significant differences across conditions.

3.3.4. Resting-state Criticality Proxy Predicts Selective Consistency Acquisition
(H6)

Examining the relationship between SE and overall repetition sensitivity, average d' showed a
significant negative correlation with SE (Fig. 15a, Pearson’s » = —0.415, p = 0.043). That is,
participants with larger SE values (i.e., a shallower slope, indicating supercritical) tended to show

lower overall performance, averaged across RefRN and RN.

Also, the learning effect (d'(RefRN) — d'(RN)) and SE showed a quadratic nonlinear relationship
as the model in Project 1 expected (Fig. 15b). The quadratic model showed a moderate fit (R>=0.2006).
The overall model F-test did not reach significance (F(2,21)=2.73, p=0.088). However, in the model,
the quadratic term had a significant negative coefficient (> = —6.886, p = 0.029). Compared with the
linear model, adding the quadratic term significantly improved model fit (partial F-test: F'=5.459, p
= 0.0295). The observed SE range was [—1.370, —0.617]. Testing the sign of the slope at these
endpoints showed a positive slope at the left endpoint (slope = 4.658, one-sided p = 0.020) and a
negative slope at the right endpoint (slope = —5.701, one-sided p = 0.018). These results support an
inverted-U relationship in which the learning effect increases and then decreases within the observed
range. The vertex estimated from the quadratic regression was SE* = —1.031, indicating that the

learning effect tended to be maximal around SE = —1.

In the bootstrap analysis, 14,652 resamples (73.3%) satisfied the inverted-U conditions and had a
vertex within the observed range. Restricting to resamples meeting these criteria, the 95% interval for
the quadratic coefficient was [—13.40, —2.24], and the 95% interval for the vertex SE* was [—1.135,
—0.771]. In addition, the LOO analysis showed that in 23 of 24 cases (95.8%) the quadratic term
remained negative and significant (p < 0.05), and the significance of adding the quadratic term as well
as the endpoint conditions of the U-test were likewise preserved in 23 cases. However, influence
diagnostics identified one participant with a high Cook’s distance (4.62) and high leverage (0.787).
Excluding this participant in the LOO condition resulted in the vertex moving outside the observed

range, and the inverted-U conditions were not satisfied.
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Figure 15. Relationships between spectral exponent and performance

(a) Spearman’s correlation between the spectral exponent and mean task performance. Each dot
represents an individual; the solid line shows the fitted linear regression line, and the shaded
area denotes its 95% confidence interval. (b) Quadratic regression of learning performance on
the spectral exponent. Adding the quadratic term significantly improved the fit over the linear
model (partial F-test: p = 0.029). The Lind—Mehlum U-test satisfied the endpoint conditions,
with a positive slope at the lower bound of the observed range (pL = 0.020) and a negative slope
at the upper bound (pR = 0.018), supporting an inverted-U relationship. The estimated vertex is
indicated by the dashed line (SE* = —1.03). Marginal histograms show the distributions of each

variable.

As an exploratory analysis, I also examined associations with self-report developmental
disorder trait scores. ASRS scores showed a positive correlation with overall task sensitivity (mean
d’; »=0.55, p = 0.005). Also, it was negatively correlated with SE (» =—0.52, p = 0.01), suggesting
that participants with smaller SE values tended to have higher ASRS scores (Fig. S10). In contrast,
the ASD main and sub scores did not show significance, even without multiple-comparison

correction.
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3.4. Discussion
3.4.1. Summary of Main Findings

This study aimed to determine whether neural selective consistency is acquired alongside
perceptual selective consistency in the NRD task (H3-H4) and to explain individual differences in

this acquisition (H35) in terms of criticality (H6).

In the within-trial analyses, I found that, regardless of stimulus type, trials in which participants
perceived repetition showed higher similarity, especially in the beta band between the corresponding
EEG segments (H3). In contrast, the delta band showed the opposite direction. In addition, these
relationships become stronger as learning progresses. Also, cITPC analyses revealed that the
previously reported “high ITPC for RefRNs” in the delta band was found only in sessions in which

learning was successful, and only in hit trials (H4).

Performance across the three sessions was consistent within individuals, but comparisons across
individuals revealed a bimodal distribution, with some participants showing learning and others not
(HS5-1). 1 also observed a clear difference in neural selective consistency corresponding to this
behavioural difference in perceptual selective consistency (H5-2). Finally, the spectral exponent of
resting-state EEG—used as a proxy for criticality—explained individual differences in the ability to
acquire selective consistency, suggesting that this ability is grounded in the dynamical properties of

each individual’s neural network (H6).

3.4.2. What They Learnt in RefRN?

In this study, I assumed that learning in the NRD task reflects perceptual selective consistency,
rather than changes in strategy, “memorisation” of particular waveforms, or increased sensitivity to a
typical noise waveform. The behavioural analyses showed that both the HR and d’ for RefRNs
increased, indicating that at least some form of learning occurred. Moreover, because the ANOVA
showed no session effect for either RN or RefRN, the results are not readily explained by task
familiarisation or a change in strategy. In addition, because reaction time did not differ between RN
and RefRN, it is also unlikely that participants became more sensitive to the waveform of RefRN per
se rather than to repetition. Taken together, these findings suggest that RefRN learning can reasonably

be interpreted as perceptual selective consistency.

It is also important that the CRR for RefN did not increase, despite RefN being a Ref stimulus. To
obtain a unique representation for a given sensory input, not only stimulus identity but also
discriminability is required. Consistency guarantees a mapping from external stimuli to internal

representations, but without injectivity it cannot be regarded as a complete internal model. Whether
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injectivity is acquired would be reflected in the correct-rejection rate for RefN; however, because RefN
has twice the duration of the waveform that would need to be “remembered” in RefRN, it is unclear
whether the present results indicate a failure to acquire discriminability for noise stimuli. I discuss this

issue in detail in the General Discussion.

3.4.3. Two-stage Model of Repetition-detection and Neural Correlates

The within-trial and across-trial evaluations of neural selective consistency obtained in this study
can be explained consistently using the Representation—Decision stage model of the NRD task

proposed in the General Introduction.

Within-trial similarity of the beta band mainly reflected the Representation stage. The L1 analysis
results showed the intuitive pattern that consistency was higher in hit trials for both RN and RefRN,
in which participants correctly perceived repetition for these stimuli. At the same time, within-trial
neural similarity was also higher in FA trials for N and RefN (“illusory repetition”). When L1 was
evaluated across all stimulus types, theta, alpha, and beta bands showed similar trends across all ROls.
These results indicate that, regardless of the actual sound, when sensory representations were similar,
perception also tended to be similar. Moreover, in the RefRN-specific analysis, the beta band—being
the only band in which L1 decreased with learning—also matched the ECoG band observed in the
auditory cortex of anaesthetised mice during NRD stimulus listening (Kang et al., 2021). In addition,
beta oscillations have been widely discussed in relation to working memory (Schmidt et al., 2019).
Beta activity in the temporal cortex has also been shown, in studies of auditory illusions, to better

account for subjectively perceived sounds than for the physical acoustic input (Vinnik et al., 2012).

Multi-frequency computations may implement decision-stage processing for repetition detection
in the parietal cortex. In the present study, the learning-related decrease in beta-band L1 was observed
not only in the temporal ROI but also in the parietal ROI. Previous work has likewise reported that a
large-scale cortical network, including the parietal region in the beta band, predicts auditory perception
(Hipp et al., 2011). In addition, the L1 analysis of parietal EEG showed a distinctive pattern: only in
this area, across all stimuli, Perceive trials exhibited greater between-segment dissimilarity in delta-
band activity, with a further relationship for this distance to increase with RefRN learning. Coordinated
delta—beta activity across temporo-parietal regions is important for the precision of temporal
information processing (Arnal et al., 2015). Furthermore, there is strong evidence that the parietal
cortex is a dominant locus of evidence accumulation and decision-making in perceptual 2AFC tasks
(Gold & Shadlen, 2007; Hanks et al., 2006; Keuken et al., 2014; O’Connell et al., 2012; Zhou &
Freedman, 2019). Taken together, these findings support an interpretation in which representations

formed in the auditory cortex propagate to the parietal cortex, where they are compared, and a decision
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of perceptual identity is made once a sufficient level of confidence is reached.

The delta cITPC findings (mainly observed in the parietal area) further support this
representational—decisional distinction. Previous studies have consistently reported high ITPC for
RefRNs (Andrillon et al., 2015, 2017; Luo et al., 2013), but I found that cITPC was confined to the
RefRN x learning x hit-trial interaction. This restriction suggests that cITPC did not directly reflect
learning effects or repetition perception, as had often been assumed. If cITPC reflected learning, it
should have been observed even in miss trials within high-learning sessions; if it reflected repetition
perception, it should also have been observed in RN hit trials and in N/RefN false-alarm trials. Instead,
the results are more consistent with the interpretation that cITPC reflects the across-trial consistency
of the timing of decision-related processing, rather than decision processing itself. When across-
segment consistency in sensory signals is low, even if the same decision “repetition” is made for the
same RefRN stimulus, the timing of that decision may vary across trials because the judgement is
exploratory, and the timing of accumulation to bound differs across trials (O’Connell et al., 2012).
Because phase-based analyses are sensitive to temporal misalignment, such trial-to-trial timing
variability would yield low cITPC values (van Diepen & Mazaheri, 2018), even if similar information
processing were occurring. After selective consistency is acquired, confidence may increase, the
temporal reproducibility of decision-related processing may improve, and cITPC may therefore

become higher.

In summary, the present data can be interpreted as follows. The presented stimulus is represented
in the auditory-cortical broadband activity, primarily in the beta band. The represented signal is then
compared in parietal decision-related regions. When evidence for identity accumulates beyond a
certain threshold, a decision of perceptual identity is made. However, representations of noise are
inconsistent, so they cannot reliably produce the same signal even for identical inputs at first. After
several exposures to RefRN, once selective consistency is acquired, evidence accumulation in the
parietal cortex accelerates, leading to consistent perceptual decisions. Consequently, when trial-to-trial
comparisons are restricted to correct trials for learnt RefRN stimuli, neural timing becomes aligned

and is observed as condition-specific cITPC.

3.4.4. Individual Variability and Criticality

The behavioural results showed clear individual differences in the ability to acquire perceptual
selective consistency, with a bimodal distribution between participants who learnt easily and those
who did not. The ICC and ANOVA results further indicated that this tendency was consistent within
individuals. However, there were no clear demographic differences between these groups; only ADHD

traits were suggested to differ.
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The spectral exponent was proposed as a potential explanation for individual differences in the
ability to acquire selective consistency. The spectral exponent computed from resting-state EEG
showed a tendency for participants with steeper SEs to perform better overall in the NRD task, and
that the learning effects for RefRNs are maximised around an SE value close to -1.0, which is typically
taken to indicate criticality. These were consistent with the non-linear relationship I observed in Project

1 for H2.

In general, in the critical regime around a spectral exponent of -1.0, the balance between flexibility
and stability is thought to be optimised, leading to maximal computational efficiency (Beggs, 2008;
Hesse & Gross, 2014; Shew & Plenz, 2013). Similar patterns are often observed in performance on
other learning tasks (de Arcangelis & Herrmann, 2010; Del Papa et al., 2017). In addition, atypical
exponents have been discussed in relation to specific conditions (Robertson et al., 2019). This
relationship will be further discussed in Sections 4.1.3, 4.2, and 4.4.4. Consistent with this, in my data,
ADHD traits also relate to NRD learning ability (with a significant correlation in the overall analysis
and a tendency in the “well-learner” vs. “poor-learner” group analysis, but this did not survive
correction for multiple comparisons). Therefore, to discuss the present pattern in more detail, it may
be necessary to conduct similar analyses not only in typically developing healthy adults but also in

clinical populations.

3.4.5. Limitations

To avoid redundancy, I refrain from detailing project-specific limitations here and instead discuss

them jointly for the two projects in Section 4.1.4.

4. General Discussion

4.1. NRD Task Through The Lens of Selective Consistency

In this thesis, I focused on the NRD task—an unusual form of learning that has been difficult to
explain within conventional learning theories—to test the selective consistency hypothesis (Agus et
al., 2010; Denham & Winkler, 2020). Across the two projects, | examined six working hypotheses
(HI1-H6) derived from viewing this task through the selective consistency framework (Goto et al.,
2024; Goto & Kitajo, 2024). Although the strength of evidence varied across hypotheses, they were
broadly supported, demonstrating the usefulness of the selective consistency hypothesis for explaining

the perceptual learning mechanisms observed in the NRD task.
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4.1.1. Summary of Main Findings

This thesis investigated how experience can selectively stabilise neural dynamics for specific
stimuli in the NRD paradigm, combining a recurrent network simulation (Project 1) and human EEG
(Project 2). Across these two projects, I asked whether "selective consistency"—stimulus-specific
convergence of neural/perceptual dynamics' trajectories—can emerge from local plasticity in recurrent
networks, and whether such convergence is observable in human cortical dynamics during rapid
auditory implicit perceptual learning. Through these, by decomposing the neural information-
processing underlying the NRD task into Representation and Decision stages, and by treating selective
consistency as the mechanism that modifies neural activity within the Representation stage, I show

that this framework resolves the key outstanding issues associated with NRD learning.

Project 1: Simulation Study

In Project 1, I constructed a plastic recurrent neural network model inspired by the Representation
stage of the NRD task, and examined how repeated exposure to a RefRN-like repeating noise pattern
shapes the network's internal dynamics. The simulations showed that a high correlation between
within-trial segments emerged selectively for the RefRN input, driven by weak Hebbian-like plasticity
(HI). This convergence was expressed at the level of the entire middle layer as an unsupervised
population property, rather than at the level of the output unit or a small subset of neurons.
Systematically varying the spectral radius revealed that this stimulus-selective convergence was
maximised not in the most stable, subcritical regime, nor in strongly chaotic dynamics, but in a slightly
more complex, mildly supercritical regime near the edge of chaos (H2). Importantly, the emergence
of this selective consistency did not depend on explicit optimisation of task performance or readout

weights, indicating that plasticity alone can self-organise stimulus-specific consistency.

Project 2: EEG Study

In Project 2, I asked whether analogous stimulus-selective convergence can be observed in human
EEG during the NRD task. Firstly, using GLMMs on EEG data, I quantified the similarity between
within-trial segments of frequency-dependent activity. In auditory regions, beta L1 distances between
segments were smaller when participants perceived repetition, and this relationship was strengthened
by learning (H3). In contrast, parietal delta activity showed larger inter-segment distances when they
felt repetition, and this also correlated with learning. In addition, I showed that the previously reported
high delta ITPC in parietal regions for RefRN is not a general property of RefRN trials but occurs only
when participants both learn and perceive repetition correctly (H4). Altogether, these findings suggest
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that parietal delta activity reflected decision-related or evaluative processes that diverged across
segments rather than converged. Finally, individual learning ability in the NRD task (H5) was related
to individual resting spectral exponent, and selective consistency learning ability was maximal in

participants whose cortical activity operated near criticality (H6).

4.1.2. Selective Consistency as The Mechanism of The NRD Learning Effect

Results from these two projects support the hypothesis that neural selective consistency achieved
through self-organisation to repeatedly exposed RefRN noise segments yields perceptual selective

consistency—i.e., an NRD learning effect.

Firstly, Project 1 demonstrated that the selective consistency hypothesis can explain the most
puzzling aspect of the NRD task: the rapid learning of white-noise patterns. As discussed in the
General Introduction, it is difficult to explain the learning effect for white noise, as the spectra are
uniform — theoretically incompressible —and shared across all stimuli regardless of condition
(Shannon, 1948). Typically, auditory sensory neurons exhibit selectivity for stimulus frequency
(Kayser et al., 2007; R. Kandel et al., 2021), allowing the brain to distinguish stimulus patterns.
However, the uniformity of the white noise spectra makes it impossible to distinguish among the
stimulus patterns in this case. Also, it severely limits the ability to "learn" or "remember" the pattern

using conventional, well-established learning algorithms (Denham & Winkler, 2020).

Selective consistency, in contrast, is acquired in a self-organising manner without any of these
requirements. In Project 1, the model was not explicitly trained to detect repetitions, nor was any
optimisation, such as error backpropagation, applied to the recurrent-layer connectivity. Nevertheless,
through Hebbian-like plasticity, the recurrent network self-organised to increase the consistency of its
responses selectively for RefRN. As the network's conditional dynamics are automatically converged,
it is possible to detect the identity of white noise regardless of the network's "performance"—e.g.,
prediction accuracy in a predictive coding framework (Friston et al., 2006; Friston & Kiebel, 2009b;
Rao & Ballard, 1999). Indeed, perceptual psychology has widely embraced the view that, rather than
the physical similarity of stimuli per se, the representational geometry of the evoked neural activity
patterns better predicts participants’ similarity judgements and generalisation (Jozwik et al., 2022;

Kilian-Hiitten et al., 2011; Kriegeskorte & Kievit, 2013).

Thus, although the precise computational strategy by which the brain detects repetitions at the
Decision stage remains unknown, the acquisition of selective consistency provides the necessary
substrate that enables any downstream mechanism—whatever its form—to perform repetition
detection. For example, within a predictive-coding framework, the brain is assumed to generate

predictions about future inputs (in this case, the next step of white noise) and to update its internal
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model by minimising prediction error. As noted earlier, however, forecasting the temporal evolution
of white noise is challenging in principle, and therefore model updates based solely on prediction error
cannot account for learning in the NRD task. In contrast, when the dynamics of the intermediate
(recurrent) layer stabilise, the model produces consistent errors. That is, even if the predictions
themselves are always incorrect, the pattern of error is reproduced in the same way each time. In the
context of this highly specialised task—detecting repetition—such consistent errors are sufficient to

achieve the computational goal.

In Project 2, repeated exposure to RefRN likewise suggested a selective enhancement of neural
representations for noise segments. Firstly, I confirmed a direct correspondence between perceptual
consistency and neural representational consistency: perception tended to be similar when activity in
the temporal ROI—likely reflecting population dynamics in sensory cortex—was similar. In contrast,
because repeated perception was accompanied by more divergent activity across segments, I also
identified the parietal ROI as a region likely related to the decision processes underlying repetition
perception. These correspondences were strengthened with learning. Moreover, in the parietal ROI,
beta-band similarity—of the same band observed in the temporal ROI—was also evident, specifically
in repetition-perception trials. It indicates that the neural representation in the temporal area is

referenced at the parietal region.

Taken together, these findings align well with my hypothesis that RefRN learning can be explained
by a two-layer model comprising (i) stabilised representations acquired through selective consistency
and (ii) decision processes that detect repetition using those representations. A key advantage of the
SC-based account is that it does not require any specific neuronal population to be tuned as a feature
detector; instead, “memory” is realised through the dynamical properties of network activity. Because
the NRD task employs atypical stimuli, it has been difficult to explain within existing learning models,

but the present study resolves this difficulty by focusing on dynamical systems properties.

Whether the selective consistency hypothesis is useful beyond the NRD task—i.e., in a more
generalised account—goes somewhat beyond the scope of the present work and is discussed from

Section 4.2 onwards.

4.1.3. Requirements for The Ability to Acquire Selective Consistency

It is also important that, in the course of this work, both projects identified individual differences
in selective consistency acquisition capacity. In Project 1, I showed that selective consistency
acquisition capacity varies with the spectral radius of the recurrent network. The spectral radius is a
quantity for which having p < 1.0 provides a degree of assurance of ESP: if p is too small, the

system loses flexibility, whereas if it is too large, the system loses stability. My results indicated that
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selective consistency acquisition capacity was maximised around p = 1.4, i.e., slightly on the chaotic
side of criticality. In the complex-systems literature, information-processing capacity is often argued
to peak near the critical point—around p = 1.0 in the present framework. Thus, my finding suggests
that the brain may possess an experience-dependent mechanism that tunes its dynamics so that
information-processing capacity is maximised only for particular, experienced inputs, while
processing of unfamiliar inputs remains relatively inefficient. The possible advantages of such a

mechanism are discussed in detail in Sections 4.2 and 4.3.

In Project 2, analysis of the spectral exponent in resting-state EEG likewise revealed a relationship
in which selective consistency acquisition capacity was maximised at an intermediate spectral
exponent—used as a criticality proxy. Here, the vertex aligned with a canonical critical-point range;
however, because participants were restricted to typically developing healthy adults, variability in
spectral exponent was limited, and the estimated vertex location is therefore less reliable. If I had more
participants with higher spectral exponents, I would have a clearer tendency. Nonetheless, both sets of
results suggest that selective consistency acquisition capacity depends on network properties, giving

rise to individual differences.

In summary, the results relevant to H2, H5 and H6 imply that—if, as will be discussed in Section
4.2, selective consistency reflects a general brain function rather than a phenomenon specific to the
NRD task—then structural constraints of neural networks, such as E/I balance, modulate adaptive
capacity to the environment. This is particularly intriguing in light of recent discussions on biased
criticality—its shifts with age, its alteration in developmental disorders, and its disruption in various
neurological and psychiatric conditions. If criticality deviates from the optimal regime, selective
consistency is compromised, leading to chronically low representation precision. Such a reduction in
precision could in turn contribute to a wide range of functional deficits. In the future, this framework
may be extended to account for perceptual and behavioural abnormalities observed in specific

neurological or psychiatric disorders.

4.1.4. Limitations

Across the two projects, I obtained several intriguing findings relevant to the selective consistency
hypothesis. However, each approach has its own limitations, and important challenges remain to be

addressed before this hypothesis can be firmly established.

Project 1

A Project 1—specific limitation concerns variation in model choice. In this study, I focused on an
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ESN as the recurrent model, introduced Oja’s Hebbian rule as the plasticity mechanism, and used a
hyperbolic tangent as the neuronal activation function (Jaeger et al., 2007; Oja, 1982). However, there
are several possible neural network models and algorithms for reproducing plasticity in the nervous
system beyond Hebbian learning, such as spike-timing-dependent plasticity (STDP) in spiking neural
networks (SNNs) (Maass, 1997; Markram et al., 1997; Taherkhani et al., 2020). SNNs employ
integrate-and-fire units that, like biological neurons, emit spikes and transmit information when the
membrane potential—modulated by synaptic inputs—crosses a threshold. They also incorporate
excitatory and inhibitory neurons, enabling manipulation of network dynamics via the E/I balance.
Moreover, STDP can be regarded as a more refined form of the Hebbian rule used here (D’amour &
Froemke, 2015; Taherkhani et al., 2020). In this sense, SNN-based models with STDP are more

biologically plausible than the model adopted in the present research.

Because I did not test alternative models, it remains unclear to what extent the present conclusions
generalise when the model is changed. However, at the same time, extending the same line of argument
to other models poses a significant challenge: it is not straightforward to define an explicit criterion
corresponding to the “spectral exponent” in this study—a parameter that controls the complexity of
system dynamics. For the reservoir with a hyperbolic tangent used here, an established threshold for
the echo state property (ESP) is known at p = 1. Although research has examined general ESP
conditions and metrics applicable across different networks, to my knowledge, no established
methodology is yet universally applicable (Buehner & Young, 2006; Yildiz et al., 2012; Manjunath &
Jaeger, 2013). Consequently, in other networks, it becomes difficult to connect criticality to individual
differences in selective consistency acquisition capacity in the same way. For a similar reason, I did

not investigate STDP, which requires an SNN framework.

Therefore, a conservative summary of my findings is that at least one class of RNN can acquire
selective consistency for a given noise stimulus without requiring an explicit optimisation algorithm.
To elevate this account to one that can be applied more directly to the brain, it will be necessary either
to reproduce the results using models with higher biological plausibility that address the issues above
or to obtain direct empirical evidence from the biological nervous system. This point is discussed in

Section 4.4.4.

Project 2

Although this study was preregistered, some of the findings still require replication to establish
converging evidence (Open Science Collaboration, 2015). Except for ITPC, which had already been
highlighted in previous work, I aimed to explore whether learning effects can be accounted for by

neural selective consistency. For this reason, I conducted a power analysis based on behavioural
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performance and ITPC values and preregistered the required sample size (Goto et al., 2024). Therefore,
the results for the L1 measure and the spectral exponent are exploratory and require replication in
follow-up studies. In particular, the robustness analyses further indicated that the inverted-U
relationship between selective consistency and SE was not uniform and could be influenced by specific
participants. In the bootstrap analysis, the inverted-U conditions were satisfied in approximately 70%
of resamples, and the LOO analysis preserved the main conclusion in 23 of 24 cases. Therefore,
although the present result does not hold only due to a small number of outliers, the uncertainty
inherent in non-linear estimation with the current sample size (N = 24) means that replication in an
independent sample is required. Relatedly, if data could be obtained from clinical groups expected to

show more atypical SE, this would allow for a more rigorous discussion.

Using the EEG imposed several analytical constraints. The most crucial problem concerns spatial
resolution. Because the EEG has low spatial resolution, I cannot discuss in detail which brain areas or
layers the observed selective consistency occurred in. In particular, although the L1 measure differed
between temporal and frontal/parietal electrodes, cITPC showed no clear differences between them. I
also attempted to increase spatial resolution using CSD, but the results did not change. Spatial
considerations, therefore, remain an issue for future work when addressing the functional role of
selective consistency. However, selective consistency, by definition, is not necessarily restricted to a
single region and may propagate across layers and areas, so this limitation may not be decisive. |

discuss this point in the Section 4.4.5.

Finally, the timing of the noise segment's arrival and the transition period until EEG responses
align are unknown. Because there is a time lag between sound emission and processing through the
brainstem and auditory cortex, and subsequent expression in EEG, the exact onset of the corresponding
“EEG segment” cannot be determined in principle. This issue arises in all experimental systems, but
it matters when comparing brain activity across multiple within-trial time windows. Ideally,
consistency should be evaluated while accounting for the transition period, but here I used the average
over the time window. Indeed, in Project 1, I set the analysis window data-driven to align with the
transient period. In biological systems, if the precise time at which a signal arrives at the recorded
region were known (rather than merely the stimulus onset time), a more detailed discussion that maps
more directly onto the theory and the model should be possible. One possible way to tackle this point
will be discussed in Section 4.4.4. With more precise timing, a more detailed analysis might have been
possible. For example, methods such as dynamic time warping might address this issue (Berndt, 1994).
Still, because this study is an initial investigation of selective consistency, I did not adopt such

approaches to avoid increasing analytical complexity.
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As an NRD Paradigm Study

Although the primary aim of this thesis was not to elucidate the neural mechanisms of the NRD
task, it is still necessary—if the present work is to be positioned as NRD research—to state the

remaining open questions.

The NRD task is an unusually specialised form of learning: learning a stimulus that contains no
explicit statistical features distinguishing one signal from another. To date, there has been no
compelling theoretical or neuroscientific mechanism that can readily account for this ability (Denham
& Winkler, 2020; Masquelier, 2018). The present study introduced the concept of selective consistency.
In Project 1, I showed that, given plasticity and experience, it is theoretically possible to make response
trajectories consistent even for noise stimuli, and proposed the hypothesis that NRD can be explained
not by conventional learning mechanisms but as a special form of learning driven by changes in
consistency. In Project 2, I further demonstrated empirically that similarity in neural activity—
represented in high-frequency activity across a broad network including sensory cortex and parietal
regions—explains similarity in perception regardless of the physical sound, and that this relationship
becomes stronger with learning. Moreover, because low-frequency parietal activity showed responses
specific to the combination of learning and successful repetition detection, I suggested that this region

implements repetition detection by leveraging neural representations that have become consistent.

Crucially, however, even if all of these claims are correct, it remains unclear how “low-frequency
processing in the parietal cortex” detects identity in white noise. The parietal cortex is widely known
to support evidence accumulation in perceptual decision-making. In this scheme, evidence is typically
accumulated from signals provided by feature-selective “detectors”, and a decision is made once the
accumulated evidence exceeds a threshold. Yet, as discussed above, white noise does not contain
discriminable features that could be used to detect. It is also known that the brain does not process
time-varying sensory inputs in a raw form, but compresses them into chunks. However, such chunking
is, in principle, not feasible for white noise (Shannon, 1948). Thus, while the present study offers an
account of how learning progresses, the neural implementation of noise-repetition detection remains

unresolved.

In theory, recurrent neural networks like the brain can maintain a memory of recent history through
their intrinsic recurrence, such that the system dynamics carry information about past inputs over a
finite timescale. If an identical input recurs within the time window over which this memory is retained,
then—given neuronal populations that respond strongly to such recurrences—noise repetition
detection might be achievable purely through dynamics, without relying on explicit stimulus features.
If selective consistency emerges only for particular stimuli, such a mechanism could yield stimulus-

selective detection performance. This account would require a long memory capacity, which is
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typically achieved in a supercritical regime (though excessive supercriticality compromises stability).
This may relate to my observation that individuals with higher than ideal complexity—indexed by the
spectral radius in Project 1 and by ADHD trait in Project 2—performed better. This possibility requires

further investigation.

A further limitation of the NRD task, not specific to this study, is that learning progresses unusually
fast. Typically, learning curves develop gradually, allowing evaluation by splitting data into pre- and
post-learning phases or by fitting a linear approximation. In NRD, however, when learning is
successful, accuracy can reach almost 100% after fewer than five exposures (Agus et al., 2010). As a
result, it is difficult to compare neural changes within RefRN as learning progresses, and analyses are
largely limited to contrasts with RN. Ideally, the selective consistency indices used here would show
a gradual strengthening with learning. In this study, I observed a correlation in the GLMM results:
greater learning effects were associated with higher consistency for RefRNs in the L1 measure, but a

more detailed account may be required.

Finally, although the concept of selective consistency and the spectral exponent results explained
individual differences in learning effects to some extent, I did not explain why sometimes differences
arise across sessions. The ICC results indicated consistent performance within participants overall, but
the data include individuals with substantial variability. In addition, previous work reported RefRN
waveform-specific effects that cannot be explained by acoustic features (waveforms that are easier or
harder to learn) (Agus et al., 2010). Neither the present study nor subsequent work has tested this
direction, so its reproducibility is unknown; however, if it is reproducible, it will require a
neuroscientific explanation. Under the current formulation of selective consistency, differences in ease

of adaptation as a function of stimulus features do not follow, and this remains a potential issue.

As a Selective Consistency Study

The present work also has several limitations with respect to its central aim: testing the selective
consistency hypothesis. Firstly, my validation was confined to a specific experimental paradigm—the
NRD task —and thus cannot be straightforwardly generalised to more conventional perceptual
paradigms. However, what makes this difficult is that selective consistency acquisition occurs
automatically in daily experience. In many perceptual tasks, although the exact time-varying stimulus
sequence may be novel, participants have already accumulated extensive experience with similar
stimuli or with the constituent features derived from their decomposition. Consequently, in typical
adult participants, their brains may already be adapted, making it uncertain whether any measurable
change in neural consistency can be induced under laboratory conditions. If, as argued in the General

Introduction, selective consistency acts early in development as a foundational mechanism supporting
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broad information processing, then observations will be required from before this adaptation occurs—
from the early developing brain, in vitro preparations, or neural tissue in which such functions are

impaired. This point will be further discussed in Section 4.4.2.

A second issue concerns the correspondence between the selective consistency measure originally
defined in Eq. 6 and the indices used in each project. Given the nature of NRD stimuli, identical inputs
occur only a few times within a trial. In my definition, selective consistency refers to an asymptotic
reduction in the variance across input-evoked dynamics; however, because only two or three
trajectories can be obtained, I used correlations and waveform distances as proxy measures. Although
these proxies can be related mathematically to variance, it may be desirable to use experimental
settings that allow sampling more trajectories to improve estimation precision. Importantly, however,

one must also note that selective consistency acquisition would continue during such sampling.

Finally, in Project 1, I observed that plasticity updates the system’s connectivity matrix and that
selective consistency emerges as a consequence, but the specific mathematical mechanism remains
unknown. The stimulus-conditioned dynamics of a reservoir depend strictly on its internal connectivity
matrix and the environmental noise applied to the system. Because environmental noise was fixed
throughout the simulations and changes in connectivity were driven solely by plasticity, we can
conclude that selective consistency emerged because the connectivity matrix changed to satisfy an
unknown mathematical property. However, I did not identify the condition in the present study. I will

speculate it as far as I can in Section 4.4.1.

If these issues can be resolved, the selective consistency framework could be extended in multiple
directions, including rigorous links to other learning theories, the development of brain-like computing,
and mechanistic accounts of neurological and psychiatric disorders. In the following section, I
therefore provide a careful discussion and agenda for possible future work, while acknowledging that

parts of this discussion necessarily go beyond what can be strictly concluded from the present results.

4.2. Selective Consistency as a General Property of The Brain

To generate behaviour optimal for a given environment, the brain must observe the external world
and represent it as an internal state. Many theories of brain information processing have been proposed,
but a common premise across them is that the brain reads out the state of the world and encodes it in
neural activity (Rao & Ballard, 1999). In an environment that contains unlimited information, sensory
organs sample only the information needed; signals are transformed into electrical activity according
to the transduction rules of each modality, then conveyed to the brain. Processing in the brain is also
hierarchical across regions. Depending on the region, diverse computations are performed, including

whether and how signals contribute to semantic or conscious processing, feature decomposition, and
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integrative processing. However, all such functions presuppose consistency in the signals they receive
from upstream—namely, that the same information is conveyed in the same signal (or at least with the

same constituent components).

Consistency, in this sense, is the principle that identical inputs give rise to identical responses, and
this thesis has examined brain function from this perspective. Consistency has been extensively
discussed in physics, for example, in studies of lasers (Uchida et al., 2004, 2007, 2008). A key
difference between such physical systems and the brain is that, whereas in physical systems the
response to an input equals the system's behaviour, the brain exhibits a two-layer structure: neural
activity and the resulting perception or behaviour. In this thesis, I distinguished these layers and
referred to the neural response to identical sensory stimuli as neural consistency and the resulting
perceptual outcome as perceptual consistency. Concretely, in the NRD task, I treated correct perception
of repetition in listening to stimuli composed of repeated instances of the same white-noise segment
as an index of perceptual consistency, and adopted a logical framework in which neural consistency is

posited as the mechanistic basis for this perception.

At the same time, it is also essential that the brain exhibits variability: it can change its responses
to identical inputs depending on context, and it can engage in rich spontaneous processing even in the
absence of external input (Dinstein et al., 2015; Faisal et al., 2008; Stein et al., 2005). One major trend
in contemporary neuroscience concerns the brain’s variability and flexibility. Traditionally, much of
the trial-to-trial variability in neural activity measured under the same condition was treated as noise.
However, over the past two decades, it has become increasingly clear that response variability to an
identical stimulus is not merely measurement noise, but can reflect pre-stimulus ongoing activity and
cortical state, as well as fluctuations in top-down control such as attention. Indeed, single-trial
responses can be described as the sum of a reproducible evoked component and ongoing activity
present before stimulus onset (Arieli et al., 1996), and stimulus presentation can broadly suppress
(quench) cortical variability, thereby stabilising network state (Arazi et al., 2017, 2017; Churchland et
al., 2010; Daniel & Dinstein, 2021; Wolff et al., 2019). Correlated fluctuations in population activity
also influence encoding and readout (Averbeck et al., 2006), and attentional improvements in
behaviour can be explained by reductions in correlated variability (M. R. Cohen & Maunsell, 2009).
In addition, theories have been proposed in which spontaneous activity reflects the statistical structure
of an internal model shaped by experience, and in which variability itself encodes inferential
uncertainty (Orban et al., 2016). Collectively, these perspectives increasingly support the view that
neural variability underpins information processing. If one were to assume an excessively consistent
brain, information processing would ignore context and memory entirely, making it impossible to

adapt to the environment.
Therefore, the brain must maintain variable and flexible dynamics overall while reducing
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variability and producing consistent behaviour when necessary (Buonomano & Maass, 2009). The
well-known phenomenon of neural variability quenching—widespread suppression of response
variability following stimulus presentation—is often cited as direct evidence for this dual requirement
(Arazietal., 2017; Daniel & Dinstein, 2021; Wolff et al., 2019). How the brain implements this duality

remains an active topic of debate.

In this thesis, I therefore proposed the selective consistency hypothesis, namely that the degree of
consistency varies stimulus-dependently. Many studies report that neural activity in some
developmental stages exhibits high variability (Caras & Sanes, 2019; Montez et al., n.d.; Naik et al.,
2023). Responses in cultured neuronal networks are likewise highly unstable (Maeda et al., 1995;
Wagenaar et al., 2005). In other words, the brain cannot, from the outset, reliably produce variability-
quenching and neural consistency in response to external inputs. Moreover, even in adults, perceptual
consistency is low for complex stimuli that have not been previously experienced, and it can be
enhanced through experience (Agus et al., 2010; Kang et al., 2018). Taken together, these observations
led us to propose that experience-dependent acquisition of neural selective consistency occurs in a
stimulus-specific manner, while overall flexibility is preserved—thereby realising the dual

requirement of consistency and variability.

Here, I focused on the NRD task because perceptual selective consistency can be acquired in this
paradigm, yet it has been difficult to explain the neural mechanisms using existing learning theories
alone. As shown in Section 4.1, results indicate that the selective consistency hypothesis provides a

good account of NRD learning, at least at the level of explanation required for this task.

Importantly, the above argument places no constraints on stimulus properties or task demands and
is, therefore, in principle, applicable to a wide range of situations. Throughout this thesis, I
decomposed the NRD task into two stages: (i) representation of the stimulus (noise) in the sensory
system and (ii) a decision process implementing repetition detection. And I treated selective
consistency as a form of learning operating at the representation stage. This separation allows the
selective consistency account to be distinguished from task-specific considerations about repetition
detection. Indeed, changes in neural activity to NRD white-noise stimuli have been reported even
during sleep or under anaesthesia, further suggesting that these stages can be treated independently
(Andrillon et al., 2017; Kang et al., 2021). Although using noise stimuli retains some task-specificity
at the representation level, this choice primarily served to illustrate the selective consistency
framework clearly. In general, virtually any perceptual experiment can be decomposed—at a coarse
level—into representations and downstream decisions based on those representations. However, as
discussed in Section 4.1.4, when experiments target the mature brain using other, more familiar

sensory stimuli, extensive prior experience is likely to reduce the observable change in consistency.
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One of the most intriguing findings was that the capacity to acquire selective consistency depends
on intrinsic network properties, and is maximised in networks whose characteristics lie slightly outside
the regime traditionally considered optimal for information processing. Both the simulation and EEG
results revealed a non-linear relationship between selective consistency acquisition capacity and
parameters that govern the complexity of system dynamics, such as the spectral radius and the spectral
exponent. Specifically, the relationship was well captured by a quadratic curve with a peak around the
vicinity of criticality—a regime in which dynamics are neither overly stable nor overly flexible (Beggs,
2008; Beggs & Plenz, 2003). Notably, Project 1 showed that selective consistency was maximised in
a regime slightly more flexible, complex, and variable than criticality—supercriticality —which is
typically assumed to be too flexible and to achieve no more than stable information processing. In
Project 2, the estimated peak coincided with criticality; yet, given that subtracting one outlier showing
low performance moved the vertex into a more supercritical regime, and stronger ADHD traits were
associated with better task performance, it remains possible that, with a larger sample size, the vertex

would likewise shift towards a somewhat higher-complexity regime.

Selective consistency, therefore, suggests a possible resolution to an apparent tension: the brain
may operate in a regime more flexible than criticality, while still achieving consistent information
processing when needed. Criticality is often regarded as desirable because if dynamics are too stable
and fixed, context- and memory-dependent processing becomes difficult, whereas if dynamics are too
flexible, information becomes conflated and consistent responses are lost (Hengen & Shew, 2025;
Zimmern, 2020). This has motivated extensive discussion of the idea that the brain self-organises
towards criticality (self-organised criticality) (Bak et al., 1987; Beggs, 2008; Dorogovtsev et al., 2008;
Plenz et al., 2021). Selective consistency, however, as indicated by my simulations, could allow the
system to operate in a regime even more biased towards complexity than criticality, while selectively
shifting stimulus-specific dynamics towards criticality for learnt inputs. In other words, the brain could
maintain a higher degree of flexibility than is often assumed—remaining strongly influenced by prior
history, immediate context, other concurrent inputs, broader context, and attentional state—yet
increase consistency only when a “familiar” stimulus is encountered, by virtue of its dynamical

properties.

If such a mechanism indeed operates, then for stimuli with low consistency, canonical forms of
learning and information processing (will be discussed in Section 4.3) would not function effectively,
whereas they would become effective specifically for stimuli that have acquired selective consistency.
In this sense, selective consistency may act as a physical filter that separates signals that should be

used for information processing (e.g., learning) from those that should not.

Finally, under this view, dysfunction of selective consistency—as a key physical filter supporting

information processing—should impact a wide range of downstream computations that depend on it.
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For selective consistency to operate, at least two conditions are required: the system must start from
an initial state near the critical point, and plasticity must function appropriately. If either condition is
compromised, selective consistency will not be acquired. In developmental disorders and some
neurological or psychiatric conditions, the estimated neural dynamics have been reported to deviate
substantially from criticality (Alamian et al., 2022; Arviv et al., 2016; Bruining et al., 2020; Yin et al.,
2022). Impairments of plasticity are also widely recognised to be implicated in many disorders.
However, the mechanisms by which such structural alterations translate into specific functional
symptoms remain incompletely understood. Consistent with this, in Project 1, selective consistency
failed to emerge when the system was extremely far from criticality. More broadly, the selective-

consistency framework may provide a way to bridge these levels of description.

4.3. Connections to Other Learning Theories
4.3.1. Selectivity of Sensory Neurons

When discussing stimulus-specific neural responses, it is necessary to consider neuronal
selectivity in the sensory cortex, one of the canonical topics in neuroscience. Traditionally, it has been
shown that neurons in the visual cortex respond selectively to particular orientations, and that such
tuning can be sharpened through learning (Hubel & Wiesel, 1962; Jehee et al., 2012; Schoups et al.,
2001). Beyond static stimuli, there are also neurons that respond selectively to dynamic stimuli (e.g.,
speech or musical sounds) (Doupe & Solis, 1997; Mesgarani et al., 2014). At higher levels of
processing, some neurons respond selectively to information about specific individuals, such as names,
face images, and voices (Quiroga et al., 2005). Taken together, these findings consistently indicate that
neurons can be tuned as “detectors” for particular stimuli or concepts, and that stable engagement of

such neurons could support perceptual consistency across trials.

In contrast, selective consistency is fundamentally a dynamical systems property and does not
explicitly implement functions such as signal detection or other forms of information processing;
therefore, it differentiates from neuronal selectivity. As shown in Project 1, it emerges as a self-
organised change in trajectories. Precisely because of this, however, selective consistency has the
advantage of remaining applicable to cases in which learning and the differentiation of “detectors” are
difficult, such as the NRD task. The view that the system as a whole can preserve memory as a
dynamical system (Buonomano & Maass, 2009), without requiring dedicated detectors, is
conceptually parsimonious because it avoids the need to assign a one-to-one responsible unit for

conceivable concepts.

At the same time, considering detector-like neurons highlights an additional requirement: for such

neurons to detect their preferred features, they must receive consistent input each time. From this
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perspective, one can also organise the account as follows: selective consistency stabilises signal
representations, and then specific neurons or networks come to respond selectively to these stabilised
representations, thereby supporting stable perception. This is closely analogous to the role played by
the output neurons in Project 1. If the system does not possess consistent dynamics, the learning rule,

such as backpropagation, cannot achieve its computational goal, as I will discuss in the next section.

4.3.2. Bayesian Brain Hypothesis, Predictive Coding, and Free Energy Principle

Here, I will connect selective consistency and Bayesian inference—based frameworks—currently
the most widely accepted computational theories of perception and perceptual learning. For readers
who need a description of those theories, see Predictive Coding and Free Energy Principle before

reading the following statements.

Selective consistency implies that, even under the same internal model m, the variability of neural
responses x differs across stimuli s, and that this variability changes with experience. Under the

standard PC observation equation,

x() = g(s(©;m) + &(t),  &(t) - N(0,0%) (eq.23)

the observation noise &,(t) is assumed to be stimulus-independent and determined solely by neural
activity. The selective-consistency framework, however, posits that the error term contains a stimulus-

dependent component.

Accordingly, if we decompose the error as & = &, + &,.;, assuming linear additivity of stimulus-
common part €,(t) and stimulus-dependent part €,.5(¢t), the observation equation can be rewritten

as

x(0) = g(s(E);m) + £x(6) + E4s(£), £x(6) = N(0,03(1)), £,(6) = N(0,0%5(0)).  (eq.24)

In this case, the precision II is given by

-1
Me(t:5) = (63(6) + 0%5(0) (eq.25)
Alternatively, the stimulus-dependent variability can be interpreted as a heteroscedastic scaling of the

noise. In this formulation, the observation equation becomes
x(8) = g(s(t);m) + 0, ()0, (ON(D), n(t) -~ N(0,I) (eq.26)

and the corresponding precision becomes

M.(6:5) = (2020 (eq.27)
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that is, the inverse squared scale (gain) of the state- and stimulus-dependent standard error. Or finally,
a more realistic formulation includes a global baseline noise term &,(t), yielding the full observation

equation and precision

x(t) = g(s(O);m) + &(t) + 0:()as (M),  where £(t) - N(0,63),1n(t) -~ N(0,D),

Ne(t:s) = (o3 + ag(t)a,%;s(t))_l. (eq.28)

In conventional discussions of the PC and FEP, the precision [I;—defined as the inverse of the
variance @2(t)—plays a central role in scaling the prediction error €,. Through this precision
weighting, synaptic gain is adjusted, thereby determining how strongly prediction errors contribute to
model updating (Feldman & Friston, 2010; Friston et al., 2006). Precision itself has been argued to be
controlled by functional factors such as attention, as well as by neuromodulatory systems involving
dopamine, NMDA receptors, acetylcholine, and noradrenaline (Feldman & Friston, 2010; Parr &
Friston, 2017; Owens et al., 2018). Under my formulation, these conventional sources of precision
modulation are captured by the term 62(t). Importantly, all of these mechanisms are context-

dependent rather than stimulus-dependent.

In contrast, all formulations proposed here (Egs. 25, 27, and 28) explicitly incorporate a stimulus-
dependent variance 6%.5(t), which has not been considered in standard PC and FEP accounts. Because
selective consistency is itself defined in terms of the across-trial variance of neural responses to a
given stimulus Vary[x*(t;s)]. Once selective consistency is defined in this dynamical sense, a
reduction in trial-to-trial dispersion follows as a statistical consequence. Specifically, for a fixed
stimulus s, stronger trajectory contraction implies that the empirical conditional distribution of neural
states becomes tighter, so that Var,[x*(t; s)] decreases as selective consistency increases. Therefore,

it is natural to model this tightening as a reduction in the likelihood variance parameter,
Var, [x*(t; 5)] = 62.(0). (eq.29)

Consequently, the acquisition of selective consistency for a stimulus s corresponds, in predictive-
coding terms, to a reduction in @5.¢(t) for that stimulus. By equations 25, 27, and 28, this is
mathematically equivalent to an increase in precision Il (t;s). In other words, selective consistency
functions as a stimulus-specific adjustment of prediction-error gain grounded in the system's intrinsic

dynamics.
This mapping also clarifies implications for perception. In Bayesian formulations,
p(sx) o p(xls)p(s), (eq.30)

perception corresponds to inferring the environmental state s from neural activity x. From Eq. 29,

if selective consistency has not been acquired for a stimulus, the conditional distribution
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p(x|s) exhibits high variance, meaning that the observation x provides weak and unreliable
information about s. In that regime, posterior inference becomes dominated by prior fluctuations and
nuisance variability, yielding unstable perception even when the nominal external input is unchanged.
Conversely, selectively reducing a2.c(t) makes the likelihood sharper, stabilising inference for those

stimuli.

In summary, neural consistency directly governs perceptual stability through the likelihood's
variance and is therefore essential for perceptual consistency. Up to this point, this conclusion aligns
with existing Bayesian accounts of perception. The critical extension proposed here is that the brain
may initially operate with high likelihood variance, and that this variance can be selectively reduced
in a stimulus-dependent manner—not as a consequence of stimulus complexity, contextual modulation,
or attention, as traditionally assumed, but as a consequence of the intrinsic dynamical properties of the
brain as a nonlinear system (Feldman & Friston, 2010; Parr & Friston, 2017; Owens et al., 2018). This
implies that perceptual stability—and, under Bayesian formulations, the learning rate—can be
naturally enhanced through experience in a stimulus-specific manner. Under this interpretation,
selective consistency acts as a physical filter early in development, determining which inputs acquire
consistent neural representations and thereby differentiating stimuli that should be learnt from those

that need not be.

4.4. Open Questions and Future Directions

The selective consistency framework reveals a range of intriguing possibilities. However, rigorous
validation will require addressing several outstanding challenges that were beyond the scope of the
present work due to constraints in time, resources, and expertise. Below, I provide an overview of

these issues.

4.4.1. How Is It Possible to Achieve Conditional Trajectory Convergence through
Plasticity

As noted in the Limitations, it is worth investigating what specific changes in the connectivity
matrix enable the system to exhibit stimulus-dependent consistency while preserving overall flexibility.
The present thesis reports empirically—both in simulations and experiments—that selective
consistency can be acquired. This is a sufficient starting point, but more rigorous conditions need to
be derived mathematically. In this regard, dynamical systems theory and algebraic approaches are

likely to be useful (Strogatz, 2024).

From the perspective of non-linear dynamical systems, selective consistency can be understood,
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in a straightforward way, as convergence of input-conditioned trajectories in an input-driven system.
That is, whether differences in initial state and intrinsic fluctuations persist, or are they gradually
quenched over time when the same input drives the system. Let x, € R¥ denotes the latent state of
the n neural populations and the input signal u,(s) € R induced by stimulus s. The state update

is given by Eq. (3) introduced in the General Introduction
x¥(s) = P(xF_1(s), u(s), 0%, £¥) (eq.31)

Here, 8% denotes parameters of the connectivity matrix, such as synaptic connections. And k is
the trial index. Introducing the state difference between trial k and trial I, 8x,(s) = x¥ — xL(s), the
dynamical definition of consistency is to track how this difference evolves over time under the same

input u(s).
Linearising the dynamics around the stimulus-conditioned trajectory yields

a9

. (eq.32)
0% | (x,(5), ue(s))

8x41(s) = Je(s)6x,(s), Je(s) =

The Jacobian J.(s) € RV is a local linear map that determines, at a given time and in the
neighbourhood of a given state, how much an infinitesimal deviation is amplified or attenuated at the
next time step (Strogatz, 2024; W.Hirsch et al., 2017). In general, J,(s) depends on the state x(s)
and the input u.(s), and therefore varies over time. Consequently, even for neural systems with the
same connectivity @, different stimuli can drive the system through different regions of state space,

leading to stimulus-dependent statistics of J.

A concept that summarises this average rate of expansion of deviations under conditioning on the
same input is the maximal conditional Lyapunov exponent (CLE) (Eckmann & Ruelle, 1985; Strogatz,

2024; W.Hirsch et al., 2017), written in the form

1

Ac = Tli_r)rgl();log , (eq.33)

T-1
[ [
t=0
where 4, < 0 implies that, under an identical input, inter-trial differences decay exponentially on
average, and responses from different trials are likely to converge onto the same bundle of trajectories.
Conversely, if A.(s) > 0, such differences tend to be amplified, so trial-to-trial variability is more
likely to persist even for the same stimulus. In the literature on drive-response synchronisation and
generalised synchronisation, a negative conditional exponent in the response system has repeatedly
been used as a criterion for the response to stably follow an identical drive (Kocarev & Parlitz, 1996;
Pecora & Carroll, 1990; Rulkov et al., 1995).

Accordingly, selective consistency can be expressed as stimulus-dependent variation in A.(s),

such that repeated experience shifts 1.(s) towards more negative values for the experienced stimulus.
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Within this framework, plasticity corresponds to updates of @, but these updates need not
proceed uniformly across stimuli. Repeatedly presented stimuli repeatedly visit a relatively restricted
region of state space (a particular trajectory bundle), so updates accumulate preferentially in the
neighbourhood of that region. As a result, changes in connectivity necessarily act in a biased manner
on the dynamics of the regions traversed by that stimulus. In contrast, for stimuli that are not repeatedly
exposed, or for stimuli whose input sequences vary across trials such that the same trajectory bundle
is unlikely to be revisited, updates are less likely to concentrate in a specific region, making
comparable reorganisation less likely. This asymmetry naturally yields stimulus selectivity in the
change of its dynamics.

An important caveat, however, is that although updates can be expected to accumulate more
readily in a particular region, it is not self-evident that they will necessarily reduce J;(s) in that region.
Depending on the direction of the updates, it is also possible that J.(s) becomes larger specifically
for the experienced stimulus, driving the system towards greater “selective inconsistency”. Therefore,
for trial-to-trial variability to actually decrease for repeated stimuli (i.e., for A.(s) to shift towards
negative values), some mechanism is required that selectively biases connectivity changes towards
suppressing transverse inconsistency. This non-triviality is why, at least for the present author,

expressing selective consistency acquisition mathematically is difficult.

Nevertheless, several plausible mechanisms can be considered that could bias updates in the
direction of reducing J,(s). As a starting point, J,(s) is a matrix (with dimensionality determined by
the number of neurons). Each element describes local expansion or contraction along a particular
direction, and the CLE is given by the log average of these local stretch factors. Therefore, achieving
selective consistency (4.(s) < 0) does not require every direction to shift towards contraction. If
contraction-inducing changes dominate while expansion-inducing changes are constrained, the net

exponent A.(s) can become negative.

A key ingredient here is homeostasis in synaptic plasticity. In general, rules that “strengthen or
weaken connections between temporally correlated neurons” can lead to divergence (weights grow
without bound as updates accumulate). Consequently, regularisation or forgetting terms are typically
introduced to maintain the overall energy balance of the system. This is a widely shared experimental
and theoretical view, and Oja’s Hebbian rule used in this thesis is one such example. Although there
are multiple ways to implement homeostasis, they all act to suppress runaway excitation and excessive

weight growth (Chen et al., 2013; Oja, 1982).

Let the local amplification factor under the linearised dynamics dx be denoted by

5:(5) = 16x sl ITedx.|l
‘ Noxc Il N6xcll

(eq.34)
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Intuitively, the maximal CLE can be expressed as the long-time average of log g,(s) (see Eq. 33).
Under this view, error amplification dominates when large contributions with g;(s) > 1 pushes the
average upward, shifting A.(s) towards positive values; conversely, error contraction dominates
when contributions with g,(s) < 1 pulls the average downward, making A.(s) negative. For g; to
become large, overall activity at time ¢ + / needs to be large relative to time ¢, which is more likely
when recurrent gain is strong. However, when a homeostatic plasticity rule, such as Oja’s Hebbian

rule
AW;; = a'xl-(xj - xin-j) (eq.35)

where i and j represent neurons, is present, synaptic weights are adjusted not only by the Hebbian term
ax;x; but also by the normalisation term —ox?W; j- Crucially, the magnitude of the normalisation
term scales with postsynaptic activity Xx; increases. In other words, states with stronger activity—and
thus a greater tendency for recurrent influences to persist—receive stronger suppressive updates. As a
result, when the system is biased towards inconsistency (4 > 0, with large and frequent positive log
gt ), changes that would further increase g, (and hence amplify across-trial differences) are
selectively suppressed, whereas changes that decrease g, are not equivalently constrained. Through
such asymmetric updating, the contribution of g, <1 components may increase over time,

potentially driving A.(s) below zero.

By contrast, in systems that are already weakly non-linear (1 < 0), the state depends more strongly
on the current input and is less influenced by recurrent history. In this regime, synaptic updates are
less shaped by the temporal structure of the stimulus. Because recurrent activity is not strongly
amplified, the normalisation term does not selectively suppress changes along particular directions,

and the net change in 4 may remain minimal (cancel each other).

Also, if the system possesses strong non-linearity (4 > 0), the same input no longer visits a
restricted region of state space, so updates do not accumulate primarily in the neighbourhood of that

region.

From this perspective, Project 1’s pattern—SC acquisition in the supercritical regime
(corresponding to A > 0) and little change in the subcritical regime—may be interpretable. In
summary, consistency corresponds to having a negative maximal conditional Lyapunov exponent, and
selectivity arises because plasticity accumulates only in limited regions of state space that are
repeatedly visited conditioned by the stimulus. Plasticity can, in principle, scale the Jacobian in
directions that either amplify or suppress deviations. However, when homeostatic plasticity is present,
in a mildly supercritical regime (A > 0), changes that would increase difference amplification are
selectively constrained. Consequently, contraction-promoting changes are expressed more strongly,

shifting A.(s) towards 0 (and potentially below).
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That said, this account remains speculative rather than proven, and further verification will be

required.

4.4.2. Consistency and Discrimination

Consistency is the property that enables the brain to treat the same stimulus as the same, without
being driven by initial states or background noise. Put differently, it may be viewed as the presence of
an attractive conditional trajectory that overcomes subtle perturbations. However, this also entails a
risk: even if stimuli differ in subtle but meaningful ways, increased consistency could pull them into
the same trajectory. If so, does increasing consistency inevitably reduce the ability to discriminate

between similar stimuli?

A distinct representation requires two properties: the same object should be represented
consistently, and it should be distinguishable from other objects. In other words, to form appropriate
representations of external concepts, the system must acquire discriminability alongside consistency
(DiCarlo & Cox, 2007; O’Reilly & McClelland, 1994; Yassa & Stark, 2011). Because the present
study did not test this experimentally, whether discriminability is preserved or co-acquired as selective
consistency develops remains an important open question. So far, the lack of improvement in CRR for
RefN denies any improvement in discrimination for experienced stimuli, at least within the data range
of this study.

Experimentally, within an NRD framework, one approach would be to train participants on
multiple RefRN time series and then present mixture stimuli (MixedN) composed of combinations of
those learnt sequences. Perceptually, discriminability could be assessed by testing whether CRR for
MixedN are higher than for standard N. Neural activity could also be recorded and analysed using the
same metrics as in this thesis—for example, testing whether between-segment neural distances for
MixedN exceed the mean distance observed for N. Another candidate paradigm would be to
parametrically randomise a learnt RefRN time series and estimate the proportion of randomisation at
which perceptual and neural selective consistency disappear, and whether surprise-related neural

responses emerge at that point.

If the system can maintain attractors that are both consistent and discriminable, it is also critical
to ask how many such attractors can be supported. From a purely dynamical systems perspective—
considering the arrangement of attractors in state space—in principle, an unbounded storage capacity
(Amit et al., 1985). Empirically, however, constraints should appear: for instance, if participants learn
far more than two or three RefRN patterns, performance may eventually plateau or decline, earlier
patterns may be forgotten, or interference may arise. Even if learning remains accurate, it would be
informative to examine how neural activity differs among RefRN1, RefRN2, and RefRN10. Pursuing

these questions could contribute to understanding the brain’s remarkable memory capacity.

Building on the formulation in Section 4.4.1, the question of how a similar stimulus u,is treated
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after selective consistency has been acquired for a stimulus u; can be described in the same
framework. If learning expands the basin of the attracting trajectory bundle formed to u;, u,may
more readily fall within that basin, and responses to u, may be pulled into u;’s basin—yielding
assimilation. In the context of generalised synchronisation, even if a functional relationship from drive
to response, x = ®(u), can be established, there is no guarantee that the mapping is one-to-one;

similar but distinct inputs may be mapped to similar responses (Boccaletti et al., 2002).

However, acquiring consistency for u; does not necessarily entail uniformly stronger
convergence in all directions of state space (Moreno-Bote et al., 2014; Strogatz, 2024). If trial-to-trial
differences under the same input—arising mainly along directions associated with initial-state errors
or intrinsic fluctuations (in Project 1, the imposed fluctuational noise)—are selectively suppressed,
while directions along which input differences project are not suppressed, then consistency can
increase without forcing u, to be assimilated into u,. Alternatively, if the system can acquire
multiple stable trajectories (i.e., a bifurcation) along directions carrying input differences, u, could
coexist as a distinct representation rather than being absorbed into u;. Whether such mechanisms
exist in the brain, and if so, how they are achieved, remains unknown. Nonetheless, at least in principle,
acquiring an attractive trajectory for u; does not immediately imply a loss of discriminability with

respect to other stimuli (Averbeck et al., 2006).

4.4.3. Consistency and Multistability

Speaking of bifurcation, a related but distinct topic is multistable perception (Leopold &
Logothetis, 1999; Sterzer et al., 2009). Identical sensory stimuli do not necessarily fall neatly into just
binary patterns—being perceived identically or failing to be recognised as identical. For many stimuli,
perception maintains a one-to-one mapping to the sensory input; however, phenomena known as
multistable perception demonstrate a one-to-many relationship, in which the same sensory stimulus
can be stably associated with multiple perceptions (Sterzer et al., 2009). This has been extensively
studied in the context of the idea that perception is generated in accordance with predictions rather
than the physical stimulus itself, as well as in relation to perceptual stability and switching (Brascamp
et al., 2018; Hohwy et al., 2008). Like the present work, multistable perception has been argued to be
well explained from a dynamical systems perspective, in terms of bifurcations, hysteresis, and
catastrophes (Moreno-Bote et al., 2007; Pisarchik et al., 2014). These theories can all be described as

phase-transition-like phenomena in state space driven by changes in hidden parameters.

Research on multistable perception typically presupposes that multiple mutually exclusive,
consistent trajectories have already been acquired (Pisarchik et al., 2014). In light of the selective

consistency framework—where the issue is the acquisition of the trajectories themselves—future work
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might instead observe how multistable perception emerges during early development (Brown &
Miracle, 2003; Shimojo et al., 1986), or experimentally create multistability by manipulating brain
activity to control how trajectories are acquired for a novel stimulus using brain-stimulation methods
(Carmel et al., 2010).

4.4.4. Biological Experiments Regarding Self-organised Selective Consistency
and Its Constraints

As noted in the Limitations, validation using in vitro and invasive experiments is also essential.
Project 1 relied on simulations and Project 2 on macroscopic non-invasive measurements; therefore,
the argument needs to be complemented by microscopic, invasive recordings that bridge these two

levels.

As developed in the Discussion, my results suggest that the capacity to acquire selective
consistency depends on the structural properties of the system’s connectivity. Because synaptic
connections realise the connectivity matrix in the biological brain, it is structurally expected to be
influenced by the functions of subplate circuits during development (De Carlos & O’Leary, 1992;
Friauf et al., 1990; Kanold & Luhmann, 2010), synaptic pruning, and subsequent synaptic plasticity
and dendric spine morphoplasticity (Hayashi-Takagi et al., 2015; Holtmaat & Svoboda, 2009;
Paolicelli et al., 2011; Roberts et al., 2010), along with the resulting E-I balance (Poil et al., 2012;
Vogels et al., 2011). The appropriate expression of genes and molecules, and glial cells that influence
these factors, is also important (Chung et al., 2013; Hirai et al., 2005; Hori et al., 2020; Kim & Kandler,
2003; Ullian et al., 2001).

Dysfunctions in these elements have been extensively discussed in relation to neurological and
psychiatric disorders and neurodevelopmental conditions (Marin, 2012; Rubenstein & Merzenich,
2003; Sekar et al., 2016; Sellgren et al., 2019; Yizhar et al., 2011). However, the logical gap between
structural abnormalities and higher-order functional symptoms, such as atypical cognition, has not
been fully resolved (Sellgren et al., 2019; Yizhar et al., 2011). A dynamical systems perspective—
including SC—may help bridge this gap, because dynamical systems characterise the responses that
emerge under structural constraints. Since information processing is grounded in system responses,

this framework may provide a viable link between structure and function.

As a concrete experimental paradigm, for example, use optogenetics to activate a set of neurons in
the sensory cortex in a fixed temporal sequence, and then quantify trial-to-trial consistency of the
evoked neural activity (Carrillo-Reid et al., 2016; Marshel et al., 2019). Driving the same neuronal
ensemble in the same order is formally analogous to repeated presentation of a particular sensory

stimulus, as used in the present work. To minimise confounds from additional inputs from other
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cortical areas, the barrel cortex in the mouse somatosensory system would be a promising target
(Petersen, 2007). Because each barrel corresponds to an individual whisker and forms a relatively
independent barrel-shaped cluster, it may allow a biologically grounded analogue of the reservoir used

in Project 1, enabling a more direct mapping between model-based and physiological arguments.

By comparing such experiments across combinations such as developmental versus adult stages,
neurodevelopmental-disorder models versus wild-type, or schizophrenia models versus wild-type, and
evaluating consistency in each case, it may be possible to identify specific biological constraints that

were inaccessible in the present study.

Assessing dynamical systems properties—including selective consistency—in such target neural
systems could therefore serve as a bridge between “hardware” and “software” levels of explanation

(Breakspear, 2017).

4.4.5. Cascading Selective Consistency

The selective consistency evaluated in this thesis was assessed in settings that primarily targeted
the sensory cortex: the model was intended to represent sensory areas, and in the EEG data, the within-
trial similarity was observed mainly in the temporal ROI, plausibly reflecting auditory cortical activity
given that the sensory input was auditory. Although the cortex can be subdivided into layers, scalp
EEG has limited spatial resolution and is influenced broadly by activity spanning roughly layers 2/3
to layer 5 rather than providing layer-specific information (Murakami & Okada, 2006). In general,
sensory inputs first reach the cortex via thalamic relays (Sherman, 2007), and within the cortex, they
are received primarily in layer 4 (Miller et al., 2001). Information processed in layer 4 is then
propagated via layers 1-3 and 5—6 to many other targets, including other cortical regions (e.g., higher-
order sensory and association cortices, sensorimotor areas) and subcortical structures (e.g., the
hippocampus), giving rise to perceptual experience and behaviour. Given this architecture, it is

unlikely that selective consistency acquisition occurs only within a specific layer of a sensory cortex.

For any neuronal population—defined in various senses, such as a cortical layer or area—the
output of upstream populations serves as its input. This is the foundation of the hierarchical structure
assumed in many computational models (Bastos et al., 2012; Friston, 2008; Friston & Kiebel, 2009a).
Even in the present model, while motivated by sensory cortex, the architecture was simply an input—
intermediate—output system. If we consider the brain as a whole, it is more appropriate to think in
terms of a chain of similar systems (i.e., a deep recurrent neural network), in which the input to RNN,,+1
is the output of RNNj, (Felleman & Van Essen, 1991). If the output of RNN;, is not consistent, then for
the same stimulus s, the “input” u,(s) to RNN,+1 would itself vary across trials. This was precisely

the motivation for separating representation and decision in this thesis and assuming that acquiring
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consistency at the representation stage must occur first. Because the only constraint imposed in my
model was plasticity, the same logic could in principle apply to many parts of the nervous system.
From this perspective, it is natural to hypothesise that selective consistency acquisition does not occur

in a single locus, but emerges in a cascading manner across information-processing stages.

Although indirect, my results are consistent with such a cascading-SC hypothesis. Signals strong
enough to be detectable in scalp EEG are unlikely to originate from highly localised activity confined
to a specific layer in a single region (Murakami & Okada, 2006). Indeed, within-trial neural similarity
during repetition perception (and, likewise, consistency for actually repeated stimuli) was observed
not only in the temporal ROI—presumably reflecting auditory cortex—but also in the parietal ROI
(and frontal ROI for the pooled GLMM).

Testing the cascading-SC hypothesis is difficult with EEG because of its limited spatial resolution.
Future work will therefore require approaches such as wide-field calcium imaging and optogenetic
perturbation for invasive observation and intervention, or non-invasive yet large-scale measurements

such as MEG.

If the cascading acquisition of selective consistency is empirically supported, it could motivate a
more unified complementary view of brain adaptation. In addition to conventional goal-directed
“backward” learning theories—where downstream rewards or prediction errors drive upstream
structural updates—the brain may also adapt through a dynamical “forward” process: self-organised
increases in response selective consistency at upstream stages induce downstream selective

consistency.

4.5. Significance of The Present Work

This thesis is organised as a three-layer structure: under the overarching theme of selective
consistency, I adopted the NRD task as a model paradigm and developed two NRD projects grounded
in the selective consistency hypothesis. Accordingly, the contributions of this work can be discussed
at each layer; however, because the present section concerns the overall significance of the thesis, |
focus here on the implications for selective-consistency research rather than the NRD-specific

discussion (detailed in Section 4.1).

The central significance of the selective consistency hypothesis is that it provides a parsimonious
framework for explaining the brain’s dual requirement—overall flexibility alongside stimulus-
conditioned consistency—in terms of self-organised changes in dynamical properties. Although
contemporary neuroscience has increasingly recognised that neural variability reflects information

processing, much work has nevertheless focused on how such variability is suppressed, or how
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information processing can proceed despite it. However, the selective consistency hypothesis reframes
the explanatory burden: rather than asking only where and how consistent information processing
occurs, it motivates asking under what dynamical conditions exposed inputs yield consistent neural
trajectories, and how experience changes those conditions in an input-specific manner. This
perspective also clarifies why “more consistency” is not the goal: what matters is input-conditioned

consistency that can be selectively expressed without collapsing overall variability.

It is also important that this objective can be achieved through self-organisation (or, at least, that
it is possible). Although the results of Project 1 have limitations for direct translation to the brain, they
nevertheless showed that a homeostatic Hebbian rule in a recurrent neural network can give rise to
selective consistency. Because the mechanism does not rely on supervised tuning, it is attractive in
that it requires relatively less speculation about how the proposed algorithm might be implemented in
the real brain. Moreover, by formulating the process as self-organisation, I was able to make its
constraints explicit: the acquisition of selective consistency depended strongly on the baseline
dynamical regime, with an optimum near criticality. This indicates that the capacity to acquire selective
consistency can vary substantially, and that this variation is plausibly constrained by intrinsic
dynamical properties of the system. Because dynamical properties are constrained by structure, the
framework also provides a route to connect circuit-level or resting-state markers to behavioural

competence in a mechanistically interpretable way.

Another important, and more speculative, implication concerns the cascading form of selective
consistency discussed in Section 4.4.5. Because cortical processing is hierarchical, inconsistent
outputs from one stage imply inconsistent inputs to the next, motivating the idea that selective
consistency may emerge in a cascading manner across populations. The present EEG findings are at
least compatible with this picture, in that within-trial similarity during repetition perception was
observed not only in temporal but also in parietal regions. Although I did not test this directly,
expanding the simulation model into a deep recurrent neural network would allow this hypothesis to

be evaluated.

If such cascading selective consistency is empirically supported in future work, it would motivate
a complementary view of brain adaptation: beyond conventional “backward” learning—where
downstream errors or rewards drive upstream updates—the brain may also adapt through a “forward”
dynamical process, in which self-organised increases in selective consistency at upstream stages
induce downstream selective consistency. A view in which whole-brain, cascading changes in
dynamical properties directly shape information processing could provide a more unified framework,
given that dynamical properties are constrained by underlying structure. That is, if structural
determinants such as synapses or glial cells are compromised, as in some disorders, this could hinder

changes in dynamical properties (e.g., selective consistency), thereby resulting in deficits in
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information processing.
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Appendix & Supporting information

6.1. Data Availability

The simulation code and its description of Project 1 are available on the GitHub repository

(https://github.com/Yujingoto/Goto_etal PLoSCB2024).

The preregistered methods, demographic and behavioural data, and EEG data used for Project 2

are available on the OSF repository (https://osf.io/tyab6/overview).

6.2. Supplementary Tables

Table S1. Experimental setting. For all simulations, I chose the following common

parameters for the network constructions, MBGD, and Hebbian learning in this table.

Parameter Variable Value
Input dimension N, 1
Reservoir dimension N, 5 X 102
Reservoir connection density d 1071
Internal noise level in the reservoir € 107t x N(0,1)
Spectral radii p [0.1,0.9,1.0,1.1,1.2,1.3,1.4,1.5,1.6,1.7,1.8,1.9,2.0]
Output dimension Ny 1
MBGD learning rate n 107t
Hebbian learning rate a 1077
Number of each stimulus type for a training dataset 5
Number of tests 200
Time points for transition 300
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Table S2. The spectral radii of the Hebbian and non-Hebbian networks after the training

session averaged over 200 runs.

Data shows plasticity changes the spectral radii little.

Network Spectral radius (o)

Initial 0.1 0.9 1.0 1.1 1.2 13 14 1.5 1.6 1.7 1.8 1.9 2.0
non-Hebbian 0.1 0.9 1.0 1.1 1.2 13 14 1.5 1.6 1.7 1.8 1.9 2.0
Hebbian 0999 0900 1.000 1.02 1.204 1308 1411 1511 1.610 1.709 1.809 1.908 2.007
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Table S3. Paired comparison of main behavioural measures.

Contrast Value 1 Value 2 Mean test statistic  p (q) value Effect
difference size

dR’I\%‘efRN' 1.19:1.17  0.87£0.99 0334 pairedt 3492 0.002(0.006) 0.713

HR

(RefRN-  0.76£020 0.70£0.18  0.067 pairedt 2328 0.029(0.044)  0.475

RN)

CRR 0.58+027  0.6140.26 -0.026 airedt  -1.114  0277(0277)  -0.227

(RefN-N) .58+0. .61£0. . p . . . .

RT (N- 0.47+0.11  0.47+0.10  0.0003 il 105.500  0.495(0.594)  -0.166

RefN) . . . . . wilcoxon . 495(0.594)  -0.

RT (N-RN) 047+0.11 0.45:0.10 0.018 paired t 2754 0.113(0.017) 0562

RT (N- 0.47+0.11  0.45£0.10  0.020 aired t 3320 0.003(0.010) 0.678

RefRN) ) : i . ) paired ) ) ) )

gIT\I)(Reﬂ‘I‘ 0.47+0.10  0.45£0.10 0.018 paired t  3.104  0.005(0.010) 0.634

RT (RefN- .

Refﬁl\% 0.47+0.10  0.45£0.10  0.020 paired t 3283  0.003(0.010) 0.670

RT (RN- .

Refﬁ{N) 0.45:0.10  0.45:0.10  0.002 paired t  0.348  0.731(0.731)  0.071
Table S4. Results of ICC for HR and d’ (3,k)

Condition HR CRR d’ RT

N 0.923 0.944

RN 0.844 0.906 0.942

RefN 0.899 0.947

RefRN 0.754 0.835 0.933
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Table S5. Group differences between “Well-learners” and “Poor-learners”.

Well-learners and poor-learners were classified using a threshold of 0.8 for the hit rate in the
last 20 RefRN trials. Group differences were then examined for each behavioural measure and
demographic characteristic. Although these variables were not strictly independent, statistical
tests were conducted for all possible combinations, and the resulting p-values were corrected

for multiple comparisons using the false discovery rate (FDR) procedure.

variable Well learners (n=14)  Poor learners (n=10) test p q (FDR)
Age (years) 33.949.2 345+93 Welch's t 0.883  1.000
Sex F:9;M:5 F: 10 Fisher's exact 0.053 0.174
ML g™ LGOI CATIS T s 07 oan
Dominant ear R:8;L:5;B: 1 R:7;L:2;B: 1 Chi-square 0.703 0.898
Dominant hand R: 14 R: 10 Chi-square 1.000 1.000
Practice time (s) 281 +104 481 +£227 Welch's t 0.024 0.091
Overall confidence 336 +2.21 3.6 +£2.68 Welch's t 0.817 0.988
AQ total 19.0£6.0 19.0+8.3 Welch's t 1.000  1.000
ASRS 3.43+2.77 1.80 +1.48 Welch's t 0.077 0.221
HR: RN (overall) 0.79+0.14 0.57 £0.15 Welch's t 0.001  0.008
d’: RN (overall) 1.244 £ 0.955 0.351 £0.808 Welch's t 0.022  0.091
d’: RefRN (overall) 1.801 £0.961 0.330+£0.870 Welch's t 0.001 0.007
FAR: N (overall) 0.351 +0.283 0.452 +£0.238 Welch's t 0.353  0.677
FAR: RefN (overall) 0.392 +£0.270 0.454 +£0.268 Welch's t 0.585 0.841
CRR: N (overall) 0.649 +0.283 0.548 £0.238 Welch's t 0.353  0.677
CRR: RefN (overall) 0.608 £0.270 0.546 +£0.268 Welch's t 0.585 0.841
RT: N (overall, s) 0.491 +£0.103 0.439+£0.106 Welch's t 0.242  0.618
RT: RefN (overall, s) 0.489 £0.101 0.442 +£0.103 Welch's t 0.275 0.633
RT: RN (overall, s) 0.461 +£0.098 0.439+0.114 Welch's t 0.632  0.855
RT: RefRN (overall, s) 0.464 +£0.104 0.435+0.095 Welch's t 0.494 0.811
d’inlast 20 RefRN trials ) o5 | 99 0.239+1.112 Welch's t 0.001  0.007

(overall)
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Table S6. L1 main effect predicting Perceived (only effects significant for both HR..r and

d’rer after global FDR).

Each value is written as a coefficient (SE), g-value after FDR. Conditions not shown here did

not survive the global FDR correction.

ROI

HRref

d’ref

Model FOI
GLMM.i  Theta
GLMM.;  Theta
GLMM.i  Alpha
GLMM.;  Alpha
GLMM.i  Alpha
GLMM.; Beta
GLMM.; Beta
GLMM.; Beta
GLMM.;  Delta
GLMM.;  Delta
GLMM.;  Delta
GLMMgern Theta

GLMMgern Beta

GLMMgern Beta

GLMMgern Delta

temporal
frontal
temporal
frontal
parietal
temporal
frontal
parietal
temporal
frontal
parietal
frontal
temporal
parietal

parietal

-0.100 (0.018), g=7.09¢-08
-0.023 (0.010), ¢=0.0216
-0.104 (0.011), g=3.92¢-19
-0.046 (0.007), g=7.11e-11
-0.041 (0.005), g=2.71e-16
-0.142 (0.023), g=1.59¢-09
-0.058 (0.015), g=0.000126
-0.028 (0.014), g=0.0493
0.094 (0.012), g=6.56¢-15
0.062 (0.006), g=5.35¢-27
0.039 (0.006), g=1.69¢-11
-0.069 (0.023), g=0.00949
-0.239 (0.055), g=6.95¢-05
-0.091 (0.033), ¢=0.0136
0.044 (0.016), g=0.0138
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-0.088 (0.018), g=6.1¢-07
-0.041 (0.010), g=4.41¢-05
-0.074 (0.011), g=2.09¢-12
-0.033 (0.007), g=3.38¢-06
-0.032 (0.005), g=1.57¢-10
-0.238 (0.023), ¢=3.65¢-09
-0.091 (0.015), g=2.35¢-09
-0.042 (0.014), g=0.00365
0.094 (0.012), g=9.45¢-15
0.066 (0.006), g=6.13¢-30
0.074 (0.006), g=1.32¢-29
-0.102 (0.023), g=3.36¢-05
-0.510 (0.053), g=4.75¢-20
-0.178 (0.032), g=1.7¢-07
0.037 (0.015), g=0.035



Table S7. Learning modulation of the L1 effect (only effects significant for both HR,.r and

d’rer after global FDR)

Each value is written as a coefficient (SE), g-value after FDR. Conditions not shown here did

not survive the global FDR correction.

Model FOI
GLMM.;  Theta
GLMM.;  Theta
GLMM.;  Theta
GLMM.;  Alpha
GLMM.i  Alpha
GLMM.;  Alpha
GLMM.; Beta
GLMM.; Beta
GLMM.; Beta
GLMM.;  Delta
GLMM.;  Delta
GLMMRgerN Beta

GLMMgern Beta

GLMMgern Delta

ROI
temporal
frontal
parietal
temporal
frontal
parietal
temporal
frontal
parietal
frontal
parietal
temporal
parietal

parietal

HR s
-0.059 (0.021), g=0.00476
-0.053 (0.010), q=1.35¢-07
-0.035 (0.010), g=0.000514
-0.049 (0.012), g=0.000107
-0.046 (0.007), q=1.11e-09
-0.021 (0.005), g=6.93¢-05
-0.083 (0.023), g=0.000326
-0.125 (0.014), g=4.97¢-19
-0.085 (0.013), q=2.53¢-10
0.033 (0.005), q=8.45¢-13
0.078 (0.006), q=6.12¢-33
-0.291 (0.052), q=1.7¢-07
-0.208 (0.029), g=1.05¢-11
0.107 (0.016), g=2.53¢-10
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@ rer
20.151 (0.019), g=1.15¢-15
20.073 (0.009), q=1.7¢-14
20.064 (0.009), g=1.24¢-11
-0.088 (0.011), g=6.56e-15
20.059 (0.007), g=2.37¢-18
-0.031 (0.005), g=3.71e-09
20.255 (0.023), g=8.89¢-29
-0.131 (0.014), g=1.16e-20
20.125 (0.014), g=3.92¢-19
0.040 (0.005), g=2.15¢-17
0.083 (0.006), q=5.06¢-44
-0.526 (0.059), g=8.56e-18
20.253 (0.035), g=7.5¢-12
0.151 (0.019), g=1.06¢-14



6.3. Supplementary Figures
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Figure S1. The evaluation of selective consistency for RN and RefRN of non-Hebbian and
Hebbian networks.

The figure style is the same as Figure 5a, but in a different style of comparison. Colours for
each condition are as follows: non-Hebbian RN; green, non-Hebbian RefRN; cyan, Hebbian

RN; magenta, and Hebbian RefRN; brown.
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Figure S2. The evaluation of the between-segment similarity for RefN and N stimuli.

The figure style is the same as Figure 4a. The similarity was evaluated by the correlation
between the first and second segment time series for each test run for repeated noise (N; left)
and referenced repeated noise (RefN; right). The violin plots show probability density
distributions and interquartile ranges of Hebbian (right side; magenta and brown) and non-
Hebbian (left side; green and cyan) models, respectively. The coloured line plots connect the
mean values for each condition. The black lines in the bottom windows show the difference
between Hebbian and non-Hebbian models. The horizontal axis represents the spectral radius

of the evaluated networks.

129



Correlation

Diff.

RN RefRN

;': D *“'& —— Difference ;': T T ] —— Difference

i N\ I non-Hebbian ' I non-Hebbian
e %\ EEE Hebbian L B Hebbian

0.4 $ $ 0.4 \*\

02 @% 0.2 *M
0 + 0

0.2 0.2 R R S G

0.4 -0.4

02 02

0 — 0

2 2

01 09 10 1.1 1.2 13 14 15 16 17 1.8 19 20
Spectral radius

0109 10 1.1 12 13 14 15 16 1.7 1.8 19 2.0
Spectral radius

Figure S3. The inter-trial level selective consistency for RefRN and RN.

The consistency was evaluated by the mean of the correlation between all time series. The violin

plots show probability density distributions and interquartile ranges of Hebbian (right side;

magenta and brown) and non-Hebbian (left side; green and cyan) models, respectively (¥***;

PR < 0.01%, p < 0.001). The coloured line plots connect the mean values for each condition.

The black lines in the bottom windows show the difference between Hebbian and non-Hebbian

models. The horizontal axis represents the spectral radius of the evaluated networks. Weaker

but significant differences between conditions can be seen in the same way as the inter-segment

level comparison.

130




von Mises distribution (k=0) von Mises distribution (k=5)
N=5 N =10 N =30 N= N=5 N =10 N =30 N =100
Ty T e = - B T T Ty D
Vs N Vs P 5 - ~ Y B // ™\ g %,
y \ ’ / \ "/ \'\;\ &/{ /,/ \ {/ »\\\l / Y // bk%
I s | AR} o E f \ i )

/ P 4
\ p . \ | P \
N SN G T ~ 4 \ SN 4 \ .
1.0 — 1.0
— i il —
1 L - -
O 05 O 05
o o
= =
3 3
m T 8
0.0 = 0.0
-0.4 , . : -0.4
5 10 30 100 5 10 30 100
1.0 1.0 %I
0.5 0.5
@] O
& &
0.0 ljgr = —_— 0.0
-0.4 -0.4
5 10 30 100 5 10 30 100
Sample size (N) Sample size (N)

Figure S4. Evaluation of ITPC correction method.

Comparison of ITPC and cITPC computed from simulated datasets with varying sample sizes,
generated from von Mises phase distributions with different concentration parameters (k). The
top row shows the phase distributions generated for each sample size. Each blue dot represents
an independent random sample, and the red lines represent the evaluated mean vector of these
samples. The middle row shows results for conventional ITPC, and the bottom row shows
results for cITPC. The boxplots summarise results across sample sizes on the x-axis; thus,
horizontal shifts reflect sample-size-dependent bias in each metric. The median is shown by the
orange line. (a) Comparison under a fully random phase distribution (x = 0). (b) Comparison

under a strong phase-locking condition (k = 5).
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Figure S5. Topographical map of ROIs.

(a) The ITPC topographical map of the differences between RefRN and RN. Colour indicates
big differences. (b) Channels of temporal ROI. (c) Channels of frontal ROI. (d) Channels of
parietal ROL.
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The well-learners’ temporal ROI L1 distances of each condition are presented separately

according to the correctness of their response. The left panel shows incorrect trials and the right

panel shows correct trials, plotted separately for each of the four conditions. Thus, false alarms

in N and RefN, as well as hits in RN and RefRN, correspond to Perceive trials in which

participants reported hearing repetition. Dots represent all pooled trials from all participants.

The black boxplots for each condition show Q1-Q3, with the horizontal line indicating the

median; whiskers extend to 1.5%IQR. The red diamonds represent the mean values. (a) Delta

FOI, (b) Theta FOI, (c) Alpha FOI, (d) Beta FOL.
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The well-learners’ temporal ROI L1 distances of each condition are presented separately

according to the correctness of their response. The left panel shows incorrect trials and the right

panel shows correct trials, plotted separately for each of the four conditions. Thus, false alarms

in N and RefN, as well as hits in RN and RefRN, correspond to Perceive trials in which

participants reported hearing repetition. Dots represent all pooled trials from all participants.

The black boxplots for each condition show Q1-Q3, with the horizontal line indicating the

median; whiskers extend to 1.5%IQR. The red diamonds represent the mean values. (a) Delta

FOI, (b) Theta FOI, (c) Alpha FOI, (d) Beta FOL.
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Figure S8. L1 temporal ROL

The well-learners’ temporal ROI L1 distances of each condition are presented separately
according to the correctness of their response. The left panel shows incorrect trials and the right
panel shows correct trials, plotted separately for each of the four conditions. Thus, false alarms
in N and RefN, as well as hits in RN and RefRN, correspond to Perceive trials in which
participants reported hearing repetition. Dots represent all pooled trials from all participants.
The black boxplots for each condition show Q1-Q3, with the horizontal line indicating the
median; whiskers extend to 1.5%IQR. The red diamonds represent the mean values. (a) Delta

FOI, (b) Theta FOI, (c) Alpha FOI, (d) Beta FOL.
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Figure S9. The delta-band cITPC from pooled-ROIs for each stimulus type.

Each coloured line shows cITPC of each stimulus type (grey: N, blue: RN, green: RefN, orange:
RefRN) calculated using all trials regardless of the correctness. There were significant
differences between RefRN and N (0.7-2.4-s, pcuster = 0.001), RefRN and RN (0.8-2.2-s,
Detuster = 0.001), and tendency between RefRN and RefN (0.7-1.0-s, poyster = 0.061; 1.2—
1.6-s, Peryuster = 0.054).
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Figure S10. ASRS score and d’, spectral radius
ASRS scores showed a positive correlation with overall task sensitivity (meand” ; r=0.55,p

=0.005). Also, it was negatively correlated with SE (»=—0.52, p = 0.01).

6.4. Glossary of Key Terms
Dynamical System

A dynamical system specifies a set of variables x(t) that represent the system’s current state and
a rule of evolution that determines how that state changes over time. In neuroscience, the state
variables might be membrane potential and gating variables, firing rates, synaptic currents, EEG,

BOLD, etc., with the key idea that the future state is determined by the present state (and any input).

. . . . . . . d
The evolution rule is typically written as an ODE in continuous time, d—: = f(x,u,t), or as an

update map in discrete time, x;,; = f(x;, us).

Chaos

Chaos is commonly defined as a property of a deterministic dynamical system that nevertheless
shows aperiodic, irregular-looking long-term behaviour together with sensitive dependence on initial
conditions, meaning that arbitrarily small differences in the initial state can grow rapidly over time.
This sensitive dependence is often illustrated by the “butterfly effect” and is a key reason why chaotic

dynamics can appear random.
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A standard quantitative characterisation is the exponential separation of nearby trajectories: if §(t)

denotes the distance between two initially close but different trajectories, we can write as:
5(t) ~ §(0)etmaxt, (eq.S1)

where the largest Lyapunov exponent A, is used as an indicator (with A« > 0 commonly taken

as evidence on chaos).

Lyapunov Exponent
A Lyapunov exponent in a dynamical system quantifies the average exponential rate at which an
infinitesimal difference in initial conditions &§(0) grows or decays along a trajectory. For a

. . d . L . d
continuous-time system d—: = F(x), the perturbation obeys the variational equation d—: = ](x(t))é‘t

to first order, where J is the Jacobian of function F. A common definition of the maximal Lyapunov

exponent is

1 ox(t
A 127G

—log——— eq.S2
11 T 08 5ol (eq.52)

so that Eq. S1 (Strogatz, 2024). In this sense, A > 0 indicates exponential separation of nearby

trajectories(=chaos), whereas A < 0 indicates average contraction.

Jacobian

The Jacobian (Jacobian matrix) is the matrix form of the first derivative of a multivariate vector-

valued function f: R™ - R™ , defined component-wise as
of;
I = |- . (eq.53)
X]‘ . .
i=1..m,j=1..n

It provides the standard local linear approximation of f near a point: for a small perturbation &x, one

approximates §f =~ Jr(x)8x (Strogatz, 2024).

Edge of Chaos

The edge of chaos refers to the transition region near the boundary between ordered dynamics
(perturbations rapidly decay; trajectories tend to settle to fixed points or periodic orbits) and chaotic

dynamics (perturbations grow exponentially; trajectories rapidly diverge).
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In neural network models and reservoir computing, the edge of chaos is often treated operationally
as the border between stable (convergent) and unstable (divergent) regimes; in Lyapunov terms, one
common description is that it lies near A ,x = 0. This region is usually known as the maximum
computational processing capacity (Bertschinger & Natschldger, 2004; Boedecker et al., 2012; Chua
etal., 2012).

Criticality

Criticality refers to a system being at, or near, the critical point of a continuous (second-order)
phase transition near criticality, the correlation length & diverges and one expects scale invariance
(no characteristic scale), power-law behaviour, and universality in a standard statistical-physics sense.
As similar as edge of chaos, usually a system operating near criticality is known to maximise its

computational performance (Del Papa et al., 2017; Hesse & Gross, 2014; Shew & Plenz, 2013).

In neuroscience, criticality is often used within the critical brain / criticality hypothesis, which
frames cortical dynamics as operating near a phase-transition boundary—informally, between overly
ordered and overly unstable/chaotic regimes (Beggs, 2019; Beggs & Plenz, 2003; Cocchi et al., 2017;
de Arcangelis & Herrmann, 2010; Friedman et al., 2012).

Hebbian Plasticity

Hebbian plasticity refers to a family of activity-dependent synaptic plasticity rules in which
changes in synaptic efficacy depend on the relationship between presynaptic and postsynaptic activity
(often framed as co-activation/correlation, and in a stricter reading, a causal contribution of the
presynaptic neuron to postsynaptic firing). The idea traces back to Hebb (1949) and is frequently

summarised as “fire together, wire together” (Sejnowski, 1999).

In computational treatments, a minimal rate-based form updates the synaptic weight Wj; (from
presynaptic neuron j to postsynaptic neuron i) in proportion to the product of presynaptic activity x;
and postsynaptic activity x; (or, more generally, their correlation/covariance):

AW;j = nx;x; (eq.54)
with learning rate 7). This captures a core point: synapses can change without an explicit teacher signal,

driven by activity statistics, making Hebbian plasticity a standard building block for associative

learning and representation formation in theoretical neuroscience.

Oja’s Hebbian Rule
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Oja’s Hebbian rule (Oja’s rule) is a Hebbian learning rule (eq. S4) that augments the basic update

AW;; = nx;x; with an additional normalising term so that the weight vector W does not grow without

bound (Oja, 1982). For a linear neuron x = WTx, a standard discrete form is
AWU = axi(xj _leVl]) (eqSS)

Conceptually, the subtractive term —xZW; ;j counteracts the pure Hebbian growth term, stabilising the
norm of W during learning. In this thesis, this normalising term may be the reason for the selective

convergence of the Jacobian during learning. See 4.4.1.

Self-organised Criticality

Self-organised criticality (SOC) is the idea that certain spatially extended, driven—dissipative
systems can self-tune to a state corresponding to a critical point of a second-order phase transition
without fine-tuning of control parameters. In the classic formulation, the system naturally evolves
towards a barely stable critical state, exhibiting 1/f-like temporal fluctuations and scale-invariant
spatial structure (Bak et al., 1987). Operationally, SOC is often characterised by cascade-like
avalanches whose size and duration lack a characteristic scale and are frequently approximated by

power laws.

In n neuroscience, SOC has been discussed in connection with neuronal avalanches and broader
critical brain hypotheses, where avalanche statistics and related signatures are interpreted in terms of

proximity to critical dynamics

A-weighting Filter

An A-weighting filter is a standard frequency-weighting used to compress a sound’s spectrum into
a single level value in a way that roughly reflects human perceived “loudness” as a function of
frequency, rather than treating all frequencies equally (Fletcher & Munson, 1933; Houser et al., 2017).
Because human hearing is relatively less sensitive at low and very high frequencies and more sensitive

in the mid range, the A-weighting response strongly attenuates low and high frequencies (Fig. S11).
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Figure S11. A-weighting filter
(a) Frequency gain of the A-weighting filter. (b) Power spectrum of the raw white-noise signal (grey)

and its A-weighting-filtered time series (black).

Reservoir Computing

Reservoir computing is a framework for processing time-dependent inputs u(t) in which the
recurrent part of an RNN (the reservoir) is kept largely fixed, while the input-driven high-dimensional
state x(t) is used as a feature representation and only a readout layer is trained to produce the target
output. It is commonly associated with Echo State Networks (ESNs) and Liquid State Machines
(LSMs), and is characterised by replacing full RNN training (e.g., through backpropagation through
time) with efficient readout learning such as linear regression (Jaeger & Haas, 2004; Lukosevicius,

2012; LukoSevicius & Jaeger, 2009).

In the ESN line of work, the echo state property—that the reservoir state is determined by the input

history rather than initial conditions—is often highlighted as a key condition for stable use and training.

Echo State Network

An echo state network (ESN) is a reservoir computing architecture and training principle in which
an input-driven high-dimensional internal state x(t) is used as a feature representation, while
learning is largely confined to a readout layer. In typical ESNs, the recurrent reservoir weights W and
input weights W, are randomly initialised and kept fixed, and supervised learning is performed by
estimating W, using linear regression methods. Therefore, it is ideal model when we separate

“representation” and “decision/classification/computation”. In this study, I modified it by introducing
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Hebbian plasticity in W, but still with no explicit optimisation.

Several studies have demonstrated that the introduction of a variable called the "leaking rate" can
enhance the computational performance of ESN (Jaeger, 2001). However, my research aims to
examine changes in the system's behaviour induced by plasticity, rather than its computational

performance; therefore, to simplify the problem, I did not introduce the leaking rate.

Spectral Radius

The spectral radius is an important hyperparameter that controls the connection strength in the
reservoir. Specifically, it refers to the maximum absolute value of the eigenvalues of W. In general,

if the activation function f of the reservoir is tanh,
p(W) = max(|4;]) <1 (eq.S6)

is a necessary condition for a reservoir to have ESP. Therefore, by adjusting the value of the spectral
radius, I prepared various reservoirs near the edge of chaos (Legenstein & Maass, 2007) (the edge of

having and lacking ESP).

Minibatch-based Gradient Descent
The error function that the gradient descent algorithm minimises is written as follows:

EWOu) = ~ST 1l d(e) — y(x(t); W) |12, (eq.S7)
where d(t) is the training data at time point t, and T is the total number of time points. The goal of

the learning is to find the following:
W% = argminy E(W). (eq.S8)

To solve the above problem, the gradient VE is acquired. Then, the algorithm changes the

variables W for the negative direction of the gradient —VE proportionally to the learning rate n:
AWO¥ = —qVE. (eq.S9)

Hyperparameter 1 controls how rapidly the descent progresses, which is generally set at 0.01—
0.00001. For my model, 20 statistically independent noisy inputs were given to reproduce the
perceptual learning of humans, and I repeatedly applied the gradient descent method for each trial.
This kind of pseudo-online gradient descent method is called "the minibatch gradient descent method"
because the training data are divided into "minibatches". The error of the minibatch number n, E,, is

calculated as follows:
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E,(Wout) = Z E (Wouty, (eq.510)

" teD,

where E, reproduces the error of the minibatch number n, and T, is the sample size of the
minibatch data D,,. For normalisation, the summation of error at each time point is divided by the

sample size. The learning rate 1 was set to 0.01.

Inter-trial Phase Coherence (ITPC), Phase-Locking Value (PLV)

Let the instantaneous phase at time t, frequency f, and channel ch ontrial k € {1, ...,K} be
0,(t, f,c), and define the unit phasor

i (t, f, ch) = efktL.ch), (eq.S11)

The basic inter-trial phase coherence (ITPC; also called the mean resultant length) is

K

1
EE 7 (¢, f, ch)|.

k=1

ITPC(t, f,ch) = (eq.S12)

It ranges from O to 1: values near 0 indicate high phase variability across trials, whereas values near 1
indicate strong phase alignment. However, ITPC/PLV can show positive bias for finite trial counts (M.

X. Cohen, 2014; van Diepen & Mazaheri, 2018).

cITPC: Corrected ITPC Value in This Study (Fig. S4)

Even if phases are not locked across trials—i.e. 8,, are i.i.d. uniform on [0,21)—the sample mean
of random unit vectors has a non-zero expected magnitude for finite K. This is easiest to see by

considering ITPC?:

*

ITPC? = (%izk) <11{Zzl) :%iiZk ;. (eq.S13)

k=1 =1 k=1k=1

Taking the expectation under i.i.d. uniform phases: for k =l:z.z/ = |z|* =1, for k #

l:E[z,z]] = E[eiek]E[e_igl] = 0, because E[eiek] = 0 for 6~Unif(0,2m). Therefore,

E[ITPC?] = (Z 1+ Z ) (eq.S14)

1 k+l

This equation shows an exact finite-sample bias in ITPC?: even with perfectly random phases, the
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expected squared ITPC is 1/K rather than 0. Consequently, ITPC itself is also positively biased and

decreases approximately as K ~'/2 under the null.

Thus, the desired corrected phase-consistency measure cITPC is an affine transform of ITPC? and
satisfies (i) cITPC =0 when ITPC? = %, (ii) cITPC =1 when ITPC? = 1. And as the unique
affine mapping that sends x = % =0 and x =1+ 1, we get

K 1
CITPC(t, f,ch) = — (ITPCZ(t, £, ch) — E) . (eq.S15)

This conversion was proposed earlier (Aydore et al., 2013) and is equivalent to PPC (Vinck et al.,

2010).

Pairwise Phase Consistency (PPC)

PPC quantifies how consistent a set of trial-wise phases {6, (¢, f,c)}¥ is by averaging, across

k=1
all trial pairs, how aligned their phase differences are. Using eq. Sa, PPC can be defined as the average

cosine of pairwise phase differences:
2
PPC = m Z COS(Qk - 91) (eqSl6)
1<k<I=sK

Under random (independent, uniform) phases its expectation is 0, and PPC was introduced as an
estimator that avoids the positive finite-sample bias that can affect ITPC/PLV-type measures based on

vector averaging (Vinck et al., 2010).

Using the identity

K K
= Z Z zrzf =K+ 2 Z cos(6; — 6,), (eq.S17)

k=11=1 k<l

we obtain

_ |ZII§=12k|2 —K

PPC = .518
KK -1 (eq.518)
Since |YX_, Zk|2 = K2ITPC? from Eq.S12, substituting into the equation above yields
K?ITPC? — K KITPC? -1
PPC = = (eq.S19)

K(K-1) =~ K-1 '

which is identical to the constraint-derived ITPC correction (cITPC) of Eq.S15.
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Spectral Exponent

In a dynamical system poised near a criticality, long-range correlations in time and space can
become scale-invariant, yielding power-law statistics without a characteristic scale. When temporal
correlations follow a power-law form, the corresponding power spectrum can adopt a broadband
(f) « f~* scaling, making the spectral exponent a compact summary of scale-free temporal
structure. Spectral exponent quantifies how quickly the (aperiodic) background of a neural power
spectrum decreases with frequency. Within the self-organised criticality framework, 1/f-like spectra

have been proposed as a characteristic temporal fingerprint of critical-state dynamics (Bak et al., 1987).

Many electrophysiological signals show an approximate scale-free form

P(f) ~ AfF (B <0), (eq.S20)
or equivalently
A
P(f) = f_“ (a>0,a=-p). (eq.S21)

On log-log axes, the exponent is the slope:
logP(f) = Blogf +logA. (eq.S22)

A more negative f (larger ) corresponds to a steeper spectrum (relatively more low-frequency
power); a less negative [ (smaller @) corresponds to a flatter spectrum (relatively more high-
frequency power). This aperiodic component is commonly interpreted as reflecting scale-free or

arrhythmic activity rather than narrowband oscillations.

In non-invasive EEG/MEG, apart from oscillatory peaks, a broadband aperiodic (1/f-like)
component is consistently observed as background signal, which can be summarised as the spectral
exponent a (He, 2014b). Therefore, the spectral exponent in EEG is not so much an indicator directly
identifying “criticality itself”, but rather serves as a practical proxy, enabling comparison via a single
parameter of whether the system exhibits more scale-invariant dynamics (i.e., consistent with a state

“close” to criticality).

However, crucially, a 1/f-like spectrum is not a definitive test of criticality. 1/f noise can arise from
multiple non-critical mechanisms (e.g., mixtures of processes with widely distributed time constants),
as established in classic reviews of 1/f phenomena. In the neuroscience context, it has also been
argued—using simultaneous global and neuronal measurements—that 1/f scaling in global signals
(including EEG) does not, by itself, imply that the underlying neuronal dynamics are in a critical state

(Bédard et al., 2006). More generally, the critical brain hypothesis remains an active area with
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established results and ongoing conceptual/empirical controversies (Wilting & Priesemann, 2019).
Accordingly, in this thesis, the EEG spectral exponent is used as a pragmatic proxy for scale-free
dynamics that may covary with proximity to critical regimes, rather than as standalone evidence of

criticality.

Intraclass Correlation Coefficients

The intraclass correlation coefficient (ICC) summarises how reliably multiple measurements
obtained on the same targets (e.g., repeated sessions,) reflect stable between-target differences.
Conceptually, ICC is constructed by decomposing the total variance into a between-target component
02otween and a within-target (error) component 62,4, and expressing ICC as the proportion of total

variance attributable to between-target differences. So a basic variance components form is

2

g
ICC = ——2etween (eq.S23)

> .
Opetween + Owithin

There are multiple ICC “forms” matched to the study design. Shrout & Fleiss (1979) formalised
choices based on the underlying ANOVA/mixed model (e.g., one-way vs two-way; raters treated as
fixed vs random) and on whether one wants reliability of a single measurement or of the mean of k
measurements (often denoted ICC(1/2/3, 1/k)). Therefore, ICC(3,k) in this study means the

performance reliability across three sessions.

Cluster-based Monte-Carlo Permutation Test

Time—frequency cITPC effects were assessed using nonparametric cluster-based Monte Carlo
permutation tests to control the family-wise error rate across the time—frequency dimensions. In brief,
condition contrasts were computed at each time—frequency bin, bins exceeding a cluster-forming
threshold were grouped into contiguous clusters, and cluster mass (sum of test statistics) was used as
the cluster-level statistic. A null distribution of maximum cluster mass was generated by repeatedly
permuting condition labels within participants (and within session when applicable) and recomputing
the maximum cluster statistic for each permutation. Observed clusters were declared significant if their
cluster mass exceeded the (97.5) quantile of the permutation null distribution (Maris & Oostenveld,

2007).

Lind—Mehlum U-test

The Lind—Mehlum U-test is designed to avoid the common mistake of inferring a U- (or inverted-
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U-, like in this study) shape from a significant quadratic term alone. Instead, it tests whether the slope

changes sign over a specified interval [xp,Xg].

For a quadratic y = a + fx + yx? + ---, the slope is Z—z = [ + 2yx. Therefore, an inversed U-

shape requires
B+ 2yx; >0, B+ 2yxg < 0. (eq.S24)

This is implemented as an intersection—union test: both one-sided endpoint-slope tests must be

significant (Lind & Mehlum, 2010).

Predictive Coding and Free Energy Principle

Among contemporary computational theories of perception and perceptual learning, Bayesian
inference—based frameworks are currently the most widely accepted. The most comprehensive and
influential of these is Friston's Free Energy Principle (FEP) (Friston, 2005; Friston et al., 2006). In the
present thesis, while remaining mindful of this framework, I do not restrict the discussion to it alone.
Instead, I situate the argument within the broader family of Bayesian theories—including the Bayesian
Brain hypothesis (Knill & Pouget, 2004) and predictive coding (Friston, 2005; Rao & Ballard, 1999)—

and outline how perception and perceptual learning are conceptualised under these approaches.

Since Helmholtz's seminal observations (von Helmholtz, 1924), perception has been understood
as the process by which the brain infers the state of the external world from sensory signals. Because
sensory organs have inherently limited resolution and reliability, it is impossible to access the physical
state of the environment directly. As a result, perception constitutes a fundamentally ill-posed inverse
problem, one that necessarily requires inference. In this sense, the "environment" we experience is not

the physical world itself, but rather the outcome of neural inference performed by the brain.

Today, it is widely held that this inference process is Bayesian. I therefore begin by providing an
overview of this perspective. Let s denote the physical state of the environment (and its stimuli),
which is not directly observable, and let x denote the sensory neural activity generated by that
environment. The quantity to be inferred is therefore the state of the environment that caused the

observed sensory input, formalised as the posterior distribution p(s|x). s,x are given as

d
Z(tt) = £(s(0), v(D) + &(b), (eq.S25)
x(t) = g(s(t),v(t)) + &,(t). (eq.S26)

Here, v denotes a hidden cause of the environment—an unobserved variable that either remains
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constant over time or drives transitions between environmental states. For simplicity, v will be omitted
from the formulation below; it will be needed for hierarchical models. Equation n is referred to as the
state equation, and equation m as the observation equation. The state equation describes how the
environment evolves, whereas the observation equation describes how sensory signals are generated
from the environmental state. The terms € represent uncertainty in environmental dynamics and in
neural observation, respectively, and are assumed to be independent of other variables and to follow

Gaussian distributions.

The goal of the brain is to infer the state of the external world from the available sensory signals,

that is, to compute

(slxy = PO _ PGP
P p(x) p(@)

(eq.S27)

Because p(x,s) specifies the correspondence between environmental states and sensory signals,
knowing this joint probability distribution would imply complete knowledge of the environment. In

this sense, the joint distribution p(x,s) is referred to as the generative model of the environment.

By the rules of probability, the generative model can also be factorised, as shown on the middle
and right-hand sides. Here, p(s|x) can be regarded as corresponding to the observation equation (Eq.
S25),and p(s) to the state equation (Eq. S26). Because the brain cannot represent the world perfectly,
perception is not identified with the true posterior distribution p(s|x), but rather with an approximate
posterior q(s). Perceptual learning can therefore be characterised as the process by which this

approximate posterior q(s) is brought closer to the true posterior p(s|x).

Introducing the Kullback—Leibler divergence, which quantifies the distance between two

probability distributions, the discrepancy between these distributions can be expressed as follows.

DKL(Q(S)||p(5|x)):f Q(S)log<;(§—2)>ds

= Jm q(s)log <ﬂ> ds — (—logp(x)). (eq.S28)
e p(x,s)

In this formulation, the first and second terms are referred to in the FEP as free energy and surprise,
respectively (Friston et al., 2006). Surprise corresponds to Shannon's self-information and is therefore

also called Shannon surprise (Shannon, 1948).

Because surprise does not depend on the inferred environmental state s, obtaining a better
approximation q(s) that more faithfully reflects the environment can be achieved by minimising free
energy. This is the origin of the term Free Energy Principle (Friston et al., 2006). In contrast, free

energy is determined by the recognition distribution q(s) and the generative model p(x, s).
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F(q,p;x) = f_ q(s)log <p£é)(csz)> ds (eq.S29)

Introducing the internal energy U(s; x), defined as:
U(s; x) = —logp(x,s) = —logp(x|s) —logp(s), (eq.S30)

the free energy F' can be rewritten as follows.

[o2]

F(q,pix) = f 4(s)U(s; 0)ds + f 4(s) logq(s) ds (eq.531)

— 00

Within the FEP, the Laplace approximation is typically adopted, such that the recognition
distribution gq(s) is assumed to be Gaussian. Accordingly, q(s) is fully specified by its mean g and
covariance X, that is, q(s) ~ N(u,X). Taking this assumption into account, the free energy can be

further simplified, yielding the following expression.
1 1 n
F(u2) =Uw) + Etr(ZVZU(M)) - ElogIZI - Elog(Zne) (eq.S32)

Here, the explicit dependence on the generative model p and the sensory input u has been
omitted for notational simplicity. The values of y and Z that minimise this expression are obtained
by gradient descent. Noting that, at the minimum of F, the gradient with respect to the parameters

vanishes, the optimal solution for the covariance can be expressed as a function of p, as

Sope = (VEU) . (eq.S33)

Consequently, the free-energy expression can be reduced to the form given as

1 n
F) = U — 5 log|Z] — Zlog(2m), (eq.S34)
which depends only on the mean parameter p. Within the FEP, this mean-parameter p is interpreted
as being encoded in the activity of neural populations.

Taken together, under a Bayesian interpretation, perceptual learning can be described as the

process of estimating the optimal parameter . that minimises the free energy F* under the
approximate posterior q(s), typically via gradient descent. Recalling that the sensory input is

generated as

u(t) = g(s(t),v(t)) + £,(t),&(t) = N(0,02), (eq.S35)

this leads to the update rule given below.
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du OF(W)  x1—g(w) Ho — 1
- T T o2 g(u)+—as2 (eq.S36)

In particular, by introducing precision II (the inverse of variance) and the prediction error €,

X — g
U—;? = [l €,, (eq.S37)

it becomes clear that the prediction error and the precision weight the magnitude of model updates.
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