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Abstract: Background/Objectives: The sense of agency (SoA)—the feeling of control over one’s
actions and their consequences—is a fundamental aspect of volition, learning, and self-awareness.
Disruptions in SoA are implicated in various neuropsychiatric conditions, including functional
neurological disorders (FND). In emerging human-machine interfaces (HMIs), preserving SoA is
critical for usability and therapeutic impact. This scoping review synthesizes computational models
that explain the neural mechanisms underlying SoA and explores their application in the design and
optimization of HMIs for both rehabilitation and skill learning. Methods: A narrative synthesis of
peer-reviewed literature was conducted, focusing on models rooted in predictive coding, Bayesian
brain theory, active inference, and linear-quadratic-Gaussian (LQG) optimal control. Simulation
studies were also included to illustrate theoretical mechanisms in practical XR-based rehabilitation
contexts. Results: The review highlights the role of internal forward models, efference copies, and
sensory feedback in the generation and regulation of SoA. It shows how Kalman filter and LQG
control frameworks model belief updating and motor planning, explaining disrupted SoA in FND
and its restoration via hypnotic suggestion and virtual sensory perturbations (exafference). EEG
microstate dynamics and directed brain connectivity studies reveal distinct SoA-related patterns
differentiating novice and expert performance in skill learning. Key regions implicated include the
supplementary motor area, parietal cortex, cerebellum, and prefrontal cortex, connected via
structural pathways. Conclusions: Integrating computational frameworks such as active inference
and Kalman filtering with causal reasoning (e.g., Ladder of Causation) offers a powerful lens to
understand and modulate SoA with exafference. These insights support the co-design of adaptive
XR-based HMI systems for neurorehabilitation and cognitive-motor skill acquisition.

Keywords: sense of agency; predictive coding; active inference; kalman filter; human-machine
interface; functional neurological disorder; motor control; EEG microstates; skill learning; XR
rehabilitation

1. Introduction

How does the brain seamlessly integrate external feedback and internal action planning to learn
subjective feeling of controlling one’s own actions and their effects on the external world, i.e., Sense
of Agency (SoA), in uncertain environments? The process of SoA learning often involves balancing
uncertainity in external feedback—such as sensory feedback or instructional cues—with uncertainty
in internal action simulation to refine beliefs for future action planning. It is a fundamental aspect of
volition and self-awareness, crucial for autonomy and well-being. Disruptions of SoA are implicated
in various neuropsychiatric conditions (e.g. delusions of control in schizophrenia, sense of
involuntariness in functional movement disorders). In everyday life, SOA underpins activities from
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driving a car to using a smartphone, where the brain must correctly attribute outcomes to one’s own
actions even in complex human-technology interactions [1]. In Human-Machine Interfaces (HMI) —
such as brain-computer interfaces, prosthetic limbs, or assistive automation — preserving and
enhancing SoA is vital so that users feel “I did that” rather than “the system did that.” Achieving this
requires sophisticated integration of neuroscience theory and design, ensuring that HMIs align with
the brain’s predictive processes [2]. This review provides an overview of computation models as they
relate to brain-behavior analysis of HMIs for learning SoA. I first outline the principles of predictive
coding, Bayesian brain theories, and active inference. I then discuss how these frameworks explain
SoA mechanisms, and survey their application in HMI design — from seminal theoretical works to
recent advances—focusing on peer-reviewed studies and simulations.

2. Computational Models and Mechanisms

Predictive coding is a leading theoretical model of brain function in neuroscience, proposing
that the brain is essentially a prediction machine. Rather than passively registering stimuli, the brain
actively generates predictions of sensory inputs at multiple hierarchical levels and uses incoming
data to update or correct these predictions [3]. In this view, perception and action result from
minimizing prediction errors — the differences between expected sensory signals and actual input.
Hierarchical generative models allow higher brain regions to predict activity in lower sensory areas,
while only unexpected residuals (prediction errors) propagate upward. This framework has deep
roots in the Helmholtzian idea of the brain as inferring causes of sensations [4], updated in modern
form as the free-energy principle [5]. Free energy in this context quantifies surprise or prediction
error; by minimizing it, the brain approximates optimal Bayesian inference about the world [3],[6].
Predictive coding thus aligns with the notion of the “Bayesian brain,” which holds that neural
computations implement Bayesian probability updating under uncertainty [7]. Indeed, predictive
coding can be seen as an algorithmic motif that the brain uses to perform Bayesian inference, though
it may serve other computational goals as well. Under this paradigm, perception becomes a
constructive process: the brain’s best hypothesis (or internal forward model) about the causes of
sensory inputs is compared against reality, and only unexpected deviations drive learning or new
perception [3]. This accounts for many contextual effects in neural processing, such as reduced neural
responses for expected stimuli and enhanced responses for surprising events (e.g. the mismatch
negativity ERP when an oddball stimulus violates expectations).

Neurophysiologically, predictive coding finds support in both sensory and motor domains. In
sensory cortex, ubiquitous top-down feedback connections likely carry predictions about expected
features, while bottom-up connections carry error signals [3]. For example, primary visual neurons
can respond to illusory contours or missing stimuli that higher-level context predicts should be there
[7]. In motor control, a similar architecture is evident: descending signals from motor cortex resemble
the feedback (modulatory) projections in sensory hierarchies rather than classic feedforward
commands [8]. This led to the active inference reinterpretation of motor commands — that the brain
issues motor instructions by sending predicted proprioceptive signals to the muscles, and reflex arcs
then fulfill these predictions. In other words, instead of commanding a muscle directly, the brain
predicts the sensory state (e.g. limb position) it wants, and the body responds to minimize the error.
This perspective casts even basic reflexes as mechanisms to cancel out prediction errors, unifying
perception and action under one predictive control scheme [8]. Such neural implementations make
predictive coding a powerful model for understanding brain-behavior relationships. It explains
phenomena like sensory attenuation: when we produce a movement, the brain’s prediction of the
expected sensory consequences (via an internal forward model) attenuates the actual sensation [9].
For instance, self-generated touch or sounds feel less intense than external ones, because the brain
anticipated them. If the actual feedback deviates from prediction (e.g. a delay or perturbation is
introduced), the prediction error triggers surprise and a change in perception — the basis for why one
cannot tickle oneself effectively. This mechanism, present in healthy brains, is disrupted in
schizophrenia—where impaired predictive attenuation leads to hallucinations and passivity —and in


https://doi.org/10.20944/preprints202503.2133.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 28 March 2025 d0i:10.20944/preprints202503.2133.v1

3 of 26

Functional Motor Disorder (FMD), where excessive suppression of sensory consequences diminishes
the sense of agency, making movements feel involuntary [10].

2. Mechanisms of Sense of Agency

The sense of agency (SoA) arises when our brain attributes an action and its outcome to our own
intent. Classic theories in cognitive neuroscience have long postulated that SoA critically depends on
predictive mechanisms. The influential comparator model (see Figure 1) suggests that when we plan
(inverse model) a voluntary action, an efference copy of the motor command is used by a forward
model to predict the expected sensory consequences [1]. This predicted outcome (e.g. the sight,
sound, or feel of the action’s effect) is then compared to the actual sensory feedback. If the actual
outcome matches the prediction, the brain registers that “I caused this,” reinforcing SoA. If there is a
mismatch — for instance, the outcome is delayed, deviated, or differs in an unexpected way — a
discrepancy signal arises, and SoA is reduced or even abolished. Empirical evidence for this
comparator mechanism comes from studies showing that altering feedback can modulate agency.
For example, introducing temporal or spatial offsets between a person’s movement and its
visual/auditory effect reduces the person’s feeling of control over that effect. Similarly, as noted,
people cannot tickle themselves because the somatosensory consequences of a self-generated
movement are predicted and hence attenuated; if that prediction is disrupted (e.g. by introducing an
unexpected delay or using a robot arm to self-stimulate with altered feedback, i.e., with exafference
[11]), the self-produced touch can feel more ticklish and less self-caused. These observations align
perfectly with predictive coding: SoA is strongest when prediction error is minimal (expected and
actual align), and it diminishes as prediction error increases. Consistent with this, predictability of
outcomes has been shown to directly shape the agency. One view holds that agency is mostly inferred
retrospectively — after action — based on how well the outcome matches the motor system'’s
predictions. That is, the brain “decides” one was the agent if the sensory evidence fits the forecast of
one’s own action effects i.e. from the comparator mechanisms. However, more recent research
indicates prospective cues also play a role: the fluency or ease of selecting and initiating an action can
influence SoA even before outcomes are known. In other words, when an action feels effortful or
unusually constrained, people report lower agency, independent of the eventual outcome.
Neuroimaging studies support this by linking feelings of agency to activity in premotor and parietal
regions during action selection, not just outcome comparison, emphasizing the role of prospective
cues [12],[13] that can be delivered with exafference for rehabilitation [14,15]. Here, predictive coding
provides a computational design framework in which the brain’s top-down expectations and bottom-
up inputs interact constantly to guide perception and action [7].
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Figure 1. Schematic of sensorimotor control and sense of agency (SoA) in an XR-based haptic environment,
illustrating predictive (prospective) and error-based (retrospective) mechanisms through internal forward

models, comparator processes, and multimodal feedback integration.

3. Predictive Coding Framework

Predictive coding is closely tied to broader Bayesian brain theories, which posit that the brain
encodes probabilistic beliefs and optimally combines prior expectations with sensory evidence [16].
In uncertain environments, behaving effectively requires weighing what we already expect against
what our senses are telling us — essentially performing Bayesian inference [17],[6]. Ample behavioral
evidence supports this: humans combine cues (visual, proprioceptive, etc.) in a statistically optimal
(Bayes-like) manner in tasks ranging from depth perception to motor adaptation. Under linear and
gaussian assumptions, classic results show that neural integration can approach Bayes-optimal
weighting of information (as in the Kalman filter model of sensorimotor integration [18]) [17].
Bayesian predictive coding merges these ideas by suggesting the brain’s generative model encodes a
probability distribution and prediction errors correspond to updating of posterior beliefs. In fact,
predictive coding has been described as a particular implementation of Bayesian inference — one way
the brain might achieve approximate Bayes-optimality through hierarchical error minimization [7].
Bayesian inference can be implemented without predictive coding, but combining them through
continual prediction-error minimization creates a simpler and more efficient approach following
Occam's Razor [19],[20].

The brain’s ability to infer causes (like intentions behind others’ actions or the structure of a task)
can be seen as building an internal Bayesian model and continuously refining it as new data arrives.
Active inference extends these concepts further by incorporating action into the predictive loop. It
arises from the free-energy principle, which broadly states that organisms behave in ways to
minimize the long-term surprise (or free energy) of their sensory states [21]. In active inference theory,
perception and action are two sides of the same coin: perception optimizes internal predictions to fit
sensory input, while action changes the external input to better fit the internal predictions [8]. In other
words, if a mismatch exists between what the brain predicts and what it senses, it can either update
its belief (perceptual inference) or act to make reality more like the prediction (active inference). This
dual strategy means the brain’s control of the body is fundamentally model driven. As noted by
Friston et al., higher-level cortical areas send descending proprioceptive predictions (desired limb
positions) instead of explicit motor commands, and the motor plant reacts reflexively to reduce the
resulting error [8]. This aligns with the Equilibrium Point Hypothesis (EPH), introduced by Anatol
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Feldman [22], that posits the central nervous system controls movements by setting desired
equilibrium positions (desired limb positions) for muscles, allowing the inherent properties of
muscles and reflexes to drive the limb toward these positions without specifying exact trajectories.
This suggests that movement disorders (e.g., Functional Motor Disorder, Parkinson’s) may arise from
disrupted predictive tuning of equilibrium points, leading to abnormal motor execution [23],[24],[25].
Here, active inference extends EPH by adding a predictive dimension, allowing the nervous system
to update equilibrium points dynamically. Through this lens, classical notions of reward or utility
maximization are reformulated as inference: actions are chosen based on prior beliefs about achieving
preferred outcomes, rather than directly maximizing reward [21]. For example, active inference
models associate SOA with a prior belief that “I am in control of my actions,” which is only violated
when prediction errors become too large. This formalism can even recapitulate constructs from
economics and decision theory — e.g. expected utility emerges as a special case of free-energy
minimization when the brain’s confidence (precision) in its action-outcome model is tuned optimally
. The effectiveness of this adjustment depends on the brain's estimation of precision, akin to the
Kalman gain in control theory, which determines the weight assigned to new sensory information
versus prior beliefs [26]. However, this precision estimation is not always optimal [9]. In conditions
like Functional Neurological Disorder (FND), the brain instead of updating beliefs in response to
sensory feedback may attempt to force ‘reality’ to conform to their predictions [9]. This maladaptive
strategy reinforces learned helplessness in FND, where repeated failures to control outcomes
strengthen internal models subserving lack of SoA. In summary, active inference provides a unifying
framework: it not only accounts for perception as hierarchical Bayesian inference (akin to predictive
coding) but also embeds the selection of actions into the same inferential process in health and disease
[21]. This has practical implications for HMI design and robotics [11],[14]. By harnessing the brain's
natural mechanisms of predicting sensory consequences and correcting errors, these HMI systems
can facilitate human interactions while also serving as rehabilitation tool by modifying sensory
feedback to drive operant conditioning and adaptive learning [27]. Human interactions involve two
key metacognitive components of agency: awareness ("brain as observer"), recognizing strengths,
weaknesses, and effective strategies; and regulation ("brain as controller"), taking action based on
these insights [9].

4. Kalman-Bucy Filter and Linear-Quadratic-Gaussian Optimal Control

Kalman filters, widely applied in both engineering and neuroscience, offer a mathematically
simple yet powerful framework for modeling dynamic sensorimotor integration. The Kalman filter
operates in discrete time, updating state estimates at specific intervals, while the Kalman-Bucy filter
works in continuous time, providing real-time updates via differential equations [26]. Discrete-time
Kalman filters are commonly used in neuroscience because neural data is sampled in small time steps,
making them intuitive for modeling brain-behavior dynamics. They help explain how the brain
combines noisy sensory inputs with prior beliefs and internal simulations to optimize perception and
learning [18]. These mechanisms are crucial not only for skill acquisition but also for clinical
interventions, making Kalman filters valuable tools for understanding learning in complex, uncertain
environments [17]. Despite their usefulness in modeling brain processes related to perception and
action [7], Kalman filters have notable limitations, particularly their reliance on assumptions such as
linearity (system's dynamics and observation models are linear), Gaussian noise (both process noise
and observation noise), and stationarity (state transition matrix, observation matrix, noise
covariances) [28].

Consider the scenario in Figure 1 where "Hoop Hustle" is an XR therapeutic game designed for
upper arm rehabilitation [29]. Participants use their affected arm to shoot virtual balls through hoops
positioned at varying locations. Real-time visual feedback helps adjust movement accuracy and
speed. Successful attempts provide immediate visual and auditory rewards. Game difficulty (e.g.,
hoop size and height) is adjustable to individual capabilities emphasizing positional biofeedback.
The participants must move the open palm handle to bring a ball (y) displayed in XR to a specified
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target (r) within a predetermined time (N). Achieving this goal provides a reward (e.g.,
visual/auditory feedback). The task objective can be formally described as minimizing a quadratic
cost function that captures both reward-based positional accuracy and energy expenditure:

J= W) —r)"Qy(N) — r) + X' u(®) Lu(t)

Here, y(N) is the ball position at final time N; r is the target location; Q is a matrix defining the
positional error cost at the final time (t = N); u(t) denotes motor commands at time t; L represents the
cost associated with motor commands. The relative magnitude of Q and L indicates the trade-off
between error cost and effort — this may subserve comorbid fatigue in FND [30]. Here, the effort can
be modulated using virtual spring-damper as shown in Figure 1 to modulate the trade-off between
error cost and effort.

To successfully complete the task, participants require an internal model i.e. predictive
relationship between motor commands and their sensory outcomes (e.g., proprioceptive and visual
states). Since this is a novel task for the participants so this must be learned [31] where we represent
the state-space model dynamics linearly as follows,

State prediction: (¢ + 1|t) = AZ(t|t) + Bu(t)
Sensory feedback prediction: y(t) = Hx(t|t)

Where X(t|t) is the predicted state (e.g., body and ball) at time t given actual sensory feedback
up to that time; A4, B, and H are learned (adapted over time through experience) matrices defining
how states evolve without input (e.g., physics of arm dynamics) (4 is state transition matrix), how
motor commands (e.g., muscle activations) affect the states (B is the control matrix), and how internal
states map to sensory feedback (e.g., vision, proprioception) translating into their prediction, y(t)
(H is the observation matrix); where Z(t + 1|t) is the predicted state at time t+1 given predicted

state, X(t|t) , and motor command, wu(t) , at time t. The controllability matrix €=
H
HA

[B AB A’B ---A™ 'B] and the observability matrix 0 =| HA? | where n is the number of state

HA™ !
variables. The state estimate update (correction) at time t+1 given new sensory feedback at t+1,
y(t+ 1), willbe (¢ + 1|t + 1) = (¢t + 1]t) + K(t + 1)[y(¢ + 1) — HX(t + 1|t)]. Mixing gain matrix,
K(t), determining how much the state estimate should be corrected based on prediction errors
(balances between prediction and measurement), which may not be optimal (Kalman gain) in FND
[9]. Figure 2 expands on Figure 1, highlighting the parallel roles of feedforward simulation and
delayed reafferent feedback in motor control. Figure 1 outlines the flow of motor control and agency,
starting with the Prefrontal Cortex, which sets intentions and supports metacognitive evaluation of
agency before and after action. The Basal Ganglia evaluates a combination of cost and reward by
minimizing an objective function of the form, ((y(N) — r)TQ(y(N) — r) + Y- u(®)TLu(t)), using
internal inverse models (formulated by Premotor Cortex), selecting the optimal motor plan that
minimizes this cost till final time (t = N). Once the best motor plan is selected, it delivers a "Go" signal
to initiate the corresponding motor plan sequence till final time (t = N). The Supplementary Motor
Area (SMA) complex receives the optimal motor command selected by upstream evaluative systems
(e.g., Basal Ganglia). This command is issued to the Primary Motor Cortex (M1) for execution and is
simultaneously broadcast as an efference copy to internal forward models (Cerebellum) [14]. This
efference copy serves as an input to a predictive model—often formalized as part of a Kalman filter
state estimator —which generates an internal prediction of the movement’s sensory consequences.
These predictions are then compared against actual sensory feedback to compute a prediction error,
which is used to update the current belief, i.e., update (Parietal Cortex) about the system’s state (e.g.,
body and environment). I further postulate that the prediction error serves as a key computational
signal in the Judgement of Agency. This prediction error reflects the mismatch between predicted
and actual sensory feedback and is integrated with additional contextual variables such as final cost
and reward (Basal Ganglia) associated with the action, and the prior belief about agency held before
the action — together, these signals shape a posterior SoA. Interaction with the Body and
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Environment—including exafference via a virtual spring-damper system (HRX-1 robot [32])—
enables perturbations using exafference to probe goal directed movement and provide operant
conditioning (by modulating effort, L) in dysfunctions like those seen in FND [15]. Given these
estimates, the control problem (subserved by the Basal Ganglia<>Premotor cortex loop) reduces to
finding the motor commands (u(t)) that minimize the expected future costs ("cost-to-go" (Riccati)
equation)[31], u(t) = —G(t)x(t), where G(t) is the feedback gain at time t, computed recursively
backward via a dynamic programming algorithm that solves the underlying Linear-Quadratic-
Gaussian (LQG) optimal control problem [33] (optimality assumed in healthy individuals [34]), i.e.,
Gt)=(L+B"W({t+1)B) 'B"TW(t+ 1)A
W) = ATW(t+ 1)[A — BG(1)], W(t=N)=H"QH

The feedback gains (G(t)) encodes how beliefs about states map into motor commands,
effectively defining the optimal control policy based on backward recursion (Riccati equation). Here,
movement elements are consolidated (e.g., motor chunking [35]) with state estimation computed
forward in time and optimal control computed backward to guide action. In FND, the control policy
may not be optimal [9] inhibiting the action.
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Figure 2. Neurocomputational framework of agency and motor control in an XR environment, illustrating
interactions across cortical and subcortical regions for intention, prediction, error monitoring, and metacognitive

judgement using internal models, sensory feedback, and real-time haptic feedback integration.

In practice, motor commands u(t) introduce noise, £,(t), that can be modeled as zero-mean
Gaussian noise whose variance is proportional to the magnitude of the control signal itself,
2i Ciu(®);(t), where ¢;(t) ~ N(0,1) is an independent standard Gaussian random variable. Thus,
the full stochastic dynamics of the internal model are,

x(t+1|t) = Ax(t|t) + B (u(t) + Z Ciu(t)<pi(t)> + £,(b), £,(t) ~ N(0,X)

y@) =H <Q(t|t) + Z D,-x(t|t)ui(t)> +g,@®), £ ~N(O)Y)

@:(0), 1 (t) ~ N(0,1)
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Where ¢, and &, denote additive Gaussian noise in state evolution and sensory observations,
respectively, with covariance matrices X and Y. During XR game play, sensory measurements y(t) is
continuously integrated with model predictions y(¢) to update beliefs about the state.

W, (N) = Q(N)
W.(N)=0
W) =Qt)+ATw, (t+ 1)[A - BG(t)] + Z D,;"HTKT (t)A™W (t + 1)AK(t)HD;

L

W.(t) =(A—AK(OH)"W,.(t + 1)[A— AK()H] + ATW (t + 1)BG(t)
-1

G(t) = (L(t) + Z ¢, TBTW (¢t + 1)BC; + Z C,TBTW,(t + 1)BC, + BTW ,(t + 1)3) BTW (¢
i i

+1)A

In control theory, two key properties—controllability and observability —determine whether a
system can be effectively regulated and monitored. A system is controllable if it can be driven from
any initial state to a desired one through control inputs (evaluated via the controllability matrix). It
is observable if its internal states can be reconstructed from external outputs (determined through
the observability matrix). These dual properties are foundational in designing adaptive and stable
systems, such as in robotics [28]. Extending this framework, I propose that judgment of agency
depends on the perceived controllability and observability of one’s body and environment, learned
through a metacognitive Ladder of Causation. When observability is reduced (e.g., due to societal
opacity), or controllability is undermined (e.g., by coercion), one’s sense of agency can deteriorate.
Mental simulation can serve as a representational tool for understanding both the self and others [36]
through a metacognitive Ladder of Causation. As illustrated in Figure 2, mental imagery can engage
action simulation via the Forward Model, which can be shaped by external suggestions (exafference)
[37]. Hypnotic suggestion (considered exafference), often defined as a process that enhances the
realism of imagined scenarios, can shape perceptions of body ownership, agency, and size [38].
Hypnotic suggestions are typically preceded by hypnotic induction techniques, such as focused
breathing and heightened bodily awareness [38]. In this state of “focused attention and reduced
peripheral awareness, characterized by an enhanced response to suggestion” [39], reafference is
minimized and suggestions are trusted as sole sensory input (exafference), S.;, shaping state
expectations X(t + 1|t + 1) = R(t + 1|t) + K(t + 1)[Sey — HZ(t + 1|¢)]. Then, mental imagery, as a
form of enactment imagination [40], relies on sensory visualization and shares neural mechanisms
with perception. Mental imagery functions as an internal simulation system, using forward models
to predict the outcomes of potential actions and guide belief updating [9]. This process supports
adaptive learning and problem-solving by enabling the brain to simulate future scenarios without
physical movement. In the context of insight meditation, however, there is no external sensory
feedback (reafference); instead, the mind primarily engages with internal noise (y(t + 1) ~ N(0,V))
[9]. Through consistent meditation practice, the variance of this internal noise (V) is reduced,
enhancing the state expectations X(t + 1|t + 1) = X(t + 1]t) + K(t + 1)[y(t +1) — HX(t + 1|t)] [9].
Figure 3 shows MATLAB (Mathworks Inc. USA) simulation of a three-phase cognitive control
process using LQG framework to model how full attention on all sensory inputs, internal simulation
without sensory input (in Insight Meditation [9]), and hypnotic suggestions without sensory input
affect state estimation and motor behavior (code, figure3.m in Supplementary Materials). It simulates
a 10 Hz oscillatory system (physiological oscillations ~10Hz) under feedback control, with state
estimates updated via a Kalman filter. In Phase 1 (t = 1-20), the system has access to all sensory inputs
(reafference) and uses a Kalman filter for internal state estimate — representing a condition with full
attention to sensory inputs. In Phase 2 (t = 21-40), sensory input (reafference) is no longer available,
but the system continues to simulate internal dynamics with minimal external noise, representing
internal simulation in Insight Meditation [9] where belief updating is mostly driven by prior
expectations. In Phase 3 (t = 41-60), the system incorporates external suggestions (bias term for
exafference as sensory input), simulating how hypnotic suggestions can shape future expectations in
the absence of real-world sensory input. Throughout, the code tracks prediction error and applies
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LQOR-based control using the estimated state. These results are visualized through two
complementary figures: a prediction error plot (Figure 3a) and a comparison of true versus estimated
position over time (Figure 3b). Together, these plots illustrate how hypnotic suggestions dynamically
modulate belief updating and motor control. Specifically, the persistence of steady-state prediction
error under suggestions reflects a biased setpoint, which—according to the Equilibrium Point
Hypothesis—can drive limb movement even in the absence of conscious motor intent. In line with
these simulation results, I propose the integration of virtual reality (VR)-based hypnotic suggestion
within a platform technology for eXtended Reality biofeedback training under operant conditioning
(using suggestions) for functional limb weakness [41]. In this framework, brain imaging—
particularly beta synchronization observed in the SMA during post-movement stages in individuals
with FND —can provide a biomarker of sensorimotor integration (efferent copy, u(t)-Figure 2) [42].
Prior research has demonstrated that the hypnotic state modulates sensorimotor beta rhythms during
both real movement and motor imagery [43]. Hypnotic suggestion has been shown to alter motor
cortex excitability [44] and modulate corticospinal output during motor imagery [45], highlighting
its potential as a tool for reshaping dysfunctional motor representations [46]. These findings open
new avenues for applying cognitive neuroscience principles [47] to XR therapeutic interventions in
FND.

Prediction Error Across Phases
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Figure 3. Visualization of belief updating under insight meditation and hypnotic suggestion: (a) prediction error
plot and (b) true vs. estimated position over time, illustrating how suggestion biases the equilibrium setpoint,

driving limb movement without conscious intent.

Figure 4 shows MATLAB (Mathworks Inc. USA) simulation how altered sensory integration in
FND affects motor control [10],[48] and how hypnotic suggestions may restore normal function (code,
figure4.m in Supplementary Materials). Initially, the Kalman gain is optimal, allowing accurate


https://doi.org/10.20944/preprints202503.2133.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 28 March 2025

10 of 26

integration of sensory feedback and internal predictions. At t = 20, the Kalman gain becomes
suboptimal, simulating FND-like dysfunction where the brain underweights sensory input (i.e.,
overconfidence in prior beliefs) [49]. This leads to growing prediction errors and poor state
estimation. At t = 40, hypnotic suggestions are introduced by restoring sensory precision (focused
attention with hypnotic induction), which increases Kalman gain and improves belief updating [9].
The observed reduction in prediction error (Figure 4a) and the convergence between estimated and
true states (Figure 4b) demonstrate how hypnotic suggestions can recalibrate the balance between
sensory evidence and internal models, effectively correcting the disrupted inference seen in FND.
Reduction in prediction error facilitates a posterior sense of agency with hypnotically suggested
movements that feel involuntary so effortless.

T
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Figure 4. Visualization of belief updating under FND dysfunction and restoration by hypnotic suggestion: (a)
prediction error plot and (b) true vs. estimated position over time, illustrating how suggestion recalibrates

sensory-model balance, restoring disrupted inference in FND.

Kalman Filter and LQG aligns with active inference, a framework in which the brain predicts
sensory outcomes of movements and minimizes discrepancies between expected and actual
sensations by adjusting motor commands (inverse model) and/or updating predictions (forward
model). Here, I propose that this framework needs to incorporate the Ladder of Causation [50], a
framework introduced by Judea Pearl, which consists of three levels:
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Association — Recognizing correlations between variables without inferring causality i.e.
associative learning using comparator model
(prediction error=|lexpected outcome-observed outcomell) [51].

Intervention — Understanding the effort and impact of deliberate actions on outcomes, moving
beyond passive observation i.e. active inference (active minimization of variational free energy) [52].

Counterfactuals — Engaging in retrospective revaluation [9], leading to causal reasoning i.e.
causal inference (counterfactual regret minimization) [53].

Integrating causal reasoning using retrospective revaluation within the framework of Kalman
Filter and LQG enhances motor control through action execution and adapt via predictive and
counterfactual learning, thereby implementing realistic judgment of agency [54]. Activation in the
right prefrontal cortex and ventral striatum was observed during retrospective revaluation [55],
providing support for such learning. Based on the conceptual model presented in Figure 2, it is
proposed that skill learning with simulator technology involves the judgment of agency, which is
supported by the interaction between expertise (experience level) and simulator (contextual realism)
on directed brain connectivity [56]. Specifically, Figure 5 illustrates how the judgment of agency
(evaluation of SoA by novices and experts — see Figure 2) is influenced by the interaction between
expertise and simulator type during skill learning. In this context of laparoscopic surgical skill
acquisition [56], the virtual simulator is novel for both groups, while the physical simulator is only
novel to novices. The analysis reveals significant differences in directed brain connectivity between
groups, specifically from the Supplementary Motor Area (SMA) to the Left Prefrontal Cortex (LPFC),
and from the Left Sensorimotor Cortex (LPMC) to the Right Prefrontal Cortex (RPFC)—regions
implicated in motor planning and retrospective evaluation of actions.

(b)

- Expert
= Novice
SMA to LPFC (p = 0.021)

= Expert
= Novice
LPMC to RPFC (p = 0.011)

Estimated marginal means of GC
Estimated marginal means of GC

Physical simulator Virtual simulator Physical simulator Virtual simulator

Figure 5. Interaction between expertise and simulator technology was observed, with (a) significantly
differentiating connectivities from the Supplementary Motor Area (SMA) to the Left Prefrontal Cortex (LPFC),
and from the Left Sensorimotor Cortex (LPMC) to the Right Prefrontal Cortex (RPFC)—regions implicated in
motor planning and retrospective evaluation of actions, (b) a significant interaction effect (p=0.021) on
SMA—LPFC connectivity, and (c) a significant interaction effect (p=0.011) on LPMC—RPFC connectivity.
Significant inter-regional directed functional connectivity (FDR=0.05, Benjamini-Hochberg adjusted) is indicated
by black arrows. Reproduced from Kamat et al. (2022) under a Creative Commons Attribution 4.0 International
License. Source: Kamat A, Makled B, Norfleet ], Schwaitzberg SD, Intes X, De S, Dutta A. Directed information
flow during laparoscopic surgical skill acquisition dissociated skill level and medical simulation technology.
NPJ Sci Learn. 2022;7(1):19.
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In the context of the Free Energy Principle [52], the brain updates its internal model to minimize
free energy, effectively reducing prediction errors. Within a causal inference framework, the brain
retrospectively revaluates interventions—through action execution and action simulation—to
discern for causal associative learning [55]. Counterfactual Regret Minimization (CFR) is a
computational method used to approximate Nash equilibria in extensive-form games [53]. CFR is
guaranteed to converge to a Nash equilibrium in two-player, zero-sum games with perfect recall,
where players remember past decisions. When noise is introduced—reflecting real-world
uncertainty —players may not settle into a fixed strategy but instead exhibit patterns consistent with
a stochastic equilibrium, where strategies are stable on average. This approach offers a more realistic
understanding of human decision-making and supports causal associative learning models [57].

5. "Brain as controller” vis-a-vis "Brain as observer" in Skill Learning

In this section, I examine self-generated, task-initiated brain activations as described by Brechet
et al. [58], mapping them onto the steps of the Kalman Filter and Linear-Quadratic-Gaussian (LQG)
Optimal Control framework introduced in Section 4. This analysis is conducted using functional
brain dynamics identified through a combined functional near-infrared spectroscopy (fNIRS) and
electroencephalogram (EEG) microstate analysis from prior work [59]. Figure 6, adapted from a
review by Michel and Koenig [60], illustrates canonical EEG microstates, each representing distinct
brain activation patterns associated with unique and shared cortical regions. The classic four-state
scheme (labeled A, B, C, and D) is presented, along with additional variants C’, E, and F. Microstates
A and B represent diagonal opposites in spatial distribution (e.g., left-anterior to right-posterior for
A, and the reverse for B). Microstates C and D exhibit strong anterior-posterior contrasts with
inverted polarities—Pattern C shows red frontal and blue occipital regions, while Pattern D shows
the opposite. Variant C' features a central polarity surrounded by an oppositely charged ring,
whereas E and F introduce lateral (left-right) and fronto-central asymmetries in datasets that exceed
the four-class model. These spatial patterns help characterize which lobes (frontal vs. occipital) and
hemispheres (left vs. right) exhibit primary positivity or negativity. Notably, the data—collected from
164 participants using a 256-channel EEG system —demonstrate that not all individuals express every
microstate, particularly for patterns C and D, suggesting inter-individual variability. This is further
highlighted by the division of Microstate C into subtypes, reinforcing the non-uniformity of brain

activation patterns.

e %
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Figure 6. Source localization of seven EEG microstates was performed by correlating EEG microstate time
courses with cur-rent densities estimated via a generalized linear model. GEV represents the global variance
explained by each mi-crostate. Figure reused from Michel and Koenig, ‘EEG microstates as a tool for studying
the temporal dynamics of whole-brain neuronal networks: A review,” Neurolmage, 2018, under CC BY 4.0

license.

Figure 7 presents EEG-fNIRS microstate patterns from our own study [59]. Pattern 1 reveals
inferior/posterior positivity and superior negativity. Pattern 2 exhibits a diagonal gradient with
lower-right positivity and upper-left negativity. Pattern 3 emphasizes fronto-central positivity and
posterior/inferior negativity. Pattern 4 features a left-right asymmetry, with a red hotspot over the
left-central area and blue-green activity on the right. Pattern 5 reflects frontal or fronto-superior
positivity versus posterior negativity. Pattern 6 displays a bilateral dipole, with left and right
hemispheres showing opposing polarities depending on the color scale. A qualitative comparison
between these patterns and those from the review paper [60] suggests partial overlaps, though not
exact one-to-one correspondences. Specifically, our MS patterns 1 and 3 show anterior-posterior
polarity distributions, resembling review MS patterns C or D, depending on sign. MS pattern 2
corresponds to the diagonal structure of patterns A or B. MS patterns 4, 5, and 6 demonstrate lateral
asymmetries, analogous to review patterns E and F [59].

SIS T TIET

Figure 7. The six microstates identified through k-means cluster analysis of EEG-fNIRS time series across
subjects during the "suturing and intracorporeal knot-tying" task in the Fundamentals of Laparoscopic Surgery
(FLS) program. Figure reused from Walia et al., ‘Error-related brain state analysis using electroencephalography
in conjunction with functional near-infrared spectroscopy during a complex surgical motor task,” Brain

Informatics volume, 2022, under CC BY 4.0 license.

Interestingly, the review paper [60] also distinguishes MS pattern C’ as a separate subtype,
further segmenting the classic C pattern beyond the six-state models used in Walia et al. [59] and
Brechet et al. [58] — this suggests a finer classification granularity. When comparing EEG microstates
across studies, several methodological factors must be considered. Polarity inversion is common due
to the arbitrary nature of EEG map signs—e.g., a red-top/blue-bottom pattern is functionally
equivalent to a blue-top/red-bottom one. Differences in referencing schemes (such as common-
average vs. average-mastoid) can also shift or tilt topographies. Moreover, the number of microstates
modeled (e.g., 6 vs. 7) can impact classification outcomes, where additions like C' reflect finer
subtyping within established categories. To objectively evaluate the similarity between the review’s
microstates (A-F) and our own (1-6), we compute Pearson correlation coefficients and mean squared
errors (MSE) between their spatial distributions, using normalized pixel values. This quantitative
comparison provides an empirical basis for mapping and aligning microstates across studies.
Transition probabilities between EEG microstate classes (see Figure 8) revealed distinct patterns
differentiating experts from novices in their brain responses to task errors, as reported in Walia et al.
[59]. These neural responses were mapped onto steps of the proposed Kalman filter model, wherein
predicted internal states are adjusted based on sensory prediction errors—a process central to motor
control and error correction.

A key mechanism underlying expert performance is implicit mental imagery, which refers to the
unconscious activation of sensorimotor brain regions during motor tasks. Unlike explicit mental
imagery, where individuals intentionally visualize movement, implicit imagery occurs
automatically —often during motor planning or real-time error correction—and is especially
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prominent in expert performers [61],[62]. In the study by Walia et al. [59], the expert group consisted
of nine attending surgeons and residents with over one year of experience in laparoscopic surgery,
while the novice group included thirteen medical students with no prior exposure to laparoscopic
procedures. This contrast allowed for the examination of expertise-related neural signatures during
task performance and error monitoring. Further extending this investigation, a separate study [62]
involved a cohort of surgical trainees and professionals performing an explicit mental imagery task.
In this task, participants —comprising Junior residents (PGY 1-3, n=10), Senior residents (PGY 4-5,
n=10), and Attending surgeons (n=10)—were asked to dictate a simulated operative note, simulating
the cognitive demands of intraoperative decision-making. During the surgical epoch of this dictation
task, brain activity was recorded using fNIRS, focusing on prefrontal, sensorimotor, and occipital
regions. These data were used to analyze underlying brain states, offering insight into how different
levels of surgical expertise manifest in distinct neural activation patterns during cognitively
demanding tasks.
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Figure 8. Transition probability statistics between microstate (MS) classes at the group level: (A) during the initial
10 sec-onds of the FLS complex task in novices, (B) during the initial 10 seconds in experts, (C) during the 10-
second error epoch in novices, and (D) during the 10-second error epoch in experts. Rows represent the ‘from’
micros-tate, and columns represent the ‘to” microstate. Figure reused from Walia et al., ‘Error-related brain state
analy-sis using electroencephalography in conjunction with functional near-infrared spectroscopy during a

complex surgical motor task,” Brain Informatics volume, 2022, under CC BY 4.0 license.
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Figure 9 presents the similarity scores between the EEG microstates identified in Walia et al. [59]
and those from Brechet et al. [58]. Similarity was quantified using Pearson correlation coefficients
and Mean Squared Error (MSE) values. Higher Pearson coefficients and lower MSE values indicate
stronger alignment between corresponding microstate topographies. The comparative analysis
revealed several notable correspondences. In cases of one-to-many mappings, selection was guided
by neurophysiological correlates described in both Walia et al. [59] and Brechet et al. [58].

Microstate 1 from Walia et al. aligns with a combination of Microstates A and C from Brechet et
al., all showing an anterior-posterior gradient, albeit with slight differences in polarity and intensity.

Microstate 2 corresponds to a mix of Microstates A and B, characterized by lateralized brain
activity.

Microstate 3 maps onto both Microstates A and D, sharing central dominance, though Microstate
D exhibits a narrower spatial distribution.

Microstate 4 closely aligns with Microstate E, with both showing balanced anterior-posterior
symmetry; Microstate E, however, displays a slight frontal skew.

Microstates 5 and 6 correspond to a combination of Microstates E and F, both reflecting left-right
asymmetries.
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Figure 9. Similarity scores between the microstates from Walia et al. and Brechet et al. [15,16], calculated using
Pearson correlation coefficients and mean squared errors, highlighting their differences. The best scores for each

microstate from Walia et al. are highlighted in bold.

The functional relevance of these microstates has been extensively characterized by Tarailis et
al. [63], who linked each to distinct neural networks and cognitive functions.

Microstate A is associated with left-lateralized activity in the superior temporal gyrus, medial
prefrontal cortex (MPFC), and occipital cortex (OC), reflecting sensory integration.

Microstate B involves strong activation in the OC and lateral/medial parietal regions, including
the precuneus and retrosplenial cortex, supporting visual scene reconstruction during episodic
memory recall.

Microstate C shows bilateral activation in the lateral parietal cortex (supramarginal and angular
gyri), aligning with the default mode network (DMN), linked to self-referential processing and
episodic memory.

Microstate D activates bilateral inferior frontal gyri, dorsal anterior cingulate cortex (dACC), and
superior parietal lobules/intraparietal sulci. It primarily reflects the frontoparietal network (FPN),
supporting cognitive control and attentional reorientation. Notably, the dACC also overlaps with
hubs of the cingulo-opercular network (CON) and the salience network (SN), which are involved in
dynamic switching between the DMN and FPN [64].
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Microstate E is characterized by strong right MPFC activity, associated with automatic and
intuitive decision-making.

Microstate F shows bilateral MPFC activation, aligning with the anterior DMN.

These functional mappings help explain the neurophysiological underpinnings of the
similarities and subtle differences observed between the microstate patterns in Walia et al. [59] and
Brechet et al. [58]. They also support the idea that microstate configurations reflect stable, functionally
relevant brain states tied to expertise and cognitive demand.

Figure 10 presents Kalman Filter and LQG Optimal Control framework interpretation of
microstate transitions observed in expert and novice participants during the Fundamentals of
Laparoscopic Surgery (FLS) task. This framework helps to conceptualize how the brain updates
internal models in response to sensory feedback and prediction errors.

Microstate 2
Microstate 5
Microstate 6

Microstate 4

Hidden State Transition

Hidden State Transition Hidden State Transition

(Expert Task Initiation) (Expert Error Epoch) (Novice Error Epoch)
™ , et
2 B
8 Task Initiation Ju
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Figure 10. Interpretation of expert and novice group’s Microstate transitions based on the Bayesian Predictive
Coding Framework. Figure adapted from Michel and Koenig, ‘EEG microstates as a tool for studying the

temporal dynam-ics of whole-brain neuronal networks: A review,” Neurolmage, 2018, under CC BY 4.0 license.

Microstate Transitions During the Error Epoch

In the Error Epoch, novices primarily transition from Microstate 4 (corresponding to Microstate
E) to Microstate 1 (a combination of Microstates A and C). This transition likely reflects a shift from
automatic/intuitive processing (Microstate E) to an Observation Model involving sensory integration
(Microstate A) and the default mode network (DMN) (Microstate C). Such patterns suggest a novice-
level response to task errors, wherein conscious observation and sensory recalibration dominate. In
contrast, experts show a more refined transition pattern. They begin in Microstate 6, which integrates
features of Microstates E and F—reflecting both intuitive decision-making (right medial prefrontal
cortex, MPFC; Microstate E) and deliberate cognitive control (left MPFC; Microstate F). This bilateral
MPEC activity suggests experts' ability to balance automatic and controlled processes, effectively
regulating error-related arousal before transitioning to Microstate 1, the Observation Model.

Another notable transition in experts occurs from Microstate 5 (aligned with Microstate E) to
Microstate 3 (a combination of Microstates A and D). Here, Microstate D represents the frontoparietal
network (FPN), critical for the Correction Step [65] in Kalman Filter and LQG Optimal Control
framework. Within Microstate 3, sensory integration (Microstate A) and motor planning areas such
as the dorsomedial frontal cortex (DMFC)—including the supplementary motor area (SMA)—are
thought to interact with the dorsal anterior cingulate cortex (dACC) from Microstate D. This
interaction enables the transformation of error signals into corrective motor plans. Importantly, the
dACC serves as a communication hub across multiple networks: the cingulo-opercular network
(CON) and the salience network (SN) [66], both of which are implicated in goal-directed behavior
and prediction error signaling [67]. This makes Microstate D—involving dACC, inferior frontal
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gyrus, and parietal regions—ideally suited for Bayesian belief updating in response to surprising or
unexpected events [68].

In the context of FLS learning, it is proposed that the CON uses inputs from the SN to detect
salient events and then recruits the FPN to guide adaptive responses [69]. Therefore, in the Error
Epoch, Microstates 5 and 6 (experts) and Microstate 4 (novices) are likely involved in Hidden State
Transitions, enabling dynamic updating of internal models.

Microstate Dynamics During Task Initiation

During the initiation phase of the FLS task, novices exhibit frequent transitions between
Microstates 1 and 3, reflecting an interplay between the DMN ("Brain as Observer") and the CON-
FPN ("Brain as Controller"). This pattern aligns with the cognitive stage of skill learning [56,70],
characterized by high cognitive load and conscious performance monitoring. Experts, however,
predominantly transition to Microstate 3, with strong transitions from Microstates 2 and 5. Here,
Microstate 2 (a hybrid of Microstates A and B) involves sensory integration (A) and episodic memory
recall via the precuneus/retrosplenial cortex (B). This suggests a more autonomous, experience-
driven form of Hidden State Transition, where implicit mental imagery supports the expert's control
mechanisms—characteristic of an autonomous stage.

Internal Simulation Model and Task Observation

In our Internal Simulation Model for enactment imagination, we propose that mental imagery
facilitates the Correction Step by enabling individuals to simulate corrective actions internally for
reevaluation (subserved by SMA, LPFC, LPMC, RPFC - see Figure 5). Here, the Observation Model
reflects brain activity during first-person observation, and varies with experience [70]. Our study [70]
investigated how brain activation during a cognitive surgical task—simulated operative dictation (an
internal simulation task)— varies with surgical experience. Using fNIRS, we measured brain activity
across prefrontal, sensorimotor, and occipital regions in junior residents, senior residents, and
attending surgeons. Results showed that senior residents exhibited significantly greater activation in
the left prefrontal, premotor, and parietal cortices compared to both juniors and attendings. These
findings suggest that cognitive task-related brain activation patterns differ by experience level and
highlight the potential of functional neuroimaging as an objective tool for assessing cognitive surgical
expertise.

In this section, I applied the Kalman Filter and LQG Optimal Control framework to understand
how brain activation during a cognitive-motor task varies with surgical experience, focusing on
transitions between EEG microstates. During FLS task initiation, novices showed high transition
variability —especially between Microstates 1 (DMN/"Brain as Observer") and 3 (FPN/SN/"Brain as
Controller")—reflecting exploratory strategies typical of early learning. In contrast, experts
demonstrated more efficient and focused transitions, primarily into Microstate 3 from Microstates 2
and 5, enabling controlled action through prediction error-based processing [59],[58],[71]. During the
error correction phase, experts used targeted transitions (e.g., Microstate 5 to 3; Microstate 6 to 1),
supporting internal model updates and agency evaluation [72], while novices relied on more variable
transitions, reflecting less efficient adaptation. The Observation Model was supported by DMN-
linked microstates (A, C), involved in self-monitoring and memory retrieval [73],[74], while the
Correction Step engaged the FPN, SN, and CON via Microstates D and 3, facilitating adaptive control
and behavior modification [69],[75],[76]. Enactment imagination further distinguished skill levels
[62], with experts showing localized SMA activation— critical for motor intentionality and integration
across DMN, FPN, and sensorimotor systems [72],[74],[76],[77]. Disruptions in these dynamics are
observed in FMD, where abnormal beta synchronization, heightened self-focus, and impaired SN-
FPN switching impair motor control [78],[79],[80].
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6. Discussion

Mu and beta-gamma rhythms—linked to the "Brain as Observer" and "Brain as Controller,"
respectively —dynamically modulate corticospinal excitability during movement [81],[82],[83],[84].
Their disruption in FMD may be addressed through mental imagery and external suggestions
(operant conditioning) [11],[85]. The cerebellum, through its connections with the MPFC and
thalamocortical circuits, supports Hidden State Transitions and Correction Steps [86]. Hypnosis has
been shown to influence these processes by modulating agency and prediction through cerebellar
and SMA pathways [87],[88],[89],[90],[91], offering potential for therapeutic intervention in disorders
of agency and motor control. Altered states of consciousness, such as those induced by meditation
and hypnosis, modulate brain dynamics at both EEG microstates and systems levels, e.g., Brechet et
al. [92] demonstrating that intense meditation training significantly reshapes EEG microstates. Two
novel microstate topographies emerged post-meditation, accounting for nearly 50% of variance in
EEG data. These patterns localized to brain areas involved in self-related multisensory experience,
including the insula, supramarginal gyrus, and superior frontal gyrus. Notably, meditation disrupted
the dominance of Microstate C—a component of the proposed Observation Model—suggesting a
departure from the typically stable microstate architecture found in prior studies [93]. These findings
support the hypothesis that meditation enhances self-observation, aligning with increased self-
awareness reported during hypnotic states [60]. Katayama et al. [93] investigated EEG microstate
changes across stages of hypnosis—resting, light, deep hypnosis, and recovery. They found that
during deep hypnosis, Microstates A and C increased in duration and time coverage, while
Microstates B and D decreased. This transition reflected a shift in cognitive dominance from executive
control (Brain as Controller) toward self-reflective observation (Brain as Observer). Recovery stages
showed intermediate characteristics, highlighting a dynamic trajectory through altered states.
Importantly, Katayama’s results suggest that deep hypnosis may enhance insight by amplifying
"Brain as Observer" activity while dampening "Brain as Controller" functions. Comparisons across
states showed deep hypnosis shared traits with schizophrenia (e.g., impaired executive control),
while light hypnosis overlapped with meditation in promoting relaxation and awareness. This
observation aligns with findings by Xu et al. [94], who explored self-projection and future thinking.
Participants reported higher vividness and self-projection when imagining their Future Self
compared to Present Self. A functional dissociation emerged within the Default Mode Network
(DMN): the anterior DMN (aDMN) was more active during Present Self reflection (Brain as
Observer), while the posterior DMN (pDMN) was more active during Future Self imagery (Brain as
Controller). These subsystems may be selectively modulated through internal simulation and
suggestion-based techniques, particularly in therapeutic contexts like self-hypnosis [9]. Within this
broader context, the Kalman Filter and LQG Optimal Control framework offers a powerful model to
explain how the brain learns, corrects errors, and adapts motor skills. In my proposed model,
microstate analysis and enactment imagination are used alongside multimodal brain imaging to
distinguish between novice and expert skill acquisition. Novices display variable, exploratory neural
pathways, while experts show streamlined, efficient transitions across the Frontoparietal Network
(FPN), DMN, and Salience Network (SN). Here, the SMA plays a central integrative role,
transforming internal motor intentions into precise executions, informed by external feedback. For
example, a steady decline in the strength of directed functional connectivity from the lateral
prefrontal cortex to the SMA over the course of a 15-day training period was found [70]. During the
initial "Cognitive stage" (Days 1-5), connectivity was high, reflecting strong top-down control from
the LPFC as participants engage in conscious, effortful learning. As training progresses into the
"Associative stage" (Days 6-15), this connectivity gradually decreases, indicating reduced reliance on
executive control and increased motor automation. By the retention phase, the LPFC—SMA influence
remains low, suggesting that the skill has become internalized and more efficiently executed. This
shift reflects the brain’s transition from effortful to automatic processing, a hallmark of sensorimotor
learning. However, in FMD, this process breaks down—disrupted agency and impaired SMA
signaling interfere with adaptive motor control [42]. The review of Kalman Filter and LQG Optimal
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Control framework revealed how internal simulations, and external suggestions can be harnessed to
recalibrate these pathways and restore voluntary control.

While Kalman Filter and LQG Optimal Control framework remain central to understanding
agency in this review, several models offered complementary insights, e.g., Forward and Comparator
Models explain agency through motor command prediction and sensory feedback comparison [95].
The Comparator Model posits that agency arises when predicted outcomes match actual feedback
[96]. Then, Free Energy Principle [5] extended predictive coding by proposing the brain minimizes
surprise (free energy) to maintain equilibrium. The sense of agency arises from successful prediction-
action alignment. Embodied Cognition and Enactivism models [97],[98],[99] argue that agency
emerges through real-time interaction with the environment—not internal models alone, i.e., agency
is enacted, not inferred. Dynamical Systems Theory model describes behavior as the emergent
product of a self-organizing, multicomponent system evolving over time [100] which has been
applied to understand human behavior, suggesting that agency arises from the self-organization of
neural dynamics [101]. Ecological psychology [102], grounded in the work of James and Eleanor
Gibson, offers a non-representational, action-oriented framework for perception and cognition—
emphasizing the direct perception of affordances in the environment through dynamic agent-
environment interactions.

Across neuroimaging studies, regions like the SMA, parietal cortex (IPL/TPJ), cerebellum, and
prefrontal cortex (PFC) emerge as central hubs for generating, monitoring, and attributing agency.
Structural connectivity between SMA/pre-SMA and parietal cortex via the superior longitudinal
fasciculus (SLF), particularly its branches (SLF I and SLF 1II), further supports such integrated brain
functions [103], motor intentionality [104], and sense of agency [105],[106]. Our studies
[56],[107],[108] suggested that neuroimaging-guided transcranial electrical stimulation (tES) could
enhance skill learning by targeting specific brain network interactions. For instance, stimulation of
AG-MFG (angular gyrus-middle frontal gyrus) connections, linked via the dorsal SLF II, may
enhance the sense of agency. Similarly, targeting the SMG-IFG (supramarginal gyrus-inferior frontal
gyrus) via SLF IIl may support perception in complex tasks. In experts, the preSMA-LPFC coupling,
supported by the extended frontal aslant tract (exFAT), may underlie sequence learning and
executive control in familiar tasks. Overall, tES may boost predictive internal modeling and efference
signaling, aiding motor learning and rehabilitation.

Supplementary Materials: The following supporting information can be downloaded at: Preprints.org, Figure

3 Matlab simulation code: figure3.m. www.mdpi.com/xxx/s2, Figure 4 Matlab simulation code: figure4.m.
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Abbreviations

The following abbreviations are used in this manuscript:

SoA Sense of Agency

HMI Human-Machine Interface

XR eXtended Reality

VR Virtual Reality

FND Functional Neurological Disorder

EPH Equilibrium Point Hypothesis

fMRI Functional Magnetic Resonance Imaging
ERP Event-Related Potential

DTI Diffusion Tensor Imaging

SMA Supplementary Motor Area

M1 Primary Motor Cortex

PFC Prefrontal Cortex

IPL Inferior Parietal Lobule

TP] Temporoparietal Junction

DMN Default Mode Network

FPN Frontoparietal Network

CON Cingulo-Opercular Network

SN Salience Network

aDMN Anterior Default Mode Network

pDMN Posterior Default Mode Network

LQG Linear-Quadratic-Gaussian

DT Dynamical Systems Theory

tES Transcranial Electrical Stimulation

AG Angular Gyrus

MEFG Middle Frontal Gyrus

SMG Supramarginal Gyrus

IFG Inferior Frontal Gyrus

LPEC Left Prefrontal Cortex

RPEC Right Prefrontal Cortex

LPMC Left Premotor Cortex

exFAT Extended Frontal Aslant Tract

fNIRS Functional Near-Infrared Spectroscopy
EEG Electroencephalography

MS Microstate

PPIE Patient and Public Involvement and Engagement
CFR Counterfactual Regret Minimization
GLM General Linear Model

GEV Global Explained Variance

HRX-1 Haptic Rehabilitation eXtended robot 1 (HumanRobotix London)
BOLD Blood Oxygen Level Dependent (implied in neuroimaging context)

A,B, CD,E F, C EEG Microstate Classes
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