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Abstract: Perception was how the brain and nervous system functioned to process sensory information from the environment.
One observation that has been verified is required for a well-constructed interaction. As immersive technology advances from
research-driven prototypes to mature consumer and business platforms, the ability to design VR experiences that can integrate
with the human perceptual system (including designing for, evolving with, and potentially augmenting those systems) is
emerging as a key area of study. Machine learning (ML) is emerging as a key connecting point between these fields and has
the potential to impact real-time adaptive rendering, improved visual fidelity, biometric-based customisation, and the
prediction of perceptual issues such as cybersickness. This paper contributes to a growing multi-disciplinary discussion on
the relationship between human perception and VR, specifically, and how ML approaches - including DL, RL, CV, and AC
(Affective Computing) - are changing immersive experience design. Based on the principles of the latest neuroscience and
cognitive psychology and computer science and engineering literature, we succinctly describe how human beings perceive,
what the expectations of an ideal VR system are, the perceptual challenges, dichotomies, and paradoxes associated with
immersive environments and discuss the machine learning revolution in futuristic solving of such quandaries.
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1. Introduction

In reality, the relationship between hardware and audience in perception/sensory input and virtual reality has
become one of the most intellectually and pragmatically productive research tangles of the 21st century. After all,
virtual reality is really just perceptual manipulation: the artificial modification of sensory signals to fool the brain
into believing that the inputs it is receiving, whether visual, auditory, or tactile, are coming from a real, rather than
simulated, location [1,2]. To explore how this illusion operates, why it breaks down, and how to get it to reliably
work again, one must intimately engage with the science of human perception [3,4].

The active processing that constitutes human perception is not merely descriptive. What we see is constructed, a
prediction, of sorts, of the expected input of the sensory systems: It is an Active Predictive Context Dependent
Top-Down Process That Is Informed by the Complement of Sensory Information Vested in Prior Knowledge
Cognitive Expectations and Emotional State [5,6]. Visually, vestibularly, proprioceptively, auditorily, and
haptically, we constantly converge to produce a single environmental representation, and that’s a billion-year-old
complexity trick hand that has kept evolving us for physical-world navigation [7]. VR systems tend, almost
necessarily, to be designed around replacing real sensory inputs with virtual ones, and in so doing, they reveal
how intricate, and how brittle, the perceptual system whose hook they’re trying to slip a virtual line into truly is

[8].

Machine learning changed the game on this problem. Previously, VR systems were developed for static rendering
pipelines and static interaction paradigms, and adopted in a one-size-fits-all calibration procedure; nowadays, ML-
based VR systems are able to customise to single perceptual profiles, anticipate visual discomfort before it takes
place, adjust rendering precision in real-time according to eye movement and cognitive load, and create synthetic
scenes that are indistinguishable from photographic reality. These aren’t small changes; they’re a shift-change in
what immersive technology can do, as shown in figure 1 [9,10].
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Fig 1: The Evolution of Virtual Reality

2. The Science of Human Perception

Before I can explain VR and ML convergence, the perception of humans will be introduced. Perception is not
just felt; it is an interpretive process by which raw sensorial input is converted into meaningful and usable models
of the environment in the mind [11].

2.1 Multisensory Integration

Human experience is multisensory in essence. The brain constantly receives converging inputs from the visual,
auditory, vestibular, somatosensory, and olfactory systems and integrates them into a unique perceptual model.
Indeed, these two sensory streams may be subject to different latencies, or have different reliability and resolution
profiles [12]. The brain also combines them, through a similar process, Bayesian integration, taking into account,
in this case, the reliability of each modality at that particular moment. Vision is the older sense in spatial
orientation, and vestibular signals in balance and movement [13]. It can be seen that the impact of VR is also very
great. Disorders of sensory channels, e.g., visual motion signals, do not match sensations of the vestibular system,
leading to the experienced “perceptual conflict”. These are the sources of nausea, sensory fatigue, and
disconnection from reality that so much effort goes into trying to prevent in virtual reality [14].

2.2 The Predictive Brain

The brain, modern neuroscience tells us, is a predictive, not a reactive, organ. The predictive processing
framework promoted, among other things, by Karl Friston, vector calculus, etc., assumes that the brain is a
generator of forward predictions about anticipated sensory perceptions and that it is the prediction errors
(differences between predictions and real sensory data) that propel the brain, not raw sensory data [15,16]. There
are major consequences for the VR user from such a design, “because you don’t just look at what the VR system
renders, you look at what the rendered stimuli do to your predictive models of how the world works[17,18].
Models of machine learning, such as recurrent neural networks and transformer architectures trained on massive
perceptual datasets, are beginning to capture aspects of this predictive organisation [19,20]. Predictive perception
— the ability to predict where a user will look next, what move they will make, or what emotional state they will
shift into is really what builds a computational model of the mind, and is being used to create a new generation of
adaptive VR technology [21,22].

2.3 Attention and foveal vision

Human visual processing is not homogeneous. Still, the fovea (a small part of the retina) provides high-resolution
colour vision for about 2° of visual angle, and although peripheral vision extends over a large visual field, its
resolution is multiple times lower [23,24]. About 50% of the visual cortex is devoted to the processing of foveal
information [25,26]. This physiological asymmetry is leveraged by foveated rendering in VR, a real-time eye
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tracking and ML-based rendering pipelines to focus computational power precisely where they matter most
perceptually, as per fig 2 and Table 1 [27].
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Fig 2: Human Perception

Table 1: Perceptual Systems and Their Significance for VR Design

Perceptual System VR Relevance
Foveal vision (2° FOV, high acuity) Foveated rendering, gaze-contingent LOD
Vestibular system (motion/balance) Cybersickness occurs when there is a mismatch with

the visual flow

Proprioception (body position sense) Avatar embodiment, locomotion interfaces
Auditory spatial processing (HRTF) 3D audio rendering, presence enhancement
Multisensory integration (Bayesian) Cross-modal conflict detection, adaptation

3. Virtual Reality: Technical Architecture and Perceptual Design

Virtual reality devices are designed to induce a sense of presence — the strong subjective feeling of being in a
place other than one’s physical space [28,29]. This is a matter of maintaining not only technical fidelity in
rendering and tracking but also a sophisticated knowledge of perceptual thresholds and integration mechanisms
as outlined in Section 2.

3.1 Core Technical Components

Contemporary VR systems consist of a head-mounted display (HMD) which displays stereoscopic images to each
eye, an inertial measurement unit (IMU) that provides data on head orientation [30,31], positional tracking
systems (inside-out or external) that enable full six degrees of freedom (6DoF) movement, audio processing
hardware to produce spatial audio, and — now more than ever — eye-tracking sensors and physiological
monitoring devices [32,33]. The rendering pipeline converts 3D scene geometry into images for each eye at refresh
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rates of 90 Hz or higher, with the aim of keeping motion-to-photon latency under 20 Ms, which is considered to
be below the perceptual threshold [34,35].

3.2 Presence, Immersion, and the Perceptual Contract

Presence, a term developed by Mel Slater and other early VR researchers, refers to the extent to which a user's
perceptual and cognitive processes are directed by the virtual environment rather than the real world [36,37].
Presence is qualitatively different from immersion (a technological attribute indicating the extent to which
sensory substitution is comprehensive and inclusive) and engagement (emotional state). Consistent, coherent
multi-sensory stimulation that meets or exceeds the predictive perceptual models of the user is necessary for High
presence [38,39]. Any such breach of the perceptual pact — be it frame rate drops, tracking glitches, audiovisual
desynchronization, or unrealistic physics — shatters presence and re-binds the user’s attention to the material
world [40,41].

The Three Pillars of VR Presence

There are at least three main components of presence: (a) the feeling of being in a virtual environment, termed
Place Illusion (PI); (b) the feeling that the events in the virtual environment are really occurring, known as
Plausibility Illusion (Psi); and (c) having a virtual body, that is, a representation of one's self, termed
Embodiment. Machine learning is involved in all three: via perceptually optimised rendering (PI), via physically
plausible physics simulation and generative content (Psi), and via real-time body pose estimation and avatar
personalisation (Embodiment) [42].

3.3 Perceptual Thresholds in VR Design

"Good VR design has to be informed by the quantitative perceptual limits known from psychophysical studies
[43]. “Temporal Resolution The temporal resolution of “haptic displays” faces similar challenges as the temporal
resolution of the visual displays, with refresh rates of at least 72Hz (90-120Hz are preferred), motion-to-photon
latency of less than 20 ms, and audio-visual synchronisation of less than 25 ms. Spatial resolution has to be
considered based on our peripheral vision, so an angular resolution of 20 pixels/degree is enough to resemble non-
foveal peripheral vision, but the foveal resolution requirements are way higher than what current display
technology can provide over the entire field of view. This is why ML-driven foveated rendering is not only an
optimisation, but a perceptual necessity as per fig.3 [44,45].

Achieving Virtual Reality Presence

(2 Perceptual
User attention re-bin_:s ’I ny Design User attention directed
1o reality by virtual environment
High refresh rates, low Consistent, coherent Informed by

latency SENsory input peychophysical studies

Fig 3: Achieving Virtual Reality Presence
4. Perceptual Challenges in Virtual Reality Environments

right now [2] In spite of a growing number of technological improvements, VR systems still give rise to
perception-based problems that can degrade both comfort of use and the amount of presence that can be achieved.
Such issues are generated from basic incongruities between the nature of stimuli (artifactually) that VR systems
can produce and the sensory needs of the human perceptual system [46,47].
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4.1 Vergence-Accommodation Conflict

Vergence-accommodation conflict (VAC) is one of the most persistent perceptual problems facing VR HMD
today [48,49]. During natural viewing, the eyes converge (rotate inward) and accommodate (change focal length)
at the same distance [50,51]. Conventional VR displays present the images with a fixed focal distance (usually
1.5-2 m optical equivalent) while disparity cues compel vergence to the virtual depth of objects. Decoupling
accommodation and vergence — two tightly linked processes in natural vision — eliminates visual discomfort,
decrements in visual acuity while performing 3D tasks have been proposed as a source of motion sickness during
prolonged VR exposure[52,53].

4.2 Uncanny Valley of Avatar and Character Representations

The Uncanny Valley phenomenon (originally defined in robotics by Masahiro Mori) seems to be a good fit
description when referring to VR avatars and virtual human representations. The user’s affinity for virtual
characters increases as the avatar gets more realistic, but the trend is reversed at a certain point, and a sudden drop
appears, which is called as the "uncanny valley" when the characters are near but not identical to photorealistic
human faces [54,55]. Small errors in the facial animations, gaze direction, timing of micro-expressions or
dynamics of moving can potentially induce a strong perception of repulsion [2], which can break immersion and
cause discomfort [56,57]. Machine learning — in particular, generative adversarial networks (GANSs), neural
radiance fields (NeRFs), and 3D Gaussian splatting — is closing the gap between synthetic and photorealistic
human rendering, tackling the Uncanny Valley by way of higher-fidelity generation rather than stylised
simplification [58,59].

4.3 Spatial Audio and Perceptual Coherence

The human auditory system localises sounds by means of HRTFs, which are complex, individualised spectral
transformations that encode information about the direction and distance of a sound source according to the
acoustic filtering effects of the pinna, head and torso [60,61. A considerable part of users are not well served by
generic HRTF models, with elevation reversals and front-back confusions, which significantly degrade the
coherency of the spatial audio. ML-based HRTF personalisation — from morphological measurements or neural
network prediction from pictures — is under development as an effective approach, as per Table 2 and Figure 4
[62,63].

Table 2: Perceptual Challenges in VR and Machine Learning Solutions

Vergence-accommodation Fixed focal plane in current HMDs Adaptive focus displays with gaze-

conflict ML

Cybersickness Visual-vestibular mismatch Real-time motion prediction &
compensation

Uncanny valley (avatars) Subtle realism errors in animation GAN/NeRF photorealistic synthesis

HRTF mismatch (audio) Generic vs. individual ear shape Neural HRTF personalisation

Perceptual fatigue Sustained high cognitive load Adaptive content difficulty / LOD

Presence breaks Tracking errors, frame drops Predictive rendering pipelines
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Overcoming Perceptual Challenges in VR
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Fig 4: Overcoming Perceptual Challenges in VR
5. Machine Learning Techniques in Perceptual Modelling

ML offers a set of algorithmic tools that are particularly well-suited for the problem of modelling human
perception in VR [64,65]. In contrast to rule-based methods, ML approaches are capable of learning complex,
non-linear relationships in high-dimensional sensory and behavioural data that lead to perceptual states, which
means they can capture individual differences, context-dependencies, and temporal dynamics that deterministic
models are unable to capture[66,67,68].

5.1 Convolutional Neural Networks in Visual Perception

Convolutional Neural Networks (CNNs) - structured as a series of hierarchical layers with inspiration from the
mammalian visual cortex - changed the landscape of computer vision, and thus, the modelling of visual perception
in VR [69,70]. CNNs trained on large image and video datasets learn representations that are surprisingly similar
to the feature hierarchies discovered in early visual processing: edge detectors in early layers, object parts in
middle layers, and semantic categories in late layers [71,72]. This analogy gives CNNs the role of perceptual
quality metrics, which appear to predict human assessments of image quality, visual similarity, and artefact
detectability better than classical pixel-based metrics [73,74,75].

For instance, the LPIPS (Learned Perceptual Image Patch Similarity) metric relies on deep CNNs activations to
predict perceptual similarity in a way that is highly correlated with human psychophysical judgments—and it
notably outperforms SSIM and PSNR, the metrics that have been dominating the field for years [[76,77]. In VR
rendering pipelines, LPIPS-based loss functions have been used to train neural renderers to pursue perceptual
quality rather than pixel accuracy, thereby creating results that are more visually compelling to human subjects at
lower bit rates.[9,78,79].

5.2 Recurrent and Transformer Architectures for Temporal Perception

Temporal aspects are integral to human perception — the perceptual system does not operate on static frames but
dynamic sequences, accumulating data across time to form stable and coherent representations of the
environment[80,81. RNNs, LSTMs, and Transformer architectures can capture temporal dependencies in
sequence data. In VR perceptual applications, these architectures characterise the temporal progression of gaze
behaviour, predict future head movements for latency compensation, monitor emotional state changes during a
VR session, and predict perceptual transitions, as an example of the development of motion sickness [82,83].
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5.3 Generative Models and Synthetic Perception

Generative adversarial networks (GANS), variational autoencoders (VAEs), and diffusion models have led to the
generation of synthetic perceptual content that satisfies human quality expectations, which is particularly
beneficial for VR[10,84,85]. Neural radiance fields (NeRFs) and 3D Gaussian splatting enable the reconstruction
of photorealistic 3D from 2D image samplings, which can be leveraged to synthesise ultra-realistic VR at a tiny
fraction of the cost of traditional 3D modelling [86,87]. Diffusion-based texture synthesis and material generation
give VR developers the ability to generate visually plausible terrains procedurally, with ML models trained to
adhere to perceptual coherence constraints [88,89,90].

Key Insight: Perceptual Loss Functions

An important change from ML for VR rendering is that no perceptual loss functions are needed — optimisation
targets that quantify how close rendered images are to reference images based on human perception rather than
the pixel numeric difference. Rendering models can now be trained using perceptual metrics derived from deep
neural network activations (so-called models of human visual processing), allowing content producers to
deliver subjectively better image quality while consuming less computational power, a non-negligible advantage
given the extremely high-performance demands of real-time stereoscopic rendering.

5.4 Reinforcement Learning for Adaptive VR

For instance, an RL agent in charge of a VR scene could, in principle, learn to adapt rendering quality, content
difficulty, story pacing, or strength of haptic feedback on-the-fly to keep the user in a state of optimal perceptual
engagement (e.g., maximising presence/minimising discomfort). Deep RL approaches, learned on physiological
reward signals (gaze stability, level of arousal, proxy metrics for nausea), have been demonstrated to recover
personalised VR experience policies that outperform static, known before adaptation rules, as per Figure 5
[11,91,92].

Machine Learning in VR Perception

Recurrent and Transforme

Captures temporal dependencies for dynamic scenes

Generative Models

Creates synthetic contem for realistic VR

Reinforcement Learning
Adapts VR behavior based on user interaction

Fig 5: Machine Learning in VR Perception
6. Gaze Tracking and Attention Modelling in VR

Eye tracking is one of the most underexploited sources of behavioural data for VR systems [93,94]. Gaze
direction, fixation duration, saccadic pattern, pupil diameter, and vergence behaviour jointly encode information
about visual attention, cognitive load, emotional state, perceptual interest, as well as (and more recently) health
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status-related indicators of neurological functioning. With the help of machine learning, raw eye-tracking signals
have been converted into a powerful perceptual interface [95,96].

6.1 Foveated Rendering Powered by ML

Foveated rendering — rendering the foveal region at full resolution and then degrading the surrounding regions
progressively based on the distance from the fovea — can achieve 30-50% computational savings in VR pipeline
workloads with no perceptible quality loss since peripheral visual processing is lower resolution by nature. The
key enabling technology is an accurate, low-latency gaze prediction that leads rendering by predicting where the
user will look next.[12,97,98]]. ML models — notably lightweight convolutional networks and saccade velocity
predictors trained on vast amounts of gaze datasets — are capable of predicting gaze position 30-80ms into the
future with sufficient accuracy to help mitigate rendering artefacts during fast saccadic motions [99,100].

6.2 Attention-Aware Content Adaptation

In addition to simplifying rendering, gaze information can be used to enable attention-aware content adaptation
(see also [29,40]) — the contents of elements in the VR environment are adapted according to real-time predictions
of user attentional focus [101,102]. ML classifiers on gaze and pupillometry data allow us to differentiate between
areas of a focal attention and areas of ambient scanning and task-related mental processing [103]. These are the
results of classification where adaptive engines may bow (show respect) to raise story priorities when the player
becomes distracted, clean visual noise during moments of high mental strain, or call attention back to agreement
using periphery motion-driven cues [104,105].

6.3 Gaze as a Health and Neurological Signal

Another promising application of ML-based analysis of gaze in future VR is the identification of neurological and
psychiatric illnesses [106,107. Erratic saccadic eye movements, poor smooth pursuit, modified fixational
behaviour and aberrant vergence have all been reported as biomarkers for Alzheimer's disease, multiple sclerosis,
Parkinson's disease, traumatic brain injury, and attention deficit disorders [108,109]. ML classifiers trained on
VR-collected gaze data have shown diagnostic performance on par with or better than clinical gold-standard
assessments in both two and three dimensions of space —- indicating a future where VR headsets are also used
as neurological health monitoring platforms, in addition to being entertainment devices[13,110].

7. Cybersickness: Prediction, Prevention, and ML-Driven Mitigation

Cybersickness—a range of symptoms including nausea, dizziness, headache, disorientation, and eye strain that
can be experienced during or after using VR—is still one of the biggest barriers to VR getting more widely
adopted [111,112]. It may be the case that 40-70% of VR users will suffer from cybersickness symptoms to some
extent, but rates of susceptibility differ significantly between individuals and situations. Machine learning is the
best candidate for predicting, preventing, and actively compensating for the widespread problem [113,114].

7.1 The Sensory Conflict Theory and Its Computational Implications

The prevailing theory to explain cybersickness is Reason and Brand’s (1975) sensory conflict theory, which posits
sickness arises due to conflicts between visual motion information and vestibular and proprioceptive information
[115]. In VR, simulated locomotion visual flow (without actual physical movement of the body) produces this
type of conflict. The degree of resulting sickness is a function of the magnitude of the conflict, the sensitivity of
an individual[14], the duration of exposure, and the adaptation history — a multi-factor interaction that defies
simple rule-based prediction but is well-suited for ML modelling [116,117].

7.2 Physiological Biomarker-Based Prediction

Machine learning models trained on physiological signals such as galvanic skin response (GSR), heart rate
variability (HRV), electroencephalography (EEG), skin temperature, and facial EMG have the potential to predict
the emergence of CS symptoms well ahead of when users start to subjectively feel uncomfortable [118,119].
LSTM and transformer models based on time-series physiological data have been shown to achieve prediction
performance over 85 per cent in prospective validation studies, thus allowing for several minutes of lead time in
which adaptive countermeasures can be applied [120].
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These include dynamic field-of-view restriction (tunnelling), artificial rest frames, slowed down locomotion and
attenuation of scene complexity — all of which can be regulated by ML (maximal likelihood) control policies to
minimise sickness and maintain presence as much as possible [121].

7.3 Individual Susceptibility Modelling and Personalisation

Susceptibility to cybersickness varies from person to person. There are many contributors to inter-individual
differences, such as age, sex, sensitivity of the vestibular system, previous VR experience, motion sickness history,
and baseline physiological conditions [122]. ML models built using demographic, physiological and behavioural
features can build individual susceptibility profiles, which allow system adaptation in a proactive manner already
from the first seconds of a VR session [123]. Transfer learning methods—pre-training on large population
datasets and fine-tuning on individual user data—provide a realistic route to clinically useful personalisation
using limited data collection per user [124,125].

Table 3: Physiological Signals and ML Applications in Cybersickness Research

Type of cybersickness signal ML application

Galv skin response (GSR) Prediction of onset with LSTM models

EEG frequency band power Sick state classification in real-time

Head movement kinematics Locomotion risk scoring

Facial expression (EMG/vision) Discomfort Detection Using Nonwearable Sensors
Heart rate variability (HRV) Early warning of autonomic stress

Gaze instability metrics Quantification of oculomotor conflict

8. Perceptual Personalisation Through Machine Learning

There is no such thing as two identical human eyes or perceptual systems. People have visual acuity, contrast
sensitivity, colour discrimination, depth perception, motion sensitivity and multisensory integration, and each of
these is dramatically different between individuals—today’s VR systems, however, almost universally subject all
users to the same sensory environment [126,127]. Machine learning can be used to enable a transition from “one-
size-fits-all” VR to perceptually personalised immersive experiences that adapt to the sensory profile of the
individual [128,129].

8.1 Perceptual Calibration and Profile Building

ML-based approaches for perceptual personalisation start with automated calibration — leveraging
psychophysical measurement procedures (frequently gamified inside the VR environment itself) to quickly
characterise individual perceptual thresholds and sensitivities [130,131]. Active learning methods select
calibration samples in an informative way such that the fewest measurements are required to obtain the most
information about a user's perceptual profile. These perceptual models are then used to generate user-specific
rendering parameters (contrast curve, depth-of-field and motion blur profiles, chromatic aberration correction),
which are optimised to the visual system of each user[15,132].

8.2 Adaptive HRTF and Spatial Audio Personalisation

Personalisation of the head-related transfer function is a particularly high-value application of ML-based
perceptual adaptation. It is worth noting that each HRTF is unique due to the shape of each person's ears, head
and shoulders, so the generic HRTF is not accurate for most people [133,135]. Neural network models trained on
acoustic measurements and morphometric data allow individualised HRTF prediction based on photographs or
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point cloud representations of the ear, enabling spatial audio solutions that deliver clinically validated
enhancements in localisation accuracy and presence without the need for costly and laborious acoustic
measurement sessions[16,134].

8.3 Cross-Session Learning and Adaptation

Perceptual adaptation to VR — a recalibration of the users' perceptual systems to the artificial environment
induced by repeated exposure — adds another layer of temporal personalisation [136,137]. An ML model that
tracks across sequences behavioural and physiological data to monitor the evolution of the individual adapting,
and tailors content difficulty, locomotion parameters, and rendering settings to keep them in the optimal space
between boredom and overwhelming challenge, an idea borrowed from flow theory in cognitive psychology and
operationalised by means of ML-based DDA (dynamic difficulty management) systems[17,138,139].

9. Affective Computing and Emotional Presence in VR

The emotional aspects of VR experience — the feelings an immersive environment induces — cannot be
disentangled from sensation [140,141]. Fear, wonder, empathy, anxiety, and awe do not simply respond to VR
content; these and other feelings are also influenced by the perceptual fidelity and coherence of the experience.
Machine learning, via the affective computing discipline established by Rosalind Picard, has the means to detect,
model and respond to the emotional state of its users in real-time [142].

9.1 Multimodal Emotion Recognition in VR

Recognising emotional states in VR utilises a more extensive range of behavioural and physiological signals than
in any other computing platform [143]. Facial expression analysis (based on HMD's inward-facing cameras), gaze
behaviour, head movement dynamics, voice prosody, physiological signals, body posture (if full body tracking is
available), and interaction behaviour form a rich emotional signal which ML models can classify with growing
accuracy[18,144].

Multimodal fusion strategies — the integration of multiple modalities signals using attention-based deep learning
architecture — outperform unimodal emotion classification, obtaining the validated recognition rate of discrete
emotional states, such as joy, fear, frustration, boredom, and engagement, over 80% in controlled virtual reality
(VR) scenarios [145]. These are being employed in adaptive narrative systems that alter story branching, pacing,
and character behaviour in response to inferred emotional engagement; therapeutic VR experiences that adjust
exposure level to patient anxiety; and social VR spaces that translate emotion detection into expressive avatar
systems [146].

9.2 Empathy and Perspective-Taking Applications

The ability of VR to create first-person experiences of events and environments that are different from one's own
has been of great interest as a potential tool to build empathy and promote perspective-taking [147,148]. ML has
a crucial enabling function in such scenarios to ensure perceptual authenticity of embodiment experience — by
adapting avatar body size and motion to the user's physical characteristics, by sustaining coherence of gaze and
facial expression, and by modifying the scenario to the user’s momentary emotional and cognitive state to
maximise perspective-taking impact while avoiding emotional overload.[19].

Clinical Application: Affective VR in Mental Health

A particularly clinically relevant application of ML-based affective VR is in the treatment of anxiety disorders
as well as post-traumatic stress disorder (PTSD). Extended exposure therapy delivered in a VR setting —
through ML models that monitor physiological anxiety measures and adaptively modulate the intensity of
stimuli — has shown similar efficacy as traditional exposure therapy in randomised controlled trials and better
patient acceptance and therapist workload management. The ML system acts as a vigilant, responsive co-
therapist, ensuring that the intensity of the exposure stays within the therapeutic window for the duration of each
session.
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10. Ethical Dimensions of ML-Enhanced Perceptual VR

The incorporation of ML into VR perceptual systems has numerous ethical implications that warrant the close
attention of researchers. The ability of ML-augmented VR to influence what one sees, how one feels, and what
one does has exciting therapeutic potential as well as great potential for harm [149].

10.1 Privacy and Physiological Data

Physiological and behavioural responses (e. g., gaze patterns, galvanic skin response, heart rate variability [20],
facial expressions, movement kinematics, and emotional state classifications) registered by ML-enabled VR
platforms constitute a unique private data set [133]. In some cases, these insights into the brain health, emotional
weaknesses, thinking patterns, and unconscious biases of users can reveal information that even the users
themselves were not aware of. The processing of these data — their ownership, the manner in which they are
stored, the entities that can access the data, and the types of inferences that can be made — requires privacy
frameworks that go well beyond the current standards for protecting consumer data [150].

10.2 Perceptual Manipulation and Autonomy

ML-based adaptive VR systems that change perceptual experience as users experience them to maximise
engagement / emotional impact / behavioural responses have the potential to do perceptual manipulation that can
compromise user autonomy [135]. The line between positive person-centric customisation (tailoring content to
individual needs) and manipulative design (leveraging perceptual vulnerabilities to encourage compulsive use or
change attitudes) is not always well-defined, and the technical means to accomplish both are identical. Developing
ethical design guidelines, regulatory practices, and mechanisms of independent review for ML-enabled
perceptual VR is an urgent imperative [122].

10.3 Bias in Perceptual ML Models

Machine learning models for perceptual analysis are trained using datasets that do not encompass the entire
spectrum of human perceptual systems [119]. Models that are primarily based on data from younger, neurotypical,
non-disabled individuals may have inferior performance when applied to older adults, individuals with visual
impairments, those with vestibular disorders, or members of other demographic groups. Achieving perceptual
inclusivity in ML-augmented VR is a significant challenge, demanding purposeful diversity in gathering training
data, rigorous bias probing, and participatory design methodologies that engage users across a spectrum of
perceptual profiles[21].

11. Future Directions

The convergence of human perception, virtual reality, and machine learning is among the fastest-interesting
frontiers in technology and cognitive science. A number of these emerging research directions are likely to make
the state of the art in this area substantially better within the next ten years [114].

11.1 Neural Interface Integration

BCI technologies — especially non-invasive EEG-based systems and the longer-term prospect of high-bandwidth
neural implants — are the ultimate convergence of human perception and VR. Models based on ML that can decode
perceptual and cognitive states directly from neural signals would allow VR systems to adapt not to behavioural
proxies of perceptual experience, but to the very neural substrates of that experience. Corporations like Neuralink,
Synchrony, as well as academic groups around the world that are pushing the bounds of neural interface
technology will slowly close the gap between neural intent and virtual response [109].

11.2 Foundation Models for Perceptual VR

The development of Large Foundation Models — pre-trained on heterogeneous multimodal datasets and further
fine-tuned for downstream tasks — can bring the architectural design for perceptual VR to a revolutionary new
level [107,134]. A foundation model, based on diverse human perceptual datasets (including gaze behavior,
physiological responses, behavioral interactions across VR contexts), could be considered as a universal
perceptual model that, with little fine-tuning, accurately models individual users’ perceptual profiles in a broad
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range of VR applications. Such a paradigm would significantly cut down the data collection required per user for
an effective perceptual personalisation [106,145].

11.3 Perceptual Augmentation Beyond Reality

Maybe the most speculative, yet intellectually exciting, further direction is the application of ML-enabled VR not
to simulate how humans see, but to enhance it and allow them to see beyond biological limits — such as allowing
the user to "see" ultraviolet waves, infrasound waves, magnetic fields, and even high-dimensional geometric
objects as a naturalistic sensory experience [126]. The ability of ML models to learn arbitrary mappings from raw
data to internal representations that correspond to perceptual processes brings with it the promise of "perception-
as-interface" — the notion of using our own sensory apparatus as a high-bandwidth conduit for information that
simply does not have a natural sensory correlate [105].

e Foundation models for universal perceptual profiling

e Direct perceptual adaptation driven by a neural interface
e Perceptual augmentation beyond biological natural limits
e  Cooperative multi-user perceptual synchronisation

e  Therapeutic VR in neurorehabilitation + ML

e Ethical governance of perceptual Al systems

12. Conclusion

The relation between human perception and virtual reality is not simply a matter of technology—it is one of
biology, psychology, and philosophy. At its grandest, VR is a technology that probes the deepest spaces of the
human mind: the formation of reality itself. Understanding the fabrication process and how to manipulate and
refine it should be the scientific foundation on which any real advancement in immersive technology can be
based. Machine learning has not yet become the ground infrastructure from which to develop a science of human
perception and an engineering of virtual reality. It enables the VR system to think like us — predict what we’re
going to see and feel and what could make us sick. The design “one-size-fits-all” mentality can now be revisited
with a tailored perceptual engineering, since VR worlds can be adapted on-the-fly to the ‘perceptual profiles‘of
single users. It enables scientists and doctors to employ VR not as a mere entertainment venue but as a complex
tool for understanding, treating and perhaps enhancing human perceptual and cognitive skills.

But the threat implicit in these technologies is the obligation to use them wisely.

The closeness of the physiological measurements taken, the strength of the induced perceptual states, and the
subtlety of the behavioural alterations they can elicit raise ethical concerns truly unprecedented in the history of
technology. Research community, industry, ethicists and policymakers need to work in parallel to define
governance models that ensure these capabilities are enhancing human flourishing and not detracting from it.

The future of humans’ capacity to perceive ourselves in virtual reality is not a future of machines supplanting
human sensory experience — it’s a future in which machines, informed by the extensive human perceptual science
literature and the individual data of each user, act as expert stewards of that experience: enhancing it, protecting
it, making it more inclusive, and more responsive than any static, pre-designed virtual environment could ever be.
That future is not far off. It is being built, line by line of code, today
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