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Abstract: Understanding whether and how the central nervous system processes information beyond 

conventional 3D space could shed light on how the brain integrates complex information, supports 

flexible behaviour and enables abstract reasoning. Building on prior work with topological charge 

pumps, we explore 2D lattice systems where multidimensional trajectories arise from the interaction 

of oscillatory signals via interference patterns and phase modulation.  These features are interpreted 

as computational processes unfolding in a topological fourth spatial dimension, allowing for the 

manipulation of high-dimensional information within low-dimensional physical structures. This 

physical approach provides not only a proof of concept for synthetic dimensionality, but also a 

theoretical bridge to understanding how biological neural systems could exploit analogous 

mechanisms.  We hypothesize that the cortical layers are capable of performing high-dimensional 

computations within their anatomical constraints, without the need for structural rewiring.  We 

suggest that traveling oscillatory waves and phase-amplitude coupling across the two- and three-

dimensional cortical structure may generate cross-frequency phase relationships capable of encoding 

abstract higher-dimensional variables such as, e.g., object representations, feature clustering, 

multimodal integration, task rules, memory bindings and seamless transitions between cognitive 

states.  We compare our framework with existing theories of cognition and consciousness and 

propose testable experimental predictions to guide future empirical validation. Overall, our model 

links abstract topological computation with biologically plausible neural dynamics, providing a 

means to reinterpret complex brain activity as emergent from operations in higher-dimensional 

representational spaces. These insights may offer practical benefits for advancing adaptive AI 

systems, improving neurotechnology and informing clinical approaches to cognitive dysfunction.   

Keywords: shape maps; cross-frequency coupling; cortical oscillations; topological dynamics.  

 

1. Introduction 

Multidimensional representations have long been central to machine learning and neural 

network theory for managing complex data structures, yet their relevance to biological cognition has 

only recently begun to receive focused attention (Eckmann and Tlusty, 2021; Mobbs 2024).  Although 

cognition unfolds within a world constrained by three spatial dimensions and one temporal 

dimension, emerging developments in topological and geometrical methods suggest that cognitive 

systems may operate within, or derive significant advantages from, representational frameworks 

extending beyond the conventional 3D structure plus time (Tozzi 2019; Johnson et al., 2020; Elmer et 

al., 2023).  To provide a few examples, low-dimensional manifolds have been extracted from neural 

population activity to enable interpretable representations of high-dimensional computations across 

tasks (Langdon et al., 2023; Gosztolai et al., 2025). Spontaneous and task-related cortical activity was 

found to be inherently high-dimensional, with behavioral and sensory information represented 

across orthogonal subspaces (Stringer et al., 2019, 2021).  Still, EEG spectral attractors revealed a low-

dimensional geometric core underlying resting-state brain dynamics, with alpha and aperiodic bands 
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interacting through cross-parameter geometric coupling (Pourdavood and Jacob, 2023). Orthogonal 

coding dimensions in vagal sensory neurons were identified, revealing a combinatorial and 

multidimensional interoceptive architecture (Zhao et al., 2022). In the domain of working memory, 

high-dimensional population codes were shown to arise from reciprocal communication and 

feedback between distributed cortical areas (Voitov and Mrsic-Flogel, 2022). Similarly, a four-

dimensional convolutional recurrent neural network has been able to integrate frequency, spatial and 

temporal information from EEG signals, significantly enhancing emotion recognition (Shen et al., 

2020).  

Overall, these studies underscore the central role of multidimensionality in modelling cognition, 

revealing how complex patterns of neural activity, behaviour and language may arise from dynamic 

interactions within high-dimensional representational spaces. 

We explore here the idea that some brain computations may be more accurately understood as 

operations embedded within higher-dimensional spaces. Specifically, we examine a class of 

topologically based models that simulate synthetic four spatial dimensions using controlled 

oscillatory patterns in two-dimensional lattice-like systems. Inspired by quantum-adjacent constructs 

like topological charge pumps and phase-dependent oscillatory systems, these non-quantum models 

can capture features of higher-dimensional dynamics.  We aim to investigate how higher-

dimensional computational frameworks intersect with established neural mechanisms, pinpoint their 

potential correlates within low-dimensional neural substrates and design experimental approaches 

to test their plausibility as models of cognitive function.   

2. Theoretical Background: Simulating 4D Dynamics in 2D Oscillatory Systems 

We outline here the theoretical pillars to support our suggestion that cognitive processes can be 

embedded in, or benefit from, higher-dimensional computational frameworks.  Traditional 

cognitive and neural models typically operate within three spatial dimensions, occasionally 

extending to include time or abstract “feature spaces” as additional dimensions.  Yet, computational 

neuroscience is increasingly embracing higher-dimensional models to more accurately neural 

population activity, suggesting that the brain may structure information in ways that go beyond 

physical spatial constraints. Understanding cognition within this expanded dimensional framework 

necessitates the integration of perspectives from neuroscience, dynamical systems theory and 

computational modelling.  Although advanced techniques like principal component analysis, 

manifold learning and dynamical systems approaches have uncovered low-dimensional trajectories 

within high-dimensional neural data, these remail just statistical tools designed for analytical 

purposes (Klumpp et al., 2018; Shinn, 2023; O'Dell et al., 2023; Chellini et al., 2024; Hope et al., 2024). 

Our model seeks to bridge high-dimensional structure with physical computation, focusing on 

oscillatory and spatially organized systems as biologically plausible substrates.  

Topological lattices and high-dimensional dynamics in quantum systems. In condensed 

matter physics and photonics, the concept of multidimensional traces arises from the idea that lower-

dimensional physical substrates in 2D or 3D can exhibit physical responses governed by the 

topological properties of a theoretical 4D space.  A prominent example is the topological charge 

pump realized in quantum 2D lattices, where deliberate modulation of oscillatory parameters like 

phase shifts and coupling strengths induces behaviour consistent with that of four-dimensional 

systems (Lohse et al., 2018). These effects are linked to the physics of the two-dimensional quantum 

Hall effect, in which electrons subjected to a strong magnetic field exhibit quantized Hall conductance 

governed by topological invariants known as Chern numbers (Ge et al. 2020; Zhao et al. 2020; Li et 

al. 2023). Theoretical 4D extensions predict that analogous phenomena characterized by a second 

Chern number may generate nonlinear responses like topological pumping and protected edge-state 

propagation (Zilberberg et al., 2018).  These lattices are composed of arrays of nodes, each 

functioning as an oscillatory unit encoding local signals. The interactions among these nodes are 

governed by interference patterns generated by overlapping oscillatory fields.  When two 

orthogonal waves with differing frequencies and wavelengths interact, they form a superlattice, i.e., 
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a periodic structure encoding information across spatial scales.  Overlapping waveforms with 

distinct phase, frequency and direction may produce emergent patterns not explicitly hardwired into 

the system, but arising from constructive and destructive interference. 

Introducing a third wave or modulating the phase of an existing wave across the lattice alters 

the interference patterns and produces curved, helical trajectories extending beyond the native two-

dimensional geometry. These trajectories can be mapped onto higher-dimensional phase spaces, 

effectively simulating synthetic dimensional expansion (Figure 1).  Though true physical 4D space 

remains experimentally inaccessible, these synthetic dimensions enable experimental platforms like 

ultracold atomic systems and photonic lattices to explore higher-dimensional topological physics.  

Dimensionality does not represent an intrinsic property of physical space but rather emerges from 

the interactions among variables such as phase, frequency and spatial configuration across the lattice, 

effectively simulating movement through a higher-dimensional space. 

 

Figure 1. Conceptual illustration of 4D computational trajectories emerging from 2D lattice dynamics. 

Oscillatory activity on a 2D lattice, modulated by orthogonal electric and magnetic fields analogous to those in 

the quantum Hall effect, produces emergent nonlinear trajectories that can be projected onto a synthetic 4D 

computational space, visualized here within a hyper-spherical coordinate system.  For further details, see Lohse 

et al. (2018) and Tozzi et al., (2021). 

Overall, by precisely controlling oscillatory inputs, particularly phase, amplitude and angular 

orientation along orthogonal axes in the 2D array, it becomes possible to generate paths within a four-

dimensional parameter space.  In the sequel, we suggest that these engineered models may provide 

not only a proof of concept for synthetic dimensionality, but also a theoretical bridge to 

understanding how biological neural architectures might exploit similar principles to support high-

dimensional cognitive computation.  

Extending the framework to non-quantum, biological computation.  The topological effects 

described above are not exclusive to quantum systems, as similar phenomena can also emerge in 

classical systems that support wave propagation and structured interference patterns (Price et al., 

2015; Ozawa et al., 2019). By coupling oscillatory parameters across space and phase, these classical 

systems can effectively encode additional synthetic dimensions via edge-state propagation, 

quantized transport or nonlinear transitions (Yuan et al., 2018). For instance, photonic crystals can 

use light waves to simulate topological band structures (Lu et al., 2014), while mechanical 

metamaterials can replicate corner modes through engineered lattice geometries (Huber, 2016). 

Similarly, electric circuit networks have been shown to simulate synthetic dimensions via frequency 

modulation and circuit topology (Imhof et al., 2018).  A particularly illustrative example is offered 

by Wang et al. (2023), who employed resonant pillars with spatially varying coupling to simulate an 
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extra synthetic dimension and achieve topological pumping of elastic surface waves. Their model 

draws an analogy between classical wave dynamics and electron behaviour in magnetic fields, 

demonstrating robust, disorder-resistant propagation which is a hallmark of higher-dimensional 

topological systems.  

The same principles governing synthetic dimensions in physical systems may be conceptually 

extended to model complex information processing in biological neural systems (Tozzi et al., 2021). 

Just as topological systems encode additional dimensions without enlarging physical space, the brain 

may, without added anatomical complexity, achieve higher-dimensional computation through 

rhythmic activity and phase interactions across neural populations. 

In sum, treating neural tissue as a dynamic medium for phase-dependent oscillatory activity 

provides a framework for understanding how synthetic dimensions could emerge within the central 

nervous system. The remainder of this review examines mathematical frameworks, candidate brain 

structures and dynamic mechanisms consistent with higher-dimensional simulation and outlines 

potential experimental approaches for their investigation.   

3. Mathematical Formalism for Synthetic High-Dimensionality  

This section outlines a simplified mathematical framework for our approach to higher-

dimensional neural activity. It focuses on the theoretical configuration of a two-dimensional 

oscillatory system as a substrate for simulating four-dimensional computation.  

Lattice construction and geometric formalism.  Let   denote a two-dimensional 

spatial lattice abstracted as a discrete manifold embedded in a Euclidean plane. The lattice comprises 

nodes indexed by , where 𝑖, 𝑗 = 1,… ,𝑁 and 𝑁 ∈ 𝑵 denotes the number of units along 

each axis. Each node represents a spatial location capable of sustaining oscillatory activity. Define a 

scalar field 𝜓: 𝑍2 × 𝑅 → 𝑅, where 𝜓(𝑖, 𝑗, 𝑡) describes the instantaneous state of the oscillatory unit at 

site (𝑖, 𝑗) and time 𝑡 ∈ 𝑅. 

Continuous spatial embedding can be imposed by associating each index pair (𝑖, 𝑗)  with a 

spatial position vector 𝑥𝑖𝑗 = (𝑥𝑖, 𝑦𝑗) , where 𝑥𝑖 = 𝑖𝛥𝑥 , 𝑦𝑗 = 𝑗𝛥𝑦  and  denote the 

lattice spacing constants along the respective dimensions. This yields a spatially indexed field 𝜓(𝑥, 𝑡) 

over a discretized, regular domain. The topology is flat, with periodic or fixed boundary conditions 

applicable depending on further dynamical considerations. 

This formulation defines the geometric substrate upon which temporal dynamics are 

introduced, enabling analytical treatment of oscillatory field properties across spatial configurations. 

Temporal oscillation and local harmonic dynamics. Each node 𝑥𝑖𝑗 is associated with a 

temporal signal modeled as a harmonic oscillator. Define the local temporal signal 𝜓𝑖𝑗(𝑡) as: 

𝜓𝑖𝑗(𝑡) = 𝐴𝑖𝑗𝑐𝑜𝑠(𝜔𝑖𝑗𝑡 + 𝜙𝑖𝑗), 

where   denotes the amplitude,  the angular frequency and 𝜙𝑖𝑗 ∈ [0,2𝜋)  the 

phase offset. The set {𝜔𝑖𝑗}  and {𝜙𝑖𝑗}  may be constant across the lattice or vary systematically to 

encode gradients, localized perturbations or wavefront propagation. Time t is treated as a continuous 

variable and the oscillators are considered decoupled at this stage, evolving independently. 

In more generalized models, amplitude and frequency may be treated as functions of spatial 

location and time, 𝐴(𝑥, 𝑡) and 𝜔(𝑥, 𝑡), allowing modulation by external inputs or internal feedback 

mechanisms.  

This layer of temporal modeling establishes a field of time-varying signals across the lattice, 

enabling future interaction terms to produce emergent multidimensional patterns. 

Superposition and interference structures. To introduce structured dynamics capable of 

emulating higher-dimensional behavior, oscillatory inputs are modeled as superpositions of multiple 

standing waves across the lattice domain. Consider the aggregate signal at point 𝑥𝑖𝑗 as: 

, 
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where 𝐾 ∈ 𝑁  is the number of wave components, 𝐴𝑘 their amplitudes, 𝜔𝑘  their angular 

frequencies, 𝜙𝑘 phase offsets and   are wave vectors defining propagation direction and 

spatial frequency. Each term represents a planar wave propagating through the lattice, contributing 

to the overall spatiotemporal dynamics of the system. The interference among these components 

yields a superlattice, i.e., a spatially and temporally modulated structure with regions of constructive 

and destructive interference. 

Wave vectors can be orthogonal, aligned or angled depending on the desired interference 

pattern. Particularly, if two or more waves display incommensurate wavelengths or non-parallel 

directions, the resulting interference can form quasi-periodic structures with no translational 

symmetry, mimicking higher-dimensional topologies. 

This formulation provides a flexible mechanism for generating non-quantum, multidimensional 

patterns through the composition of linear oscillatory components. 

Phase modulation as synthetic dimensionality. Synthetic dimensionality is introduced by 

allowing the parameters of wave components to vary in time or as a function of lattice coordinates. 

Specifically, one introduces a pump parameter   which modulates either the phase or 

spatial frequency of the propagating waves. For example, a phase-modulated topological pump may 

be defined as: 

, 

where kk(φ) and ϕk (φ) are smooth functions of the pump parameter. The parameter 𝜑 may 

itself vary slowly with time, e.g., 𝜑(𝑡) = 𝛼𝑡, causing the system to traverse a closed trajectory in its 

parameter space.  This modulation introduces a geometric phase, potentially leading to nonlinear or 

even quantized responses that emerge orthogonally to the direction of modulation.  These pump 

cycles emulate motion through an abstract fourth spatial dimension, with interference patterns 

encoding projection-dependent distortions and dynamic transitions within high-dimensional feature 

space. 

The formalism of phase modulation expands the system’s descriptive space and provides the 

mathematical route to synthetic dimensionality without invoking actual four-dimensional physical 

geometry. 

Geometric characterization via embedding and trajectory analysis. To assess the dimensional 

properties of the evolving field 𝛹(𝑡), one may represent its global configuration as a trajectory in a 

high-dimensional state space. Define a configuration vector at time t as: 

. 

This vector evolves continuously over time and may trace a path . If the temporal 

evolution exhibits low-dimensional structure, this trajectory lies on a manifold   of 

dimension 𝑑 ≪ 𝑁2 . Dimensionality reduction techniques such as principal component analysis 

(PCA) or diffusion maps can be used to characterize the manifold M, yielding eigenvalues 𝜆1,… , 𝜆𝑑 

corresponding to dominant modes of variance. 

Given a covariance matrix , the eigenvalue spectrum 

{𝜆𝑖} quantifies the system’s effective embedding dimensionality. A steep decay 𝜆𝑖 suggests a low-

dimensional manifold, while a flat spectrum implies higher-dimensional complexity. 

This trajectory-based analysis enables rigorous identification of synthetic dimensionality from 

the field’s global evolution. 

Overall, this section has presented a formal mathematical framework for understanding how a 

two-dimensional lattice of oscillatory signals can simulate behavior consistent with four-dimensional 

computational dynamics.  
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4. Neural Correlates of Higher-Dimensional Computation 

If brain dynamics can simulate higher-dimensional computations through phase-based 

oscillatory systems as proposed above, it becomes crucial to identify plausible neurobiological 

substrates embedded within the brain’s inherently low-dimensional physical architecture.  In the 

following paragraphs, we explore a range of empirical and theoretical findings suggesting that core 

aspects of cognition, especially those requiring flexible integration, may unfold within a higher-

dimensional computational space achieved by the coordinated dynamics of neural oscillations. 

Oscillations on a 2D lattice.  Our first requirement is a lattice-like structure within the central 

nervous system capable of supporting oscillations oriented along distinct spatial axes.  The cortex, 

often conceptualized as a folded sheet, may provide a plausible spatial substrate for the propagation 

of these oscillatory waves. This perspective is supported by the occurrence of large-scale 

spatiotemporal cortical patterns like traveling waves, rotating motifs and spatially organized phase 

fields, particularly in sensory and motor areas, where these patterns can span tens of millimetres and 

dynamically reconfigure in response to changing cognitive contexts (Foldes et al., 2021; von Wegner 

et al., 2021; Myrov et al., 2024).  In line with this framework, Clusella et al. (2023) explored how 

complex spatiotemporal oscillations emerge from transverse instabilities in large-scale brain network 

models. Using a system of 90 interconnected regions with structure derived from tractography data, 

the authors identified conditions under which synchronized states lose stability and produce high-

dimensional patterns and traveling waves.  This model may also apply to cerebellar computations 

in line with vector-based null space theory. Specifically, Purkinje cell activity has been shown to 

influence behaviour only when aligned with a potent movement vector, while components 

orthogonal to that direction cancel out through mutual interference (Fakharian et al., 2025). 

Additionally, hippocampal neurons, particularly those in the medial entorhinal cortex, exhibit 

orthogonal spatial organization that supports the integration of spatial navigation and memory 

processes (Sasaki et al., 2015). Together, these findings point to the presence of direction-sensitive 

interactions embedded within distinct types of biological neural lattices.   

Simulating dynamics in higher-dimensional spaces.  A further requirement is that the 

nervous lattice must be capable of representing or simulating dynamics that unfold in higher-

dimensional spaces. We hypothesize that the cortex actively generates or simulates high-dimensional 

computations through mechanisms like phase alignment, phase competition or spatial interference.  

Indeed, a growing body of research advocates that spatial interference patterns in brain oscillations 

may serve as computational mechanisms.  Effenberger et al. (2025) showed that recurrent networks 

composed of harmonic oscillators generating interference patterns significantly outperform non-

oscillatory models in terms of learning efficiency and robustness. This suggests that wave-based 

interference can encode spatial and temporal relationships among stimulus features. Similarly, 

Burgess (2008) developed an oscillatory interference model for grid cells, wherein phase differences 

among velocity-controlled oscillators encode spatial positions through interference, providing a 

potential model of high-dimensional spatial coding.  Esmaeilpour et al. (2021) investigated the use 

of temporal interference as a method for non-invasive deep brain stimulation, demonstrating that 

selective modulation of gamma oscillations can be achieved using amplitude-modulated kilohertz 

electric fields.   

Cross-frequency coupling stands for another compelling mechanism potentially underlying 

synthetic high-dimensionality. Well-documented interactions between frequencies, such as theta-

gamma coupling, support information transfer and flexible signal routing in neural networks (Brooks 

et al., 2020; Rustamov et al., 2022; Ursino and Pirazzini, 2024).  It has been shown that selective 

attention in visual tasks elicits frequency-specific activity across multiple brain regions, with 

interference-like modulation in the alpha and theta bands reflecting underlying cognitive control 

processes (Son et al., 2023). In both the hippocampus and prefrontal cortex, low-frequency oscillations 

(e.g., theta) have been found to modulate the amplitude or phase of higher-frequency rhythms (e.g., 

gamma), shaping temporal coordination across networks (Tamura et al., 2017).  Cross-frequency 

interactions can induce phase shifts in low-frequency rhythms, which in turn modulate the amplitude 
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or timing of higher-frequency components.  Overall, Beste et al. (2023) proposed a theoretical 

framework that systematizes the role of oscillations in cognitive control, arguing that cross-frequency 

interactions could represent multidimensional functional states. This dynamic modulation may 

effectively reposition the nervous activity within a higher-dimensional phase space, where phase-

shifted oscillations govern the routing of neural information flow. 

High-dimensional population coding.  Another key requirement is that the phase space 

trajectories of neural population activity must be capable of encoding more degrees of freedom than 

the physical space in which the system is embedded.  This idea is supported by findings in neural 

population coding which show that large-scale, coordinated cortical activity often cannot be reduced 

to low-dimensional representations without sacrificing essential informational content (Montijn et 

al., 2016; Kristensen et al., 2024; Posani et al., 2024).  Neural trajectories during working memory 

tasks have been shown to traverse low-dimensional, nonlinear attractors interpretable as compressed 

higher-dimensional paths (Singh and Eliasmith 2006; Murray et al. 2016; Cueva et al. 2020).  Klukas 

et al. (2020) developed a model in which grid cells flexibly encoded high-dimensional variables by 

combining low-dimensional modules through mixed modular coding.  Still, Nieh et al. (2021) 

argued that hippocampal representations of physical and abstract learned variables resided within 

low-dimensional manifolds consistent across animals.  Experimental and modelling evidence 

supports the idea that computations are embedded in the geometry of population trajectories, often 

constrained to manifolds of low intrinsic dimensionality despite being embedded in high-

dimensional neural space (Gallego et al. 2017; Jazayeri and Ostojic 2021).  Voitov and Mrsic-Flogel 

(2022) demonstrated that working memory is maintained through high-dimensional representations 

distributed across reciprocally connected cortical areas, supporting the view that cognitive states 

emerge from coordinated, non-local population dynamics rather than from low-dimensional 

trajectories alone.   

Altogether, cognitive operations may emerge from structured patterns of activity evolving along 

low-dimensional manifolds embedded within the brain’s high-dimensional neural space. 

Context-sensitive cognitive processes. Synaptic transitions can be driven solely by phase 

perturbations without requiring changes in synaptic connectivity (Kwag and Paulsen 2009). In line 

with this hypothesis, higher-dimensional signals may be modulated by external inputs or internal 

rhythms, enabling flexible functional shifts without structural rewiring.  Recent experimental 

findings support this perspective, showing that the same neural ensemble can switch between 

distinct functions such as memory recall and error correction through modulation of internal state 

alone (Jazayeri and Ostojic 2021). This flexibility suggests that cortical dynamics may unfold within 

a high-dimensional latent space shaped by contextual phase variables. 

This framework naturally extends to sensory integration across visual, auditory and 

somatosensory cortices, where object features like shape, orientation and motion are encoded 

through population coding and hierarchical processing. In the ventral visual stream, early areas like 

V1 represent basic features while downstream regions such as V4 and IT integrate these into abstract 

representations of object identity (Roth and Rust 2019). This hierarchical feature synthesis mirrors the 

“shape injection” and multistage encoding mechanisms described by our lattice model (Lohse et al. 

2018). 

As neural trajectories evolve within this high-dimensional space, they may encode complex 

information such as geometric transformations or feature conjunctions that exceed the 

representational limits of three-dimensional frameworks.  In neural terms, this reflects the brain’s 

ability to bind multiple sensory features, e.g., shape, orientation and texture, into coherent percepts 

through distributed oscillatory activity (Balta and Akyürek 2024).  The dynamic coordination of 

oscillations across neural regions may thus provide a mechanism for generating higher-dimensional 

representations from simpler components. This could help explain perceptual and cognitive 

phenomena that are difficult to model using conventional low-dimensional approaches. For instance, 

perceptual stability during ambiguous or multistable stimuli, like binocular rivalry, may involve 

transitions across nonlinear manifolds requiring higher-dimensional embedding (Furstenau 2003; 
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Murthy 2018). Similarly, cognitive control signals that adjust task rules or initiate strategy shifts may 

function as modulators of synthetic dimensions, allowing the brain to access new computational 

states without altering structural connectivity. 

Example: A 2D cortical sheet performing 4D phase-space computations. We present a 

theoretical example of how high-dimensional computation might be implemented within the cortical 

milieu at a middle-grained resolution, i.e., beyond the scale of individual neurons but finer than large-

scale brain regions. The anatomical substrate is the cerebral cortex, i.e., a highly folded sheet 

composed of spatially organized neuronal columns. This biological lattice may support traveling 

waves, oscillatory interference patterns and large-scale phase coupling across its surface. 

Mechanistic framework (Figure 2):  

1. First two dimensions: the x–y coordinates of the cortical sheet define a two-dimensional spatial 

domain over which phase-locked oscillations (e.g., alpha or theta traveling waves) propagate. 

2. Third dimension: intrinsic oscillatory phase dynamics like phase-amplitude coupling allow slow 

rhythms (e.g., theta) to modulate the amplitude or timing of faster rhythms (e.g., gamma), 

encoding temporal trajectories of computation. 

3. Fourth dimension: cross-frequency phase relationships across spatially distinct cortical regions 

encode abstract, non-spatial variables such as task rules, contextual signals or memory bindings. 

These relationships evolve dynamically over time, reflecting internal cognitive states. 

 

Figure 2. 2D cortical sheet supporting 4D phase-space computation dynamics at a middle-grained resolution. 

The first two dimensions correspond to the x–y geometry supporting traveling oscillations (e.g., alpha or theta 

waves). The third dimension represents intrinsic phase dynamics, including phase-amplitude coupling where 

slow rhythms modulate faster ones (e.g., theta-gamma interaction). The fourth dimension captures cross-

frequency phase relationships across distant regions, encoding abstract variables like task rules or context. 

Together, these components define a functional 4D phase space (𝑥, 𝑦, 𝑝ℎ𝑎𝑠𝑒1, 𝑝ℎ𝑎𝑠𝑒2)  that enables dynamic 

information binding and routing across large-scale cortical networks. 
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Functional implications: 

Our model navigates a four-dimensional phase space defined by space (𝑥, 𝑦, 𝑝ℎ𝑎𝑠𝑒1, 𝑝ℎ𝑎𝑠𝑒2), 

enabling it to: 

a. Represent multiple overlapping cognitive variables simultaneously. 

b. Bind content across modalities, including memory, attention and perception. 

c. Transition smoothly between distinct representational states without requiring structural 

rewiring. 

d. Extend dynamic computations across large cortical territories, linking distant regions through 

coherent phase relationships. 

This model explains how the cortex can use its spatial architecture and oscillatory dynamics to 

carry out functionally high-dimensional computations within a physically three-dimensional 

structure. 

Taken together, evidence from cortical architecture, oscillatory dynamics, cross-frequency 

coupling and population-level coding converges on a view of the brain as a low-dimensional physical 

substrate supporting high-dimensional computation.  This suggests that the cortex may compute 

not solely through synaptic interactions, but also through wavefronts that dynamically shape the 

geometry of neural activity.  In this framework, the neural code is no longer defined just by static, 

pointwise firing rates, but also by evolving phase trajectories, where information is distributed across 

synthetic dimensions formed by interference patterns.  

5. Comparative Perspectives 

The idea that the brain performs computations within topologically structured, synthetic higher-

dimensional spaces invites comparison with other leading theories of cognition and consciousness. 

This chapter explores how our framework aligns with, or diverges from, classical neural models and 

recent integrative theories. 

Classical and neural network models.  Traditional neural network models, both feedforward 

and recurrent, operate in high-dimensional vector spaces where units update their activations based 

on weighted connections. However, they typically treat spatial structure as incidental or abstract. For 

example, in multilayer perceptrons and convolutional neural networks, spatial information is 

introduced only through input formatting or weight sharing, while internal representations remain 

disconnected from any explicit topological or phase-based geometry (Vakalopoulou et al. 2023; 

Halužan Vasle and Moškon 2024; Lin et al. 2024).  Still, the Hopfield network stores patterns as 

attractor states in an energy landscape. While it can retrieve stored patterns from partial inputs 

through deterministic convergence, it lacks spatial and temporal structure beyond its static 

connectivity matrix, not reflecting the rhythmic or context-sensitive dynamics of the cortical activity 

(Alonso and Krichmar 2024; Wang and Wyble 2024). Similarly, reservoir computing and echo state 

networks introduce temporal processing through recurrent feedback, but they abstract away from 

the biophysical mechanisms of spatial signal propagation observed in the brain (Lymburn et al. 2019; 

Tanaka et al. 2019; Aceituno et al. 2020). Although these architectures have powered major advances 

in learning, classification and memory retrieval, they fall short in modeling the fine-grained temporal 

dynamics, the phase alignment across brain regions and the flexibility of neural representations 

under changing task demands.  

In contrast, our model treats space, time and phase as core computational substrates. Rather than 

relying solely on static connections, it employs structured oscillatory systems in which units or 

regions interact through phase-coupled dynamics. This allows for the simulation of higher-

dimensional computation without altering the underlying anatomical wiring. The same substrate can 

support multiple, context-sensitive computational states, unlike classical networks that must 

reconfigure weights or activate separate modules to switch tasks.  

Our model differs from both classical vector-based systems and static neural graphs. It evolves 

through dynamic wave interactions, producing emergent behaviors that are computationally 
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powerful yet energetically efficient. Compared to quantum computing frameworks, which also aim 

to expand representational capacity through multidimensional spaces, our model is entirely non-

quantum. It avoids the theoretical fragility and hardware challenges associated with quantum 

coherence and entanglement, making it more biologically grounded and practically viable without 

relying on speculative mechanisms. 

In summary, while classical and artificial neural networks excel in constrained tasks, our 

framework provides an alternative to capture the flexibility of neural computation without increasing 

anatomical complexity or relying on arbitrary modularization. 

Integrated Information Theory (IIT) and Global Workspace Theory (GWT).  Our model 

shares conceptual ground with both IIT and GNWT, yet it also offers key distinctions.  IIT proposes 

that consciousness arises from the generation of highly integrated and differentiated information 

quantified by the measure of information Φ (Mallatt et al., 2021; Mediano et al., 2022).  IIT 

conceptually aligns with our framework in several ways. The emergent behaviour of a 2D oscillatory 

lattice simulating 4D dynamics suggests non-trivial integration that may support high Φ values.  

Moreover, our modulation of phase relationships across distributed nodes grants a plausible physical 

substrate for the unified, irreducible informational structures described by IIT. 

GNWT views consciousness as the result of information becoming globally available through a 

workspace that broadcasts selected content across the brain, involving coordinated activity among 

distant cortical and subcortical regions, often synchronized by oscillatory dynamics (Mashour et al., 

2020; Farisco and Changeux, 2023).  Our model complements GNWT by proposing phase 

modulation as a gating mechanism that regulates access to global information flow and by capturing 

nonlinear transitions where local signals become globally distributed. Additionally, our synthetic 

dimensionality provides a flexible computational scaffold for integrating and routing the diverse 

information streams described by GNWT.  

Recent groundbreaking findings by Ferrante et al. (2025) provide empirical support for our 

multidimensional framework while challenging core assumptions of both IIT and GNWT. Notably, 

the absence of sustained posterior synchronization and the limited evidence for prefrontal “ignition” 

contradict central predictions of both models. Instead, Ferrante et al. demonstrate that the conscious 

content does not arise from fixed anatomical hubs, but rather emerges from distributed, temporally 

coordinated activity across cortical regions. Specifically, content-specific synchronization is reported 

between early visual and frontal areas along with duration-sensitive responses in the occipital and 

lateral temporal cortices, supporting the view of consciousness as a process unfolding across neural 

manifolds within a high-dimensional computational space. 

These observations suggest that conscious access may depend more on functional topologies 

and dynamic state transitions than on static integration or global broadcasting.  This interpretation 

supports our view that consciousness arises from phase-aligned, population-level geometries that 

enable high-dimensional operations within a physically low-dimensional neural substrate. 

In sum, rather than replacing existing cognitive theories, our model may function as a 

complementary computational infrastructure underlying them. It provides a biophysically plausible 

mechanism for generating high-dimensional states, a means of reconciling local processing with 

global integration through phase-driven lattice dynamics and an explanation for how content-specific 

operations can emerge from oscillatory interference.  

6. Bridging Theory and Data: Experimental Predictions and Opportunities 

Our theoretical framework suggests specific, testable predictions about brain function. These 

predictions span electrophysiological, behavioral and computational domains and can be evaluated 

using currently available experimental techniques. 

Signatures of higher-dimensional embedding in brain dynamics. A central prediction is that 

specific patterns of brain activity, particularly those elicited during complex perceptual or cognitive 

tasks, will display signatures indicative of nonlinear dynamics in higher-dimensional state spaces. 

These signatures may include curved or twisted trajectories in reconstructed phase space that cannot 
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be fully explained by conventional three-dimensional projections, as well as abrupt transitions 

between attractor states during processes like perceptual switching, decision-making or memory 

retrieval.  The emergence of closed manifolds, topological loops or toroidal structures in neural 

population dynamics would further suggest that cognitive processes are embedded in high-

dimensional topologies. 

Testing these predictions requires analytical approaches capable of capturing both the geometric 

configuration and topological structure of neural activity patterns. Dimensionality reduction 

techniques such as Principal Component Analysis, t-distributed Stochastic Neighbor Embedding and 

Uniform Manifold Approximation and Projection provide powerful tools for extracting low-

dimensional trajectories from high-dimensional neural datasets (Carracedo-Reboredo et al., 2021; 

Parmar et al., 2021; Zhan et al., 2022; Alalayah et al., 2023; Dogra et al., 2023; Mitchell-Heggs et al., 

2023; Zhu and Wang, 2024). These methods facilitate the visualization of how large neural 

populations co-evolve over time, revealing features such as attractor-like dynamics, task-dependent 

manifolds and transitions between cognitive states.  However, while these approaches effectively 

capture geometric relationships inside the data, they may overlook deeper topological features, like 

loops, voids or branching structures, that potentially represent functionally relevant relationships.   

Among these, persistent homology is particularly powerful, as it enables the quantification of 

cycles, holes and voids within neural activity space across multiple spatial and temporal scales. These 

topological invariants stand for robust, scale-independent descriptors serving as stable markers of 

specific cognitive states or transitions.  Empirical testing of our theoretical predictions can be also 

pursued by constructing state-space reconstructions from multichannel neural recordings, including 

electroencephalography, magnetoencephalography and functional magnetic resonance imaging. By 

embedding time-series data into higher-dimensional representations, researchers can reconstruct the 

trajectory of brain states as they evolve in time, possibly uncovering non-Euclidean geometries 

indicative of underlying cognitive processes. 

Still, these analyses can be enriched through the application of graph-theoretic metrics and 

dynamic models of functional connectivity to assess how the coordination between brain regions 

changes over time. Also, perturbation-based techniques like controlled modulation of phase or 

amplitude in specific frequency bands may allow for causal testing of how brain networks 

reconfigure in response to targeted disruptions.  

Phase modulation treated as a control variable.  If the brain leverages oscillatory phase 

relationships to produce transitions across higher-dimensional cognitive spaces, then externally 

modulating these phase dynamics could provide a direct means of influencing cognitive states. Phase 

may not be merely a byproduct of neural activity but may function as an active control variable 

capable of gating information flow, reorganizing network topology and shifting the system between 

functional regimes. 

One promising avenue for testing this hypothesis involves transcranial alternating current 

stimulation, which can entrain neural oscillations at specific frequency bands. By targeting phase 

relationships rather than simply amplitude, researchers could investigate how deliberate shifts in 

phase alignment across cortical regions alter cognitive outcomes. We predict that phase-

synchronized stimulation in theta or alpha bands might enhance memory encoding or attentional 

control, while desynchronization could impair task performance or induce perceptual ambiguity.   

Additionally, closed-loop neurostimulation provides a powerful method for testing the role of 

phase dynamics in real time. By continuously monitoring ongoing neural activity and adaptively 

adjusting stimulation parameters to modulate features such as theta-gamma coupling or cross-

frequency phase coherence, researchers could probe the causal relationships between phase 

interactions and behaviour. These interventions could be timed to coincide with critical cognitive 

events like decision boundaries, perceptual transitions or moments of memory retrieval, thereby 

enabling direct investigation of how dynamic phase relationships shape cognitive processing.  

Behaviorally, these manipulations could be expected to influence a range of phenomena, from 

bistable perception to reaction times and error rates in decision-making tasks.  
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Efficiency through dimensional compression. Our framework predicts that high-dimensional 

representations may allow the brain to encode richer information content without increasing its 

anatomical footprint. By leveraging higher-order oscillatory dynamics, the brain could compress 

complex cognitive content into compact, efficient codes. This implies that localized cortical regions, 

rather than expanding in size or recruiting additional neurons, can represent a greater number of 

features, categories or task-relevant variables within fixed anatomical constraints.   

Specifically, cortical areas exhibiting complex phase relationships or elevated cross-frequency 

coupling (CFC) are predicted to have enhanced encoding capacity. A small cortical patch with strong 

theta-gamma coupling, for example, may simultaneously represent multiple stimulus dimensions, 

categories or decision variables. We suggest that the temporal structuring provided by nested 

oscillations might allow overlapping representations to coexist with minimal interference. 

Furthermore, under conditions that promote phase synchrony across distributed regions, neural 

systems might achieve more coherent and efficient information integration, supporting improved 

classification accuracy and faster task performance.  

These predictions can be tested using high-resolution neural data and decoding analyses. High-

density EEG and electrocorticography provide the temporal and spatial granularity needed to assess 

how information encoding varies with phase complexity (Vakani and Nair 2019; Li et al. 2022; 

Castelnovo et al. 2022; Branco et al. 2023; Meiser et al. 2024). Researchers could compare multifeature 

classification accuracy under different oscillatory regimes or examine how variations in CFC relate 

to representational dimensionality. Task-based fMRI could further assess how the informational 

richness of cortical activity changes with increasing task complexity and phase coordination. 

Oscillatory correlates of cognitive transitions.  Our multidimensional framework predicts that 

transitions between cognitive states like perceptual shifts, working memory updates or task-

switching, are driven by rapid nonlinear reorganization of oscillatory phase relationships across 

neural networks (Fingelkurts and Fingelkurts, 2022). Coordinated phase realignments may reflect 

topological reconfigurations within a high-dimensional cognitive space where functional 

connectivity is temporarily reshaped. 

These phenomena can be empirically investigated using magnetoencephalography and other 

time-resolved neural recording techniques.  For instance, time-frequency analyses during bistable 

perception tasks such as ambiguous figure interpretation might reveal the timing and frequency-

specific shifts associated with perceptual transitions. Similarly, tasks involving attentional reorienting 

or rule switching could be used to assess cross-regional phase-locking patterns, examining how 

distant cortical areas temporarily align during moments of cognitive reconfiguration.  Sudden 

redirection or bifurcation in neural activity’s trajectories would support our model’s prediction that 

cognitive transitions are governed by topological realignment rather than local, incremental changes.  

In summary, our framework may provide an empirically accessible bridge between abstract 

higher-dimensional computation and measurable neural dynamics. The use of topological, 

oscillatory and phase-based mechanisms opens a range of possibilities for experimental neuroscience 

to test whether the brain truly simulates aspects of 4D computation. 

7. Conclusions 

We explored a model in which a 4D computation is simulated through oscillatory dynamics 

distributed across 2D neural substrates.  This approach aligns with the concept of synthetic 

dimensions in physics, where systems confined to lower-dimensional structures exhibit emergent 

higher-dimensional behaviour via interference and temporal coordination. Drawing inspiration from 

topological charge pumps and phase-modulated lattice systems in physics, we examined how 

comparable mechanisms might be implemented in the neural tissue.   By aligning the behaviour of 

these synthetic systems with established neurophysiological features like cortical oscillations and 

cross-frequency coupling, we suggest that aspects of cognition may unfold within topologically rich 

spaces extending beyond conventional 3D interpretations.  In contrast to models focusing solely on 

connectivity, our framework emphasizes spatial interference and phase geometry as functional 
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dimensions of neural computation.  Further, our model introduces specific candidate mechanisms, 

namely, phase-modulated lattice dynamics. In this view, the neural code cannot be fully captured by 

spike trains or static firing rate distributions alone; instead, it must be interpreted through geometric 

and dynamical descriptors such as curvature and rotation number.  In both quantum and classical 

systems, it is topological invariance, rather than quantumness, that underlies these effects without 

requiring increases in the system’s physical dimensionality. 

From an experimental perspective, several testable hypotheses emerge: a) cross-frequency phase 

modulation enables higher-dimensional embedding of neural states; b) cortical regions exhibit 

attractor transitions consistent with 4D topologies; c) phase-structured stimuli can modulate 

perceptual outcomes by exploiting synthetic dimensionality.  

Our model carries several limitations.  First, it has yet to be validated by direct experimental 

evidence. No known cortical system has been shown to explicitly simulate a fourth spatial dimension 

and the interpretation of phase modulation as a proxy for higher-dimensional projection remains 

speculative. Our framework is inherently abstract: although it proposes plausible neural correlates, 

it does not yet provide a fully quantitative model amenable to detailed simulation or accurate 

neurophysiological testing.  Moreover, the model’s reliance on oscillatory interference as a primary 

mechanism may oversimplify the assortment of neuronal dynamics that embraces complex interplay 

between excitatory and inhibitory populations, neuromodulatory influences and stochastic 

fluctuations. While phase relationships can modulate computation, many other factors must be taken 

into account, including synaptic plasticity, firing variability and network heterogeneity.  

Furthermore, our framework draws on topological constructs such as synthetic manifolds, phase 

curvature and multidimensional trajectories that are challenging to measure in empirical neural data. 

Current recording and analysis techniques may lack the spatial or temporal resolution necessary to 

fully resolve these issues, raising questions about the tractability of experimental validation. Finally, 

our model does not provide explicit predictions about learning, development or adaptation, nor does 

it incorporate task-dependent plasticity or long-range developmental constraints. As such, our 

approach should be seen as a hypothesis-generating framework rather than a fully realized 

computational model. 

Despite these limitations, our framework provides ground for generating novel hypotheses and 

guiding new lines of investigation. One promising avenue lies in cognitive modeling, particularly in 

domains involving complex integration over time and space like perception, multisensory 

integration, working memory and episodic encoding.  By incorporating phase-based dynamics and 

high-dimensional representations, our approach may provide new explanatory tools for 

understanding how the brain flexibly binds information across modalities and contexts.  Still, our 

model has potential implications for neuromorphic computing, where brain-inspired physical 

architectures could benefit from phase-based logic, spatial interference and synthetic dimensionality.  

Artificial systems might exploit dynamic phase relations to reconfigure computational states without 

requiring structural rewiring, mirroring the flexibility observed in biological systems.  Moreover, 

our framework resonates with developments in artificial intelligence, particularly in deep learning 

and manifold learning, where models routinely operate in high-dimensional spaces to encode 

complex patterns and support generalization. Drawing parallels between cortical dynamics and 

machine learning architectures could lead to cross-fertilization between neuroscience and AI, 

inspiring biologically informed evaluation metrics.  Overall, our framework invites dialogue with 

theoretical physics, dynamical systems theory, AI and topological data analysis, opening an 

interdisciplinary path toward a more integrated research agenda. 

In addressing the central question, i.e., whether cognition might exploit topological structures 

to simulate higher-dimensional computation, we conclude that our model is both theoretically 

plausible and biologically grounded.  Our main contribution lies in the model’s capacity to 

reinterpret cortical oscillations not merely as signals but as the medium through which 

multidimensional information processing occurs.  As a final remark, we emphasize that our model 

does not require the brain to literally exist or operate in four spatial dimensions. Rather, through 
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phase relationships and dynamic interference across a 2D cortical substrate, the brain may behave as 

if it were computing in a higher-dimensional space. This reframing of computation invites researchers 

to look beyond anatomical complexity toward emergent spatial and topological dynamics. 
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