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Abstract

Perception and consciousness can be reformulated as intrinsic properties of resonant dy-
namics in recurrent neural cirenits. Despite extensive empirical characterization of cortical
activity, existing models lack a principled mechanism explaining how temporally structured
sensory inputs give rise to stable and reproducible perceptual states. Here, 1 introduce Res-
onance of Closed Neural Network Geometries (RCNN(G), a theoretical framework in which
the physical properties of sensory inputs induce the formation of physically instantiated
closed neural geometries whose resonance profiles reflect the temporal-spectral structure of
the input. These closed geometries arise from resonant patterns of the frequency spectrum
in the repeating network, but the perceptual similarity does not depend on the geometric
or topological similarity of the physical structures themselves. Instead, perceptual equiv-
alence emerges when distinet physical geometries map to identical resonant identities in a
higher-dimensional resonance state space constituting an intrinsic property of the resonant
closed graph and its mapping into a perceptual state space. Dynamical systems analysis
and simulations of adaptive recurrent networks show that repeated or eoherent stimuli drive
the system toward stable resonant attractors characterized by closed cyele dynamics encod-
ing perceptual invariants such as color, shape, and multimodal conjunctions. Within this
framework, perception corresponds to the resonance of the closed geometry generated by the
input, whereas consciousness arises from the simultanecous or sequential resonance of multiple
linked or unlinked closed geometries across the network as a whole. This global resonance
process gives rise to an intrinsic phenomenological property termed innergence, which char-
acterizes the first-person experiential aspect of resonant state space identities. RCNNG thus
distingnishes between the physical formation of closed neural geometries and their resonant
identities, providing a unified account of perceptual stability, memory recall, reactivation of
sensory experiences, and the emergence of conscious experience.

Keywords:

Resonant closed geomelries; Neural networks; Nonlinear dynamics; Attractors; Perceplion; Con-
sciousness; Phenomenological emergence; Persistent homology; Adaplive resonance

1 Introduction

Understanding how the brain translorms temporally struclured sensory inpuls inlo stable per-
ceplual and conscious stabes remains one of Lhe central open problems in neuroscience. Fmpirical
work has characlerized large-scale cortical dynamics, oscillatory coupling, and recurrent circuit
motifs [11, 12], yel existing computational [rameworks do not provide a principled mechanism
explaining how transient signals give rise Lo reproducible perceplual invariants and lirst-person
phenomenology. Current maodels, including predictive coding [13], attractor networks [8], and
global workspace architectures [14], capture important aspects of neural computation but do
not specily how distinel neural activily pallerns can instantiate the same percepiual experience
or how perceplual stability emerges [rom high-dimensional recurrent dynamics. Adwvances in
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nonlinear dynamics [2] and computational neuroscience [7] provide powerlul tools for analyzing
emergent properties ol complex systems, bul none have yvel lormalized a direct link belween res-
onani closed geomelries and subjeclive phenomenology. This gap molivates the presenlt work,
which introduces Lthe novel concepl of innergence as a candidale mechanism bridging physical
resonance and [irst-person experience. Al the nelwork level, we hypolthesize thal repeated inputs
ol a specilic [requency increase the number of closed geomelries tuned (Lo thal signal, while syn-
chronous inpuls induece linking between resonant geomelries within recurrent cirenits. Moreover,
simultaneous and repealed stimulation strenglhens these links over lime. These predictions are
evaluated through large-scale simulations and [requency-domain analysis, providing a dynami-
cal [oundation [or understanding how stable perceplual states and associalive relalionships may
emerge [rom recurrent neural structure.

2 Physical Properties and the Basis of Emergence

Physical systems can be characterized by the inflormaiion required Lo specily their conliguration.
Consider a sel ol i physical objects Lthat are sulliciently distanl [rom one another such thal no
interactions occur. In this case, the tolal conliguration information ol the sysiem is simply Lhe
sum of the information required Lo specily each object independently:

An external observer measuring Lhis system receives independent signals [rom each objecl, and
the recorded properties correspond directly to the properties ol the individual components.
Now consider the same n objects brought into a siate of interaciion. The presence of inleraction
lields, such as gravilalional, eleclromagnetic, or olher physical couplings, modilies both Lthe
objecls Lhemselves and Lhe space belween them. As a resull, the conliguration information of
the interacling system is no longer reducible to the sum ol its partls:

T
ot # 3 Ii
i=1
Instead, the total information includes additional lerms arising [rom Lhe interaction lield and
the mutual influence among Lthe objects:

Ligtal = Z I'es + Tinteraction

i=1
where:
+ Ipey is Delormed conliguration information of the each system.
This phenomenon illustrates the classical nolion ol emergence:

a collection of inleracting objecls exhibils properties nol presend in the same olbjecls
when considered independently.

This principle highlighis how collective inleraciions can generate novel sysiem-level properties.
However, it should not be taken as Lthe physical [oundation for perceplion and consciousness in
RONNG. From our perspective, Lhe physical basis lies in the dynamics ol inlormation transler
across neural groups, where the oceurrence (or absence) of specific physical behavior in differ-
eni. regions of the transmission chain delermines whether perceplual or conscious phenomena
are generaled or nol. From the perspective of WONNG, this specilic physical behavior is an
intensilication ol the closed geometries thal are [ormed in the neural network.



3 Physical configurations of neural signaling and the emergence
of perception

Sensory signals propagaie Lthrough neurons according to the physical conliguration of their con-
nections. Three basic conligurations can be identilied: chain, iree, and nelwork. In a chain con-
liguration, signals propagale sequentially [rom one neuron Lo the next. Although this siructure
enables rellexive responses Lo environmental changes, il cannol supporl perceplual experience.
Perceplion is not localized in the sensory receplor. Fxperimental observalions, including the
absence of perception during deep sleep despile intaci peripheral signaling, conlirm that linear
transmission alone eannol produce subjective experience [11]. Moreover, perception does not
occur along the transmission path itsell; otherwise, perceplual phenomena such as pain would be
experienced conlinuously throughoul the chain, In a tree conliguration, branching increases Lthe
complexity of signal propagaiion, vel the structure remains locally unilorm. No specilic region
possesses Lhe unique dypamical conditions required lor perceplual emergence. Thus, neither
linear nor branching architectures provide the physical subsirate [or perceplion. Perceplion re-
quires a network conliguration capable of forming Closed Recurrent Geometries (CRGs). When
sensory inpuls enter such a nelwork, they induce recurrent activation loops whose resonance
proliles rellect the temporal spectral structure of the input. These closed geomelries can be
re-acltivated when similar inputs reoceur, producing stable resonant states. This intensification
constilutes the physical basis ol perception, and the simulianeous or sequential intensilication
ol multiple closed geomelries across the nelwork gives rise Lo conscious experience |7, 8]

3.1 Local Signal Interpretation and the Necessity of Resonance

Although sensory signals propagate [rom neuron bo neuron, Lhis propagation does not itsell con-
stitule perceplion or interpretation. Il interpretation oceurred unilormly along the transmission
chain, perceplual phenomena such as pain or sound would be experienced continuously along Lthe
entire pathway, which contradiels empirical observations [11]. Therefore, interpretation must
arise al specilic localions within the nelwork where the transmitied signal induces a reciprocal,
periodic, and sell-reinforcing interaciion among the elemenis of a neural group. These condi-
Lions correspond precisely Lo the lormation of a Closed Resonant Geomelry (CRG). Only when
Lthe incoming signal produces a siable, eyclie, and mulvally reinforcing paitern within a sub-
sel ol neural groups does a localized inlerpretive evenl occur. In this [ramework, perceplion
emerges nol from linear signal llow bul [rom the onsel of resonance within CRGs, where Lthe
signal becomes geomelrically encoded and ampliflied. Resonance is the only physical mechanism
capable of producing the stable, place-specilic interpretive phenomenon required for perceplual
experience.

4 Address-Free Storage and Resonant Retrieval

Informalion in physical systems is Lypically stored through mappings of changes in malerial
components  such as magnelic dipoles, surface elevations, or optlical pils and retrieved by
accessing Ltheir spatial locations. Such mechanisms require explicil addressing, indexing, and
posilional stability. However, Lhe brain cannot rely on spatial addressing [or several reasons:

o No siable address map exisis. Neuroplasticily conlinuously alters synaplic connections,
dendritie branching, and neuronal contributions Lo stored information.

o Neuwrons lack siluational awareness. There is no mechanism by which neurons or groups
of neurons are aware ol their relalive spatial coordinates in relation Lo other neurons or
the overall [ramework of the brain.



« Distributed storage prevents localization. Data related to a single concepl are distributed
across multiple regions, making positional reirieval inleasible.

» Addressing leads Lo infinite regress. Any system that stores addresses must itsell store Lhe
addresses of those addresses, producing a non-terminating chain.

» Address-based reirieval cannol explain perceplion. Ewven il positional slorage were possi-
ble, it would not explain how data is relrieved, inlerpreled, and translormed into mental
experiences such as color, sound, Laste, or pain.

RONNG addresses these challenges by proposing thai information in a neural neiwork is noi
stored in specilic, addressable locatlions bul rather in the structure of closed, recurrent geomelries
and graphs [ormed by signal inpuls and resonant events. Such information is relrieved by re-
amplilying these geomelries with inpui signals [rom environmenial sensors or wilth internal
signals of ithe nelwork, whose physical properties maich those of the original inputs. When an
inpul induces a closed geomelry, its resonant proflile becomes Lhe intrinsic signature of Lthe stored
information. Retrieval therelore oceurs not through positional access bul through resonant
reactivation: when a similar inpul enters the network, the corresponding closed geomelry is
amplilied, producing perceplual recall. Thus, non-addressable memory is grounded in geometry
and accessed via resonance, providing a physics-based mechanism [or storage, recall, and mental
experience [9].

5 RCNNG Network Architecture

Consider a nelwork as a connected graph of n nodes, each capable ol [orming, strenglhening,
or pruning connections through internal mechanisms of nodes. Fach node possesses multiple
polential outpul pathways whose activation depends on the physical properties of incoming sig-
nals. In neural networks, neurolbransmilier-mediated gating delermines which subsel of oulputs
becomes aclive lor a given input, enabling [requency-specilic propagalion of signals through the
nelwork. When a temporally structured wave, such as a sinusoidal sensory signal, enters Lhe
nelwork, it propagates through pathways whose galing properiies match the speciral charac-
teristics of the inpul. Owver repeated stimulation, branching and synaplic modilication create
recurrent. pathways Lhat allow the signal Lo relurn Lo its origin. Inlerlerence belween incoming
and returning waves produces standing wave pallerns, giving rise Lo closed neural geomelries.
These geomeiries are physical instaniiations ol recurrent loops whose resonance proliles are de-
termined by the temporal speciral structure of the inpul. Closed geomelries are nol unigue:
any Lopology whose resonant properties match the input signal will be activaled. Thus, the
nelwork naturally [orms muliiple resonant structures corresponding Lo the same sensory inpui,
providing redundancy and robustness [7].

6 Formation and Resonance of Closed Neural Geometries

Closed geomelries emerge when recurrent pathways allow signals o circulate and interlere con-
structively. Resonance oceurs when the [requency of Lthe incoming signal maiches the natural
resonant [requency ol Lhe closed geomelry. This resonance amplilies activily within the loop, sta-
bilizing its dynamics and producing a distinel resonant identity in the nelwork’s high-dimensional
slate space. Repeated exposure Lo the same inpul sirengithens the geomelry through synaplic
modilication, increasing its likelihood of reactivation. Distinel geomelries may lorm simuliane-
ously across the nelwork, and repeated co-aclivalion promotes Lhe [ormation ol links between
them. These links may be unidirectional or bidirectional, depending on the branching dynamics
and synaptic plasticity. Linked geomeiries enable cross-activation: intensilication of one geom-
elry inereases Lhe probability ol inlensilying others, even in the absence of external stimulation



(Pacemaker neurons). This mechanism explainsg associalive recall, such as the evocation of a
memory or sensory experience by a related or unrelated cue [8].

7 Perception and Consciousness as Resonant Phenomena

Within RUNNG, perceplion corresponds Lo the resonance of closed geometries [ormed by sensory
inpuis. For example, the perception of red arises from the resonance ol geometries whose natural
[requencies mateh the speciral properties of red eleclromagnetic wave. Resonance ilsell consti-
tules the perceplual experience; no additional interpretive mechanism is required. Consciousness
emerges [rom Lthe simulianeous or sequeniial resonance of muliiple closed geomeiries  linked or
unlinked  across the network. Al any moment, the set ol geomeiries undergoing intensilication
delines the instantaneous conscious stale. This [ramework explains the unity ol consciousness,
the integration of mullimodal experiences, and Lthe dynamic low of subjective awareness. Neu-
rons may participate in many geomelries simultaneously. Il a geomeiry is not reaclivated lor
exiended periods, synaplic reorganization weakens its siructure, eventually causing ils collapse
and the loss of the associated information [2].

7.1 Distinguishing Perception from Memory Recall

Although the resonance of a CRG corresponding Lo an incoming sensory signal produces percep-
Lion, perceplion alone does not imply [amiliarily or memory recall. A percepl becomes "[amil-
iar” only when Lthe resonant geomelry ol ihe eurrent signal is structurally linked Lo olher CIGs
representing past experiences such as localion, lime, individuals, or conlextual evenls. When
the CRG of the current signal resonates, these linked geomelries may also resonale, producing a
composile aclivation patiern that corresponds Lo the subjective experience ol [amiliarily or prior
exposure. Thus, pereeplion is the resonance of the signal’s own geomelry, whereas memory recall
requires Lhe eo-resonance of addilional geomelries associaled with past conlextual information.
This distinction explains why some percepts [eel entirely new despite being clearly perceived,
while olhers evoke a sirong sense of having been previously encountered.

8 Innergence: The Subjective Property of Resonant (Geometries

Physical observation usually involves an external observer delecting changes in an observed
object through lield interactions. The resulting measuremenis correspond Lo objeclive properties.
In conbrasi, perceplion and awareness do nol arise [rom external observalion, bul rather [rom
the resonance ol closed geometries that are themselves the observer and perceiver [2, 8], RONNG
introduces the novel lerm innergence, coined by the author, to denole the intrinsic lirst-person
phenomenological properly that arises [rom the resonance of closed neural geomeliries. In this
[ramework, innergence corresponds Lo Lhe resonant stale ol a closed geomelry induced by an
inpul-driven change; the geomelry’s resonant prolile constitules the intrinsic signature of Lhe
stored information. The resonani closed geomeiry [unctions simulianeously as observer and
perceiver  no exlernal observer is involved. When a closed geometry intensifies, the geometry
as a unilied physical entlily undergoes a stale change Lthal constitules a subjective phenomenon.
Individual neurons do not perceive; perceplion emerges only al the level ol the resonant geometry
as a whole, which, being boih observer and observed, generates the intrinsic experiential property

[7].

9 Operational Principles of RCNNG

o Nelwork: The sysiem consists of n nodes [orming a non-lragmenting graph.



» Adaptlive branching: Nodes dynamically create or modily connections through neuroplastic
mechanisms.

» Signal-dependent branching: Branching probabilily depends joinlly on intrinsic neuronal
[aciors and the physical properties ol incoming signals.

» Irequency-specilic gating: Neuwrotransmiiler-medialed gating opens only those oulpul
pathways whose physical dependencies match the inpul signal.

»« Formalion ol closed geomelries: Recurrent propagalion ol signals produces closed loops
whose resonance profiles rellect the temporal speciral struclture of the input.

» Topology-based storage: Inlormalion is stored in the conliguralion structure of lopologies
and network graphs (closed geometries with Lthe same resonance specirum store similar
information).

» Nesonant retrieval: Memory recall occurs Lhrough reaclivalion ol geomelries whose nalural
[requencies malch the incoming signal.

» Perceplion as resonance: Perceplual experience corresponds Lo Lthe intensilication of closed
geomelries,

» Linking through coaclivation: Simultaneous or sequential resonant geomelries form synap-
Lic conneclions with each other.

o Direclional connectivity: Links may be unidirectional or bidireciional depending on branch-
ing dynamics.

o Cross-activation: Intensification ol one geomeiry increases the likelihood of aclivaling
linked peomelries.

o Consciousness as global resonance: Momeniary consciousness corresponds lo the sel of
geomelries resonaling across Lhe nelwork al a given Lime.

o Geomelry collapse and forgeiting: Lack of reactivation weakens synaplic siructure, leading
io collapse of geomelries and loss ol siored inflormaiion.

10 Mathematical Framework of RCNNG

In Lhis seclion, we formalize the dynamical and topological structure of the RCNNG model. The
zoal is Lo provide a rigorous mathemaiical basis [or the emergence ol closed resonant geomeliries
(CRGs) and their inlerpretation as perceplual slates.

10.1 State Space and Network Dynamics

We consider a recurrent neural system evolving on the Euclidean space

X =R"

where z(L) = (z1(t),...,xa(l)) € A denotes the neural activity vector at time L. The synaptic
archileclure is represented by a time-dependent weight matrix

W(t) = (uy(L)) € R™™",

where w;;(1) denotes the strength of the directed connection [rom neuron j to neuron i. Each
neuron applies a smooth, bounded, sigmoidal activation [unclion

¢(x) = tanh(ax),

i}



wilh derivative
¢'(z) = a1 — tanh?*(ax)),

consistent with standard models of nonlinear neural dynamies |7, 2]. External stimulation
is modeled as a periodic lorcing term

I(t) = Asin(2x finl + ),
with amplitude A, input [requency fi,, and phase . The [ull network dynamics are given by
#(t) = Flz(t),t) := —x(t) + W(t)(z(L)) + I(1).

The decay term —z(f) models passive relaxation, the recurrent term W(t)@(x (L)) captures non-
linear leedback, and I(f) introduces [requency-specilic driving,

10.2 Definitions and Assumptions

break 12ptl12pl
break

Definition 1 (Equilibrium) I'n the absence of exlernal forcing (I1(1) =0), a poinl * € R™ is
ant equilibrium if

F(z*) = 0.

Definition 2 (Limit Cycle) A limit cycle is a closed trajectory (1) salisfying

(L +T) = (1)

Jor some minimal period T = 0, and allvacling oll lrajeclories in o neighborhood.

Definition 3 (Closed Neural Geometry) A closed neural geomelry is defined as a slable
lirnil cyele
¥(t) cR"

generaled by periodic stimudalion. In RONNG, such geomelries correspond lo resonanl closed
gruphs formed by recurrend propagalion of signals.

Definition 4 (Invariant Manifold) A sel M C R" is invariant if

zH0)eM = z(l)eM foralll.

Assumption 1 (Compact Flow) Due lo the saluralion of ¢ and the decay lerm —x(l), lra-
jeclories remain in o compact subsel C C R®:

z(t) €C  for all L.

Assumption 2 (Periodic Forcing) The inpul I() is periodic with period T = 1/ fi.

T



10.3 Linear Stability Analysis

Let % be an equilibrinm satisfying =¥ = We(z"). Define the perturbation u(f) by =(I) =
z* + u(l). Expanding ¢ to first order yields
u(l) =2 —u(l) + WDu(t),
where
D = diag(¢'(z7), ..., 4" (z3)).
The Jacobian of the vector field I al x is
aor
J=—
0L |y e 14w,

Let o(.J) denote the spectrum of .J:

o(J) = {Aa,- o5 An)-

The equilibrium is linearly stable il
R(M) <0 Vi,

and unstable if
F:R(A;) =00

This criterion is standard in nonlinear dynamical systems [2].

10.4 Hopfi-type Bifurcation and Emergence of Closed Geometries

Let g be a bilurcation parameter (e.g. stimulation amplitude or [requency). Assume the eigen-
values ol J depend smoothly on p.

Definition 5 (Complex Eigenpair) A pair of eigenvalues is compler conjugate if
M 2(p) = e(p) L dw(p),
with w(p) > 0.
Definition 6 (Hopf Crossing Condition) A Hop[-type bifurcalion occurs al p = p. if

a(pe) =0, w(pe) # 0,

ared

diex

—— £ 0.
dp 7

=i
Ii is important to nole that, because the RONNG sysiem includes an explicit periodic [ore-
ing term I(t), the transition described here corresponds to a Hopf-lype bilurcation in a non-
aulonomouns periodically driven system rather than a classical Hopl bilurcation in an aulonomous
veclor field. In this contexi, the emergence of a stable limilt cycle rellecls entrainment ol the
nelwork dynamics Lo Lhe external periodie inpul.

Assumption 3 (Nondegeneracy) The crossing is lransversal:

ey
R 0.
dpt {“E} =

Under these conditions, a stable limit cyele emerges [rom Lhe equilibrinm, providing a dynamical
mechanism for the lormation ol closed neural geometries [2].
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10.5 Topological Preliminaries

To analyze the geomelric strueture of neural trajectories, we use tools [rom lopological data
analysis. Lel the trajectory be sampled al discrele Limes:

P = {a(t),#(ts),- ., #(t)} CR™.
We equip B" with the Euclidean metric
d(z, y) = [l — yll2.
For a scale parameter e > (0, the Vietoris Rips complex is defined as
K(e) ={o C P |d(ri,xzj) <elorall zj,z; ca}.
Az e increases, we oblain a [iliration
K(e1) C K(ea) ©--- C K(em).-
For each complex K(e), we compute homology groups

Hi(K(e)), k=0,1.

1

Here, Hy counis connecled components, and Hy counls independent eyeles. A E-dimensional
[ealure is born al scale epien and dies al scale egeath. I[ls liletime is

L = egpath — Ebirth-

The persistence diagram
Dgm(H1) = {(€birth, €death) }

encodes the robustness of eyeles. Long-lived Hy lealures correspond Lo stable closed geomelries,
while shori-lived [eatures correspond Lo transient structures, In RUNNG, persistent Hy cycles
are interpreted as topological signatures ol closed resonant geomeltries,

11 DModeling the Emergence of Resonant Closed Geometries in
Adaptive Neural Networks Under Sinusoidal Stimulation

11.1 Methods

Table 1 summarizes the paramelers used in the simulations.

Table 1: Delinition of Parameters.

Symbol | Meaning

N Network Size

o Decay constant

i) Plasiicity Coellicient
A Input Amplitude

Jin Input [requency

w Angular [requency

o (Galing bandwidih

¥ Resonance threshold




11.2 Structural Overview
The RCNNG nelwork consists of N neurons arranged as a non-lragmented graph. Each neuron:
« receives inpuls [rom a subsel of neurons N (1),

» aclivales only those oulpul pathways whose galing properiies malch the spectral charac-
teristics of the incoming signal,

» can [orm new synaplic connections through branching driven by neuroplasticity.

Formally, the network is represented as a dynamic direclted graph:
G(t) = (v, E()
where:
« V={1,2,..., N} is the sel of neurons,

o F(1) is the time-dependent sel of synaplic edges.

11.3 Neuronal Dynamics

The activilty of each neuron x;(l) evolves according Lo three inleracling components: intrinsic
decay, recurrent inpul [rom neighboring neurons, and external sinusoidal stimulation. The
dynamical equation is

:I:cf

P + Z Wii(t) phi(x;) + Asin(2x finl).

FEN(i)

The term —or; ensures nalural relaxation ol activity in the absence of input. The recurrent
term 3 Wij(t)phi(x;) captures nonlinear feedback within the network, enabling the formation
ol complex dynamical patterns. The sinusoidal input A sin(2r fizt) introduces [requency-specilic
driving, which is essential for the emergence of closed resonant geometries (CRGs) under periodic
stimulation [7].

11.4 Frequency-Dependent Gating

Neurons propagale signals selectively through oulpul pathways whose speciral properties maich
Lthe incoming [requency. This seleclivily is modeled by the Gaussian galing lunelion

Win — Wy z
g win, w;) = exp (—u) ;

22

which assigns high gain to pathways whose intrinsic angular [requency wy closely matches the
inpul angular [requency wi,. The ellective synapiic weighl becomes

Wij{ﬂ = Wi;(t) g(win, wy).

This mechanism ensures Lthal only [requency-compalible pathways conlribule signilicantly Lo
signal propagalion, enabling the network Lo consirucl [requency-specilic recurrent loops.

10



11.5 Synaptic Plsticity and Branching

MNeuroplasticity allows neurons Lo creale new synaplic conneclions when their aclivily increases.
The probability of branching [rom peuron ¢ is

, da;
Ph'ra.nr:h{"‘: '5} = f max (ﬂ, E) 3

indiealing thal branching is more likely when the neuron’s aclivation is rising. When branching
oceurs, a new direcled edge (i, k) is added:

E(t+ At) = E(t)U{(s, k)},
wilh initial weighl determined by [requency compatibility:
Wi (L + At) = Wy glwin, wi).

This mechanism models biologically plausible synaplogenesis and enables the nelwork Lo grad-
ually form recurrent pathways necessary lor closed-loop geometry [ormation [9].

11.6 Generalized Edge Update Rule
In the generalized [ormulation, the sel of edges evolves by both addition and removal:
E(L + At) = (E(L) \ R(t)) U A(L)
where:
« I(1) is the set of edges removed at time §,

« A(l) is the sel of edges added at time [.

This [ormulation subsumes the simpler case:
E(t+ Al) = E(t)u{(i,k)}
when R(l) = @ and A(t) = {(i,k)}.

Generalized Edge Update Rule

E(t+ At) = (E(t) VR(t)) J A(t)

Edge Addition Edge Remowval Combined Update
Before Before Betore
i el Gi"ﬁr——’_’”@ o & a
0. @
— Add (i,k) —» Remove (1,k) = Remove (i,k), Add (j,m)

After After After
h i "
k J

Figure 1: Mustration of edge addition, removal, and combined update in the generalized edge
update rule. The diagram shows how the network evolves according to E(L + At) = (E(L) \
R(L)) L A(L), where edges can be added, removed, or updated simultaneously.
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11.7 Formation of Closed Neural Geometries

A elosed neural geometry is lormed when a signal can traverse a sequence ol neurons and relurn
Lo ils origin:
(i1 =2 = -+ = tm = 11).

The natural angular [requency of such a loop is delined as

1 T

Wloop — EZM"

k=1

Resonance occurs when the loop angular [requency matches the input angular frequency within
a lolerance band:
|L"'.|.l'.n'.r]:|l = Uinl < Ay,

Loops salislying this condition undergo constructive interference and become stable CRGs.

11.8 Resonance Detection

To delect resonance, the instanianeous phase ol each neuron is computed using the analylic
signal:

Gilt) = arg (2(1) + i Hz:(1)])

where H[z;(t)] is the Hilbert translorm. A loop is considered resonant il neighboring neurons
exhibit phase locking:

|hi (L) — reia ()] < e

Phase locking indicates coherenl oscillalion across the loop, a hallmark of resonant closed ge-
ometlry [ormation.

11.9 Frequency Spectrum Analysis

The spectral content of each neuron’s activily is obtained via the Fourier transform:
Xi(w) = Fla(0).

Resonant loops produce sharp spectral peaks al the driving [requency, whereas non-resonant
aclivily yields broad or noisy spectra. This analysis provides a [requency-domain signabure of
CRG aclivalion.

11.10 Correlation Structure

The correlation malrix
T f:ﬂv{:::,—, :r._,-}
(.--.'j' = e
th'ij
quantilies the degree of coordinated aclivily belween neurons. Resonant closed geomelries Lypi-
cally manifest as coherent correlalion blocks, rellecting synchronized oscillatory dynamies within

the loop.

11.11 Cycle Extraction Algorithm

A candidate cycle is accepled as a CRG il ils average [requency compatibilily exceeds a resonance
threshold: mean (g(wy,, Wigep)) = 7. This criterion filters out loops that are structurally present
bul not [requency-compatible, ensuring thal only resonanl geomelries are retained.
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11.12 Summary of Simulation Results

The simulations perlormed across nelwork sizes from N = 50 Lo N = 5000 reveal a clear and
systematic dynamical transition. Small networks (N < 200) exhibil low-dimensional, partially
synchronized aclivily with narrow spectral content. As the nelwork size increases, recurrent
interactions generate richer multi-lrequency dynamics, reduced global synchrony, and increas-
ingly irregular phase evolution. In the largest networks (V = 5000), the activity becomes [ully
high-dimensional and chaotic, the correlation struclure [ragments inlo localized patches, and
the conneclivily graph contains a large number of closed cycles. These observalions are Tully
consisient with the RONNG [ramework, which predicls thal increasing network size enhances
Lthe number and diversity ol elosed resonant geomelries, leading Lo more complex collective dy-
namics. The results therelore provide strong computational support lor Lthe theorelical claims
of RCNNG.

Heurw Aoiteity (Hrat S raucral

e Syl

A“”I“ Inwnnmn qunnmnm

i
!n‘n“‘ |i.i||h||||ih||utl|i|||:ll ||JJ|iH‘J‘J|HH

Extmral parcic npers appheciun farmdp o all revrora.

=i
EEER AR RN

T ind

Treg-wmrim wcfeity of the Froc e eu e ander erccls wiTe eten.

Figure 2: External periodic input (N = 1000). Figure 3: Activity of first five neurons (N =

1000).

T —
| w{l ’\ f| \H“N‘W W i

Vear acthaty aovem all e cee e time. | reaanes shane 1P Rearor | campaad 1ming e sEoer maralem

Figure 4: Mean aclivily across neurons (N = Figure 5: Instantaneous phase of Neuron 1 (N
1000). = 1000).

13



Menweil Connacihdty

FFT Spctrun (Rwaren 21

a

:- \1| t {

apupimsde spErmeTal Hearma | obtained s Fost Faarier Transhe

Figure 6: FTFT specirum of Neuron 1 (N =
1000).

Ciroufar netaork vzl zation of the moument comne vty mac

Figure 7: Recurrent connectivity matrix (N =
1000).

Claed Cyrles 0 ketwork Graps

Comrelation Watri of Naurons

Correlabon mabnx shoming parese correltions across al neurcns.

Wisualization of cloed oo (6pele Basis] in the camnectivily qragh

Figure 8: Correlation matrix (N = 1000).
Figure % Closed cyeles in the conneclivity
graph (N = 1000).

12 Transition to Fourier Analysis

The neiwork model specilies how recurrent inleractions and nonlinear transformations shape Lthe
system’s inlernal dynamics. To undersiand how external inpuis generate closed resonant geome-
tries (CRGs), we must analyze the temporal structure of the inpul signal itsell. In the RCNNG
[ramework, resonance is [requency specilic; periodic driving induces stable closed geomeiries,
and complex inpuis inleract with the network through their consiiiuent [requencies. TFourier
decomposition provides a natural representation [or Lhis purpose. Any bounded, piecewise con-
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Linuous input can be expressed as a sum ol sinusoidal components, each of which acls as an
independent resonant driver of the system [1]. This allows us to examine how single-lrequency
inpuls generale base CRGs, how multiple [requencies combine Lo [orm composite geomelries,
and how Lhe resulting altractor siructure can be characterized using topological methods [4, 5].
The [ollowing seclion [ormalizes this decomposition and establishes the connection belween Lhe
[reguency conlent of the input and the emergence ol closed resonant geomeiries in the RCNNG
model.

13 Fourier Decomposition of Complex Inputs and Emergent
Closed Resonant Geometries

13.1 BSetting and Notation

We consider a recurrent neural system with state z(1) € R evolving according to
(L) = —x(t) + W (z(L)) + I(1),

where W € R™*" is the recurrent weight matrix, ¢ : B® — R" is a smooth nonlinearity, and I(f)
is an external inpul signal. This [ormulation provides the [oundation [or analyzing how periodic
and multi-lrequency inputs generate closed resonant geomeltries within the system [7]. In the
Fourier analysis presented below, the recurrent weighl matrix W is Lrealed as time-invariand in
order Lo isolate the speciral response ol the system. This simplilication is consistent with the
full RCNNG dynamics, where W(L) may evolve slowly due to plasticity, but remains eflectively
constant over a single inputl period [or the purpose of [requency-domain analysis.

13.2 Fourier Expansion of the Input

Let I(t) be a Ty-periodic input:

for all £, Under standard regularity assumplions specilically boundedness and piecewise conli-
nuity  the Fourier series of I{l) converges Lo I(l) almost everywhere on [0, Tp):

I(t) = ag + z (g cos(kwyl) + by sin(kwgt)),

k=1

where wp = ,1';—?: and the coellicients (ag, be) are given by the usual Fourler formulas [1].

13.3 Single-Frequency Driving and Closed Resonant Geometry

We [irst [ocus on a single-lrequency sinusoidal inpui:
I{t) = Asin{wl),

wilh amplitude 4 and angular [requency w. The corresponding period is:

2w
T=—.

w
Under such driving, the system may exhibil periodic responses whose geomelry in slale space
is closed, [orming resonanl loops or cycles. These closed Lrajeclories are relerred lo as elosed

resonant geomelries (CRGs).



13.4 Poincaré Map and Periodic Orbit Structure

Given the periodic inpul with period T = ‘-‘Esf, Lhe llow of the dynamical system over one [ull
period induces a discrete-time mapping known as the Poincaré map [3]. Let z(l) denote the
stale trajeclory and xp an initial condition at time { = 0. The Poincaré map P is delined by:

P(zg) = z(T; ).
Periodic orbits of the continuous-time system correspond Lo [ixed points of the Poincard map:
P(z*) = z*.

The stability of such periodic orbils is determined by the eigenvalues of Lthe Jacobian DP(x"),
deseribing how perturbations evolve [rom one eycle Lo the next [2].

13.5 Closed Resonant Geometry (CRG)

A closed resonant geomelry (CRG) is delined as a closed trajectory in state space induced by
periodic driving:
z(t+T) = =(t).

These loops encode Lthe resonant response ol Lthe system Lo the driving [requency and provide a
geometric representation of periodic atiractors [10].

13.6 Existence of a Periodic Orbit

Under suitable conditions on W, ¢, and the amplitude A of the input, the system admils ai
least one periodic orbil corresponding to a CRG. Formally, this amounts lo the existence of
a lixed point =% ol the Poincaré map: P(z*) = z*. Standard results [rom dynamical systems
theory such as [ixed-point theorems and bilurcation analysis  can be invoked Lo guarantee Lthe
existence of such periodie solutions in appropriate parameter regimes [2, 10].

14 Summary of Fourier Decomposition Results

The Fourier-based geomelric analysis presented in Figures 10 16 demonstrates thatl closed res-
onanit geomelries (CRGs) emerge naturally [rom both single-frequency and multi-lrequency
stimulation. Single-frequency inpuls generale simple, stable closed Lrajeclories, whereas mulli-
[requency stimulation produces complex, mulii-layered altraciors with rich geometric structure.
The conceplual three-panel schemalic and the [ull Fourier geomelric expansion lurther show
how sinusoidal components combine to [orm higher-order resonani geometries in three dimen-
sions. Topological persistence analysis conlirms that these geomelries are nol transient arlilacts
ol simulation but constitute stable, persistent structures with well-delined homological signa-
tures. The presence of long-lived Hy leatures indicates robust closed-loop organization, con-
gistent with the theoretical prediclion Lthal perceplion corresponds Lo resonance wilhin closed
geomelries in Lhe RCNNG [ramework. Togelher, these resulls provide strong computalional and
mathematical support lor RUNNG: increasing [requency complexily and network dimensionality
syslemalically enriches the space ol closed resonant geomelries, enabling a diverse reperioire of
perceplual siates. Fxilended ligures and methodological delails are provided in the Supplemen-
tary Inlormation.
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15 Results

15.1 Synchronous Inputs Induce Inter-Geometry Linking

Across all nelwork sizes (N = 50 5000), simulations show thalt when lwo external inputs are
delivered synchronously, Lthe closed geometries [ormed in response Lo each inpul begin Lo ex-
hibil. shared activaltion palierns. This is rellecled in the emergence ol correlated blocks in Lhe
correlation matrices and the appearance ol phase-locking belween neurons belonging o dis-
Lincl geomelries. Repeated synchronous stimulation strengihens these links, as evidenced by
increased synaplic weights and more stable phase relationships. These lindings demonsirate
thal synchronous inputs nalurally induce associalive binding belween resonanl geomelries in
recurrent circuils.

15.2 Repeated Input of a Specific Frequency Increases Geometry Count

When a single-lrequency inpul is repeaied or its amplitude is increased, the number of closed
geomelries resonanl with Lhal [requency increases. FI'T analysis reveals sironger speciral peaks
al the input [requency, and Hilbert phase analysis shows thal more neurons become phase-
aligned with the driving signal. Cyele extraction conlirms that the number of resonant closed
geomelries grows systemalically with repealed stimulation. These resulls indicate Lthatl repeated
stimulation strengihens representalional encoding by increasing the multiplicily ol geomelries
tuned Lo the same signal.

15.3 Integration with Fourier-Based Predictions

The above lindings align directly with the Fourier-based decomposition of inpul signals. A
repealed sinusoidal input inereases the energy ol ils corresponding [requency component, Lthereby
recruiting addilional neurons inlo resonance and generating multiple closed geomelries tuned Lo
the same speciral identity. Similarly, synchronous mulii-lrequency inpuis produce simullaneous
resonant responses whose geometries become linked through shared temporal struciure. These
resulis validate the theoretical prediction that the Lemporal speciral sbructure ol the inpul
governs both the formation and inleraction ol closed geomelries. A complele sel ol [ull resolution
simulation ligures (8 plols per network size [rom N=50 to N=5000), extended analyses and the
[ull Pyihon codebase [or all network and Fourier simulaiions, are available in the Supplementary
Malerials and at the public repository: https://github.comn/hniazi141356-RCNNG/RCNNG

16 Spectral Analysis and Poincaré Map in RCNNG

The emergence ol closed resonant geometries (CRGs) in RCNNG arises [rom the inleraction
between Lhe spectral struclture of the inpul signal and the periodic orbil structure induced by
recurrent dypamiecs. This seclion provides a unilied summary ol how Fourier decomposition and
Poincard analysis joinlly govern the [ormation of CTUGs, complementing the detailed derivations
presented belore.
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16.1 Spectral Drivers of Resonance

Any periodic or multi-lrequency inpul can be decomposed inlo sinusoidal components, each
acling as an independent resonant driver. A Fourier mode with [requency wg selectively exciles
loops whose natural [requencies wigep lie within the resonance band:

Jeatee — mmp| < At

This condilion determines which recurrent pathways amplily aclivily and coniribute to the
[ormation of closed geomeiries. Thus, the speciral content of the input direcily shapes the
resonant siructure of the nelwork.

16.2 Periodic Structure and the Poincaré Map

Under periodic driving, the recurrent dynamics evolve according to a period-T ilow. The
Poincaré map P caplures the siale ol the system alter one [ull eyele of the inpul. Fixed points
ol P correspond Lo periodic orbils, which manilesl as closed resonant geomelries in stale space.
While the previous Section provides the [ormal delinition of the Poincaré map and the exislence
ol periodic orbits, the key conceplual role of P is summarized here: it translales conlinuous-
Lime resonance into discrele-time geomelric struciure, allowing CTUGs (o be characterized as
lixed points of a eyele map.

16.3 Integrated Fourier—Poincaré Mechanism

Combining speciral resonance with Poincaré [ixed-poinl structure yields Lthe core mechanism of
CRG [ormation:

» Fourier modes delermine which loops receive resonant amplilication.

Resonant ampliflication stabilizes recurrent pathways.

The Poineard map identilies elosed irajecltories [ormed under periodic driving.

Fixed points of P correspond o CRGs whose geomelry rellecis the spectral identity of the
input.

This inlegrated mechanism explaing how temporally structured inpuls generate siable closed
geometries, how multiple [requencies produce composite CRGs, and how resonant identities
emerge as inbrinsic perceplual signatures within the RCNNG [ramework.

16.14 Role in the RCNING Architecture

The Fourier Poincaré mechanism provides the mathematical loundation lor:
» [requency-specilic galing,
» [ormation ol closed loops,
o resonance-based storage and retrieval,
« perceplual invariance across distinet physical geometries,
« emergence of linked geometries underlying conscious experience.

Together wilth the lopological lools introduced in subsequent seclions, this [ramework establishes
a rigorous dynamical basis [or the emergence, stabilily, and perceplual signilicance ol closed
resonant geomelries in RUNNG.
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17 Topological Characterization of Neural Trajectories

To quantily the emergence and stability of Closed Resonant Geometries (CRGs) in RONNG, we
analyee the neural stale trajectories using persistent homology.

17.1 Trajectory Point Cloud

Let {z(1x)}HY_, denote samples of the network trajectory under sinusoidal stimulation. The set
P = {=(l)} CR"

is Lrealed as a poinl cloud in slale space.

17.2 Vietoris—Rips Filtration and Homology

Using the Euclidean meliric, we construct a Vieloris Rips [iliration
K(e1) C K(e2) C--- C K(em),
and compute homology groups Hy(K (e)) and Hy (K (e)) at each scale.
« Hy caplures the number ol connecled components.
« H; caplures independent one-dimensional cyeles.
In the RONNG [ramework, Hy is ol primary inleresi, as il rellecls closed peometries in Lthe
Lrajectory.

17.3 Persistence and Gradient Persistence Diagram

Each Hy [eature has a birth scale epien and death scale egeath. with liletime

L = €daath — €hirth.-

We visualize these lilelimes using a gradienl persistence diagram, in which color encodes liles-
pan continuously (e.g. blue lor shori-lived, red [or highly persistent features). Long-lived H,
components correspond Lo stable closed loops in the nelwork’s slale-space Lrajeclory  precisely
the siructures identilied as CRGs. Shori-lived Hy and Hy leatures appear brielly and vanish
gquickly as the system evolves. These correspond Lo transient geomelric lormations that do noi
conlribute to perceplual resonance or stable representational struclure. Repealed stimulation
increases Lthe persistence ol specilic Hy lealures, refllecting the strengithening and muliiplication
ol CRGs associated with requently encountered signals. This provides a topological signature of
representational consolidation: geomelries that encode repeated or behaviorally relevant stimuli
become increasingly stable in the persistence landscape. Owerall, the gradienl persistence dia-
gram ollers a lopological conlirmalion ol the RCNNG hypothesis. It demonsirates thal resonant
geometries are nol only dynamically stable bul also topologically persistent, [orming long-lived
aliractor structures that encode percepiual identity.

18 Formal Theorems, Lemmas, and Topological Tools

18.1 Theorem: Existence of Closed Resonant Geometry

Let x(t) evolve under the recurrent system

(1) = —x(l) + Weh(=(L)) + I(1),
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where I(t) is a T-periodic input. Then there exists al least one closed resonant geometry T'*
such Lhat
(L +T) = =(1).

Defline the Poincaré map P(xzg) = z(T;zp). By Brouwer’s Fixed Poinl Theorem, P admits
a lixed poini x*. Thus =* corresponds Lo a periodic orbit, ie. a closed resonani geometry.
Stability [ollows [rom Floguel multipliers of DP({2*) lying within the unit circle.

18.2 Auxiliary Lemma: Existence of Return Path

Il the recurrent network contains al leasl one closed palh whose Lraversal time maiches Lhe
inpul period T, then a T-periodic input induces a closed resonant geomelbry, The periodic
inpui synchronizes with the closed path, ensuring construciive inlerference at each cycle. Thus,
a closed resonant geomelry is [ormed.

18.3 Lemma: Resonance Condition

For a closed geometry with natural angular [requency wyyq,, resonance oceurs il the input angular
[requency wy, salislies
lwoop — Win| < Atipes.

This inequalily guarantees thal Lthe driving [requency lies within the resonance bandwidih,
leading Lo amplilication rather than decay ol oscillalions.

18.4 Auxiliary Lemma: Topological Stability

Il ihe persistent homology diagram of the trajectory point cloud contains a long-lived H; class,
Lthen the corresponding closed resonant geomelry is struclurally stable under small perturbations.
By the stabilily Ltheorem ol persistent homology, long-lived Hy [ealures represent robusl eyeles
thal persist across [ilirations. These cyeles correspond to stable closed trajeclories in state
space.

18.5 Theorem: Persistence of Resonant Loops via Persistent Homology

Let A be the trajectory point clouwd under multi-lrequency input. IT the persistent homology
diagram ol X conlains a long-lived I, class, then the system admits a structurally stable closed
resonant geomelry, By the stability theorem of persistent homology, long-lived Hy [eatures
correspond Lo robust cyeles that persisi under perturbations. These cyeles represeni closed
Lrajectories in stale space, hence closed resonant geomelries. Therelore, Lthe existence ol such
[eatures guarantees strucltural stabilily of resonance.

19 Multi-Frequency Inputs and Superposition of CRGs

We now consider mulli-lrequency inputs ol the [orm

I(t) = E A;sin(wjl + p;),
j=1

where each componeni has amplitude A;, angular [requency w;, and phase ;. Each angular
frequency w; can induce its own closed resonant geometry (CRG). The overall response of the
syslem is then a superposition of these CRGs, producing a composite attractor rellecling all
driving [requencies [1, 2].
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19.1 Geometric Superposition Operator

To [ormalize Lthe combination of multiple CRGs, we introduce a geomelric superposition operator
G acting on a collection of closed geometries {I';}:

l—||::r'.ur|'||:n- = gEFI 5 IS rm}:

where each I'; denotes the closed resonant geomelry associated with angular [requency wj. The
operalor G encodes how individual loops interact, overlap, or delorm when muliiple [requencies
are present.

19.2 Stahility of the Composite Attractor

The stabilily of the composite altractor T'egmyp is determined by the combined ellect of the driving
[requencies and the recurrent dynamics. Linearization around representative points on Igomp and
analysis ol the corresponding Jacobian matrices provide information aboul how perturbations
evolve. Il all relevant eigenvalues lie within the stable regime, the composile allractor is robust
[2, 10].

19.3 Topological Characterization via Persistent Homology

To caplure the global geomelric and topological struciure of the composite attractor, we employ
tools [rom persistent homology. Given a point cloud sampled [rom trajectories on I, we
construct a [iltration of simplicial complexes and compule homology groups across scales. The
resuliing persistence diagrams summarize the birth and death of topological [eatures such as
connecled components and loops [4, 5].

19.4 Persistent Features

Persisient. one-dimensional cyeles (loops) eorrespond to robust closed geomelries in the state
space. Long-lived Hy leatures indicale stable resonant loops thal persisl across seales, providing
a topological signature of CRGs and their superpositions [6].

19.5 Existence of Robust Loops

Robust loops are identilied by persisient homology classes thal survive over a signilicant portion
ol the [ltration. These loops represent closed trajeclories thal are structurally stable under
perturbalions of the inpul and system paramelers. Persistent homology Lthus provides a rigorous
topological conlirmation of closed resonant geometries and their composite structures,

19.6 Conclusion: Agreement with RCNNG

The analysis based on Fourier expansion, Poincaré maps, closed resonani geometries, mulii-
[requency superposition, and persistent homology demonsirales that Lthe recurrent neural system
exhibils stable, structured, and robusi closed aliractors under periodic and multi-lrequency
driving. These [indings align with the WONNG [ramework, which predicis the emergence of
closed resonant geomelries as [undamental organizing structures of the network dynamics. These
resulls provide a rigorous mathemalical loundation lor the RUNNG hypothesis.

20 Two Formalisms for Perception

We describe two complementary formalisms lor understanding perception in the RCNNG [rame-
work.
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20.1 Formalism I: Perception appears as an intrinsic property of the totality
of closed geometry and as a result of its intensification

« R: ihe [ull space of all closed geometries lormed in the network.
o ' R: an individual elosed geomelry (a poleniial perceptual unit).
« P C R: the subsel of geomelries thal are currenily resonaling.

A geomelry becomes perceplual only when it enters the resonant subsel P. Thus, perceplion
corresponds nol Lo the mere existence ol a closed geomelry, bul Lo its aclive resonance:

P ={I' € R | T is resonatling}.
FFor any resonaling geometry I' € P, perceplion is delined by
Percepl(I') =T
That is, the perceplual identily is the resonant closed geomelry itsell. Non-resonanl geomelries
I' e R\ P do not produce perceplual states. Here, perception is an emergent property of the

eniire resonant geometry group. Il is not reducible Lo individual neurons; rather, it arises [rom
the global closed geomelry generated by the recurrent dynamics.

20.2 Formalism II: Perception as a Mapping from Resonant Geometry to
Perceptual Space
Lel P denote Lthe perceplual space. In the second l[ormalism, perceplion is delined as the image
ol a closed resonant geomelry under a mapping:
F:R—=P.

Thus,
Percepl = ®(T7).

In this view, the resonant geomelry serves as the compulational substrate, while perceplion
corresponds Lo ils representalion in the perceplual space.

20.3 Equivalence of the Two Formalisms

Although Formalism I and Formalism IT differ structurally, they are equivalenl in the sense Chal
they assign the same perceptual identity Lo any resonant state. Let 'y, Ty € R be two closed
geomelries Lthal, despile possibly having dillerent topological structures, share Lthe same resonant
prolile. In Formalism I, perceplion is delined directly by the resonant geomelry:

Percept(I'y) =T, Percepl(T'z) = Is.
Il the two geomelries exhibil identical resonance, then their perceptual identities coincide:
I'; and T'; have identical resonance = Percept(T’;) = Percept(Ty).
In Formalism I, percepilion is delined through a representational mapping & : R — P!
Percepl(T) = ®(T).
Since ¥ is assumed (o idenlily all geomelries with the same resonant state, we likewise oblain
I'; and T'; have identical resonance = @®(';) = ®(T2).

Thus, in bolh perspectives, any Lwo geomelries with Lhe same resonanl prolile yield the same
perceplual identity, The equivalence of the two lormalisms [ollows [rom this shared oulcome:
identical resonant states produce ideniical percepis. The [ive conceplual ligures illusirating
Formalism T (Resonant Geomelric Encoding) and Formalism IT (Spectral Topological Encoding)
are available in the Supplementary Malerials and al the public repository: https://github.
com/hniazil41356-RCNNG/RCNNG
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21 Results

21.1 Resonance Propagation Across Linked Geometries

Simulations show that once a Closed Resonant Geometry (CRG) enters resonance, other ge-
omelries Lhal are pre-linked to il exhibil an increased probability of activation. This resonance
propagation manilesis in several ways:

» Linked geometries aclivale with a shorl lemporal delay [ollowing the primary resonance.

» Nepeated stimulation strenglthens the links and inereases the likelihood of secondary res-
OIANCeS.

» In larger nelworks, resonance spreads sequentially along chaing ol linked geometries.
These observations reveal that ONNG supports not only isolated resonant structures bul also
multi-stage resonant cascades medialed by pre-existing links.

21.2 Fourier Expansion Predicts Geometry Activation Patterns

Fourier expansion of the input signal shows thal each [requency component corresponds Lo a
specilic CTRG within the network. The Fourier coellicients:

» Predicl the sirenglh of each geomelry's resonance.
» Delermine the order in which geometlries aclivale.

o Fxplain why linked geomelries exhibil increased aclivalion probability aller a primary
FESONANCE.

Thus, ithe geomelric aclivation structure of Lthe network is directly determined by the speciral
structure of the inpul.
21.3 Integration of Fourier Expansion with Network Dynamics
Combining Fourier analysis with nelwork simulations reveals the [ollowing relationships:
» Shared [requency components — stable links
o Sironger Fourier coellicients — dominant geometries
o Nearby [requencies — phase-aligned geometries with bidirectional links
» Distant [requencies — independent geomelries with weak or no links
This integration shows that RCNNG's resonant geometry [ormation is a direcl geomelric Lrans-
lation ol the inpui’s Fourier struciure.
21.4 Topological Analysis via Gradient Persistence Diagram

To evaluale the siability, longevity, and structural signilicance ol the Closed Resonant Geome-
tries (CRGs) formed within the RCNNG, we performed a topological analysis using the Gradient
Persistence Diagram. This diagram provides a quantilalive representalion ol how geometric lea-
tures emerge, persist, and decay throughout the network’s adaplive dynamics.

The Gradient Persisience Diagram reveals a clear separation between long-lived and shori-
lived topological [eatures. Persistent H; componenis correspond Lo stable closed loops in Lthe
nelwork's state-space Lrajeclory  precisely the structures idenlilied as CIGs. These [ealures re-
main present across a wide range of gradient thresholds, indicating thal the underlying resonant

24



geomelries are nol Lransient artifacts ol noise or momentary [uetuations, but robust atlractors
shaped by the network’s adaptive resonance mechanisms,

In contrasi, short-lived Hy and Hy [eatures appear brielly and vanish quickly as Lthe system
evolves. These correspond Lo Lransient geometric lormations that do nol contribule Lo percep-
tual resonance or stable representational structure. Their rapid disappearance highlights the
nelwork’s abilily lo [ilter oul unstable conligurations while preserving resonant geometries Lhai
align wilh Lthe spectral siructure of the inpul.

Repeated stimulation increases the persistence ol specilic Hy [ealures, relleciing the strength-
ening and multiplication of CRGs associaled with [requently encouniered signals. This provides
a lopological signature of represeniational consolidation: geomelries thal encode repeated or
behaviorally relevant stimuli become increasingly stable in the persistence landscape.

Owerall, the Gradienl Persisience Diagram ollers a Lopological conlirmation of the RUNNG
hypolhesis. Il demonsiraies thal resonant geometries are nol only dynamically siable but also
Ltopologically persistent, [orming long-lived aliractor structures thatl encode perceplual identily.
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Figure 17: Gradient persistence diagram [or RUNNG. Color encodes lilespan continuously: blue
= shori-lived, red = highly persistent. Long-lived Hp [eatures correspond o slable closed
resonant. geomelries.

21.5 Associative Binding Through Geometry Linking

Simulations demonstrale that when two CTIUGs become aclive simultaneously, stable links emerge
between Lthem. Depending on the direction ol dynamical ow within the network, these links



may be:
» [nidirectional, when one geomelry dominales the phase-propagation pathway.
» Bidirectional, when bolh geometries mutually stabilize each olher’s phase cycles.

Inpuis containing synchronous [requency components reliably produce persistent links belween
Lhe corresponding geomelries. This suggesis a natural mechanism [or associative binding: when
Lwo slimuli oceur Logether, their corresponding geometries become dynamically coupled through
shared phase relationships and strenglthened synaptlic pathways.

21.6 Representational Strengthening Through Geometry Multiplication

The increase in the number of CIRGs tuned Lo a repeated signal indicales a mechanism [or rep-
resentational strengthening. Frequent or intense stimulation leads Lo the lormation ol multiple
resonant geomelries, each reinforcing the network’s ability Lo represent Lthal signal. This aligns
wilh behavioral observations thal repeated stimuli form sironger and more stable perceptual
representations.

21.7T Implications for Neural Coding

Togeiher, Lthese resulis suggest thal CRGs serve as resonant coding units whose inleraclions and
multiplicily encode both associative relationships and representational strength. Linking geome-
tries may underlie multi-feature binding, while geomelry multiplication may supporit memory
consolidation and perceplual robusiness.

22 Discussion

22.1 Interpretation of Closed Neural Geometries

A siable limit eycle 4(1) in the neural stale space represents a recurrent, sell-sustaining pailtern
ol activity. In the ROUNNG [ramework, such closed trajeclories are interpreted as perceplual
stales. The periodic stimulation enirains the nelwork into a resonani conliguration, and the
resulling closed geomelry rellecls a stable, coherent neural representalion.

The stability ol the limit cyele implies robusiness of the percepl: small perturbations do
not disrupt the trajecltory, and the system returns o the closed orbit. This corresponds Lo Lthe
phenomenological observalion that strong percepis persist despile noise or minor [uetuations
in sensory input [11, 2].

222 Emergence of Perception via Hopf-type Bifurcation

The Hopl-type bilurcation provides a dynamical mechanism [or the onsel of perceplion. When
the real parl ol a complex eigenpair crosses zero, the equilibrinm loses stability and a stable limii
cycle emerges. In RONNG, this transilion is interpreted as the moment when a stimulus becomes
pereeplually presenl. Below the crilical parameler g, Lthe nelwork remains in a quiescent or non-
perceplual state. Above p,., the system enbers a resonant closed geomelry, corresponding o Lhe
[ormation ol a perceplual experience.

22.3 Topological Interpretation of Perceptual Stability

The persistence of Hy eyeles in Lhe Vietoris Rips liltration provides a lopological measure of
perceplual stability. A long-lived Hy lealure indicales thal the underlying neural trajectory
conlains a robust closed structure thal persists across mulliple spalial seales. In RUNNG,
persisient H cycles correspond Lo siable perceplual slates.
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22,4 Resonance Spectrum and Perceptual Selectivity

The resonance spectrum R(+) identilies the set ol stimulation [requencies [or which a closed
geomelry remains stable. Narrow-band stabilily corresponds Lo seleclive percepls, while broad-
band stabilily corresponds to {lexible percepls.

22,5 MNoise Robustness and Perceptual Coherence

The resilience ol closed neural geomeiries under noise perturbations rellecis the coherence of
perceplual experience. I the limit cycle persisis despile stochastic Huelualions, the percepl
remains stable and vivid.

22,6 Interpretation of Falsifiability Criteria

Each [alsiliabilily condition corresponds to a breakdown ol the perceplual interpretation of
ROCNNG:

o Absence of persistent Hp cycles — absence of stable percepis.

« No correlation belween Hy persistence and subjective reports —+ CRGs do nol encode
percepiual strengih.

» Absence ol Hopl-lype transitions — no dynamical mechanism for perceplual onsel.
» Noise [ragilily — lack ol perceplual eoherence.

o Tailure across architectures — non-generality of the mechanism.

23 Empirical Evidence Supporting RCNNG

The ROCNNG hypoihesis prediclis that resonant closed geomeliries should manilest in newral
data as (1) narrowband spectral peaks generated by recurrent entrainment, (2) phase-locked
oscillatory loops reflecting stable recurrent propagation, and (3) topologically detectable cycles
in source-level activily. A growing body ol systems-level neuroscience provides empirical support
for these mechanisms.

Newral entrainment studies demonstrate that rhythmic sensory inpuls can induce endogenous
oscillations al the driving [requency, revealing [requency-specilic resonance in cortical circuils.
These ellects have been observed across auditory, visual, and somalosensory modalities, where
enirained oscillations persisi beyond stimulus ollset and exhibil narrowband speciral signatures
consistent. with recurrent loop dynamies [15, 16, 21]. Phase-locking analyses in EEG and MEG
[urther show thal eoherenl oscillalory activily correlates with perceplual reports, supporting Lthe
RONNG prediction that perceplion corresponds Lo loop-level synchrony within closed geomelries
[17]. Intracranial recordings provide additional evidence for local oscillatory generators thatl may
be obscured in sealp measurements due Lo spalial mixing, sugpesting Lthat recurrent resonant
structures are more visible at the source level [18].

Syslems-level lindings oller even stronger support. A 2026 study by Armsirong and Viasov ai
Lhe University of Ilinois Urbana Champaign, published in Proceedings of (he Nolional Acodemy
of Sciences (PNAS), showed that decision-related neural aclivily emerges [ar earlier in the
sensory hierarchy than classical [eedlorward models predict. Recording neural dynamics in
mice navigaling a virlual corridor, the authors found robusit decision-specilic signals wilhin
Lhe primary somatosensory cortex (S81), traditionally viewed as a purely [eedlorward sensory
area. Crucially, these signals were shaped by top-down [eedback [rom higher corlical regions,
revealing thal perceplual decisions arise through continuous bidireclional inleraclions rather
than a unidirectional cascade. This architecture characterized by recurrent loops, early decision
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signatures, and [eedback-driven modulation aligns directly with the RONNG prediction that
perceplual and decisional states are instantiated within closed recurrent geomeiries rather than
sequential processing streams [22].

Further independent support [or RUNNG comes [rom recent advances in brain-inspired per-
ceplion research. A 2026 study published in Naluwre introduced a geometric sensing perceplion
archilecture designed [or open-world environmenis, demonsirating thal robust perceptual pro-
cessing relies on Lthe formalion of stable, multi-layered geomelric representations rather than
purely feedlorward or [eature-based mechanisms [23]. These geometric structures acl as persis-
tent anchors lor sensory interpretation and remain resilient under noise, novelly, and contextual
variabilily. This linding aligns closely with the RONNG prediction that percepinal identilies cor-
respond to Closed Resonant Geometries (CRGs)  sellsustaining altractor struclures emerging
from recurrent neural dynamics. Both [rameworks emphasize (1) geometric stability, (2) eyclic
or closed structural motils, and (3) hierarchical mapping [rom geometry to percepiual meaning.
The emergence of geomeiric [rameworks in high-impact venues such as Naolure provides strong
external validation thal closed geomelric struclures are increasingly recognized as lundamental
substrales of perceplion, supporling the plausibility and relevance of CRGs within biological
and biologically inspired systems.

Recommended analyses:

1. Speciral peak analysis  deleclion of narrowband resonant [requencies.
2. Phase-locking metrics  ITPC and PLV across recurrent loops.

3. Source-level validation  beamlorming and inlracranial conlirmation ol local genera-
Lors.

4. Topological exiraction  persistent homology ol delay-embedded irajectories.

5. Surrogate controls  distinguishing resonance [rom stimulus-locked artilacts,

Conclusion and Experimental Proposals

Our simulations demonsirale that synchronous inpuls link resonant closed geomelries, while
repealed inpuls increase their number, revealing natural mechanisms lor associalive binding
and representational strengithening.

This work inlroduced the RONNG hypolhesis, proposing thal perceplion and innergence
arise [rom Lhe resonance ol closed recurrent geometries. Through theoretical development, dy-
namical analysis, and simulations, we showed thatl repelitive [requency stimuli can induce sta-
ble spatio-lemporal atiractors whose resonant profiles encode non-addressable, geomelry-based
Memory.

To empirically evaluale Lhis hypolhesis, we propose:

1. Artilicial stimulation ol pallerns

EEG/MEG protocols

i

Topological analysis

e

Amall-scale network simulations
5. TFalsiliability criteria:

» Tailure ol artilicial stimulation to reproduce percepls
» No correlation belween IR,(G,5 patlerns and percepiual reports

In summary, RCNNG ollers a physics-based [ramework in which perceplion, memory, and
innergence emerge [rom Lthe resonant dynamics ol closed neural geomelries.
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Code and Data Availability

All code, simulation scripts, and dala necessary bo reproduce the analyses in this paper are
publicly available at the [ollowing GilHub repository:
https://github. com/hnia=zil141356-RCHNG/RCHNG
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