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Abstract

Three recent developments in unconventional computing, taken together, sug-
gest a common computational principle. In neuromorphic systems, oscillatory syn-
chrony between network nodes enables concept drift detection through changes in
coordination patterns before those changes are visible in measurement statistics.
In fluid antenna systems, physical communication structures are continuously re-
organized by generative reinforcement learning, with port selection and beamform-
ing weights jointly optimized to match changing propagation geometry. In analog
compute-in-memory hardware, block-sparse random routing with input-balanced
sign encoding achieves near-dense performance while reducing inter-core traffic
by over 97%, with optimal effective fan-in remaining approximately constant as
network scale grows. This essay argues that all three systems may be fruitfully
understood as instances of the same principle: adaptive intelligence emerges from
the continual reorganization of relational geometry rather than the manipulation
of fixed representations. We formalize this perspective through the Coordination
Geometry Framework, in which a system’s adaptive capacity is measured by its
ability to reorganize G(X ) — the structure of relationships it maintains over its state
space X — in response to environmental change. Four claims motivate the analy-
sis: coordination-first detection, representation as coordination residue, sparse co-
ordination sufficiency, and small-world scaling. The RSVP field triple (®, v, Srsvp)
provides a unified field-theoretic vocabulary with per-input synchrony identified
with the repair ratio p and adaptation with lamphrodyne relaxation. The essay
closes with a conjecture: computation is not fundamentally the manipulation of
symbols or parameters but the continual reorganization of coordination geometry
under constraint.



Computation is not the manipulation of symbols under rules.
Computation is the continual reorganization of coordination
geometry under constraint.

Three Systems, One Candidate Principle

Consider three recently proposed adaptive systems that appear, at first reading, to have
nothing to do with each other.

The first is a neuromorphic learning architecture in which connection weights are re-
placed by oscillatory links whose coupling strengths vary rhythmically [1]. Learning
occurs by adjusting the phases of oscillators rather than static weights. When the sta-
tistical structure of the input changes, the synchronization pattern changes as well, re-
vealing distributional shifts before conventional anomaly detectors notice them. The
system detects concept drift not by comparing distributions but by monitoring how its
internal coordination reorganizes around the inputs.

The second is a fluid antenna system in which the physical geometry of a communica-
tion array is continuously reorganized by a generative-adversarial and reinforcement-
learned controller [2]. Instead of fixed antenna elements, the system dynamically se-
lects which ports to activate and what weights to apply, jointly optimizing both deci-

sions to match the changing propagation environment.

The third is an analog compute-in-memory architecture called SCRRAMBLe [3] in which
large neural networks are implemented on crossbar arrays of non-volatile memory by
imposing block-sparse random routing between computational cores. Rather than dense
connectivity, SCRRAMBLe uses sparse inter-core routing tensors with an input-balancing
constraint that encodes signed weights using only positive conductances. Networks
with as little as 10-25% connection density match the performance of fully-connected
counterparts while reducing inter-core traffic by over 97%. Crucially, the effective fan-
in — the average number of incoming connections per core — remains approximately

constant as the number of cores grows, a signature of small-world organization.

In the first system, computation proceeds through phase relationships among coupled
oscillators [6, 7, 8]. In the second, through dynamic selection among physical config-
urations. In the third, through block-sparse routing geometry among memory cores.
The three systems operate in entirely different domains, yet they share a structural pat-
tern suggestive of a common principle: the relevant computational object is not a state
but a geometry of coordination, and adaptation is not parameter adjustment but ge-

ometric reorganization. This essay attempts to make that pattern precise, develop its



consequences, and assess how far the parallel extends.

The Legacy of Fixed Computation

The dominant paradigm in computation rests on an assumption almost never made ex-
plicit: that the computational substrate is fixed while the state it stores varies. A circuit
computes through fixed gates. A neural network computes through fixed weights. A
communication system transmits through fixed antenna elements. A memory accelera-
tor stores through fixed crossbar connections. The architecture is invariant; the content

is variable.

This assumption makes computation tractable, but reveals its limitation in changing
environments. When the data distribution shifts, the propagation channel changes, or
the problem geometry evolves, a fixed substrate optimized for prior conditions may fail.
The standard response is retraining: detect the change, discard the old substrate, learn

a new one. This is the cycle of fix, break, refix.

Cybernetics already identified this limitation: a system maintaining stable behavior in
a variable environment must have sufficient internal variety to absorb the variety of the
environment [27]. If the substrate can reorganize continuously, adaptation becomes an

ongoing process rather than a periodic crisis.

Definition 1 (Fixed versus reconfigurable computation). A fixed computation is a map-
ping fw : X — Y parameterized by a static structure W (weights, topology, physical
configuration). Adaptation requires changing W, treated as an exceptional event.

A reconfigurable computation is a mapping fg(,) : X — Y parameterized by a dynamically
evolving coordination geometry G(t). Adaptation is continuous: G(t) reorganizes in
response to the input stream, and the mapping f changes accordingly.

The distinction is not merely the presence of parameter updates. Gradient descent up-
dates W at each step but is still fixed computation in the relevant sense because the
architecture does not reorganize its topology. Reconfigurable computation means that
the structure of relationships among computational elements changes: which elements

are coupled, how strongly, and in what configuration.

Rhythmic Sharing: Computation Through Phase

The Rhythmic Sharing architecture replaces static connection weights with oscillatory
links [4], inspired by astrocytic oscillatory dynamics [5]. The phase matrix ® evolves

according to:
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where VU is the local mean phase field, Q is the incidence matrix, €1, €x are coupling
hyperparameters, 7 is a phase bias, and o denotes element-wise multiplication. The
system uses an Echo State Network substrate [10] in which recurrent dynamics provide
a rich manifold of transient states.

The global Kuramoto order parameter
TR
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measures phase coordination across all links [8]. Per-input synchrony refines this by
measuring coordination locally around each input channel i, acting as a microscope for

channel-specific drift.

The empirical finding is that per-input synchrony is a sensitive early indicator of dis-
tributional change: synchrony for a drifting channel drops before value-level statistics
cross the conventional anomaly threshold. The coordination is failing before the failure
is visible in the measurements.

Proposition 1 (Coordination-First Detection). Let X (¢) denote an environmental sig-
nal and G(t) the coordination geometry maintained by an adaptive system. If environ-
mental change alters the relational structure of X before it alters its marginal statistics,
then perturbations in G(¢) will precede perturbations in detectors operating directly on
X (t). Consequently, monitoring coordination geometry provides an earlier indicator

of system-environment mismatch than monitoring measurements alone.

This proposition is instantiated, but not proved in full generality, by the Rhythmic Shar-
ing results. It functions here as a motivating hypothesis.

Synchrony as an entropy-reducing coordinate

The per-input synchrony variable may be interpreted as a local repair ratio. Let s;(t) €
[0, 1] denote synchrony around input channel i. Define:

Si(t) = —log(si(t) +¢),

where € > 0 prevents singularity at zero synchrony. If a drift event reduces synchrony
from s; to s; — 6 with 0 < 6 < s;, then the entropy change is:

AS; = log<8181—§j_6) > 0.

A synchrony drop is therefore formally equivalent to an entropy-accessibility increase.

In RSVP terms, this is precisely the transition toward coordination failure. The detector



does not observe the underlying drift directly; it observes the induced increase in ;.

Fluid Antennas: Computation Through Reconfiguration

The fluid antenna system abandons the fixed-position constraint of conventional arrays

[14, 15]. The active geometry at time ¢ is:

where A(t) € {0,1}": is the binary port activation vector and W (¢) € C"s is the beam-
forming weight vector. The adaptive objective is:

P*(t) = arg max P(P, H(t)),

where H (t) is the propagation channel and P is the performance functional. The joint
optimization is a high-dimensional mixed-integer non-convex problem solved via a gen-
erative reinforcement learning framework (PD-GPPO) combining a primary-dual net-

work for beamforming with generative proximal policy optimization for port selection

[2].

The reorganization dynamics operate at two coupled timescales: beamforming weights
W (t) reconfigure rapidly given a fixed port selection, while port activation A(t) recon-
figures on the episode timescale. Together they constitute a continuously renegotiated

coordination geometry between transmitter and propagation channel.

ScRRAMBLe: Coordination Through Sparse Routing

The SCRRAMBLe architecture [3] reveals a third instance of the coordination geometry
principle, this time at the hardware level. Standard analog compute-in-memory accel-
erators face a scaling problem: dense connectivity between cores scales quadratically
in communication cost. SCRRAMBLe resolves this by imposing a block-sparse routing
structure.

Each core divides its neurons into slots — subpopulations of fixed size. Cores com-
municate through a routing tensor Cjj,, that specifies sparse slot-to-slot connections
sampled at a connection density p < 1. A critical insight is the input-balancing con-
straint: for every positively-weighted incoming connection, a negatively-weighted copy

from the same source is routed to another slot. This ensures that the input to each core

>l -0
J

which allows signed weight computation using only positive conductances. Crucially,

is zero-mean:
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the sign is not a property of any individual conductance element; it is a property of the

routing geometry.

Proposition 2 (Sign from coordination). Under the input-balancing constraint, the com-
putationy = W) z(¢) with signed weights W () is implemented by the positive-conductance
matrix G(©) via the linear relation y=a- G929 where a is a scalar and the zero-mean
condition } xgc) = 0 eliminates the bias introduced by the conductance offset. Conse-
quently, function (signed computation) is not a property of individual elements but of
coordination pattern: the same positive conductance participates in positive or negative

effective weight depending on its position in the routing geometry.

Proposition 2 is proved directly by the input-balancing algebra of [3]. Its broader im-
plication is that even the most elementary computational property — sign — can be
a relational property of coordination geometry rather than an intrinsic property of a

component.

Small-world coordination

ScRRAMBLe reveals an unexpected regularity. As network size increases, the optimal
connection density p* decreases, yet the effective fan-in 7 = p* Neores remains approx-
imately constant. Networks with 20 cores use p* ~ 0.5; networks with 60 cores use
p* =~ 0.2; in both cases n ~ 10-12.

This suggests that adaptive systems maintain a characteristic coordination radius in-
dependent of total scale. New cores do not require dense connectivity to all existing
cores; coordination remains localized while still permitting global information propa-
gation — the hallmark of small-world networks [18, 19]. In the coordination geometry
framework, adaptive intelligence appears to operate near a regime of constrained con-
nectivity rather than maximal connectivity: intelligence emerges not from connecting
everything to everything else but from maintaining sufficient pathways for repair and

reorganization while avoiding unnecessary coordination burden.

Routing as CLIO projection

The SCRRAMBLe routing tensor Cjji,, functions as a physically realizable CLIO pro-
jection operator. The full state space of possible core activations is projected onto a

lower-dimensional routing manifold:
o X = gsparsea

where Gsparse 1S the subspace of coordination geometries compatible with the routing
constraints. The environment is not represented directly; only those relations that sur-
vive the routing tensor are preserved. This makes CLIO no longer merely a philosoph-



ical projection operator but a physically realizable routing architecture instantiated in

hardware.

The Coordination Geometry Framework

Definition 2 (Coordination geometry framework). A coordination geometry framework

consists of:
e A state space X representing the environment the system operates in.

e A geometry space G whose elements are coordination structures — configurations

of relationships among the system’s internal components.

e A performance functional P : G x X — R measuring how well coordination

geometry G € G serves the system’s objectives given environmental state z € X.

e A reorganization dynamics G’ = R(G, z, Vg P) governing how the coordination
geometry evolves in response to the environment and the performance gradient.

A system is adaptively intelligent to the degree that its reorganization dynamics R main-
tain G(t) in a high-performance region of G as x(t) changes.

Element Rhythmic Sharing  Fluid Antenna ScRRAMBLe

State space X Sensor stream Channel H Input activations
Geometry G Phase {®, k;;} Port config (A, W) Routing tensor Cjjm,
Performance P Synchrony / F1 Capacity / SNR Task accuracy
Reorganization =~ Phase dynamics PD-Net + GPPO Training + sparsity
R

Coordination ob- Per-input synchrony = Beampattern Slot routing

ject

Conjecture 1 (Coordination geometry as generalization of parameter adjustment). Any
adaptive system whose adaptation can be described as parameter adjustment W =
f(W, X, VL) can be re-expressed in the coordination geometry framework by identi-
tying G with the configuration of relationships among computational elements induced
by W. Parameter adjustment is then a special case in which the topology of relation-
ships is fixed and only coupling strengths change, while the coordination geometry
framework additionally permits topological reorganization. This embedding from pa-
rameter space into geometry space has not been formally established here.



A taxonomy of reorganization types

Not all coordination geometry reorganizations are equivalent. The three systems ex-

amined suggest a preliminary classification along three axes.

Topological vs. parametric reorganization. Topological reorganization changes which ele-
ments are coupled: port activation in fluid antennas, routing tensor structure in ScR-
RAMBLe, effective coupling topology in Rhythmic Sharing via phase locking. Paramet-
ric reorganization changes how strongly existing couplings act: beamforming weights,
oscillator coupling strengths. The core claim of the coordination geometry framework is

that topological reorganization is primary and parametric reorganization is secondary.

Timescale. Rhythmic Sharing’s phase dynamics operate at the oscillation period (fast,
continuous). Fluid antenna beamforming weights reconfigure on a channel coherence
timescale (fast, continuous). Port selection reconfigures on the RL episode timescale
(slow, discrete). SCRRAMBLe’s routing tensor is fixed at the architecture level and re-
organizes only via retraining (slowest, discrete). A system’s adaptive capacity depends
on which timescales are active: topological reorganization on fast timescales is more

powerful but harder to analyze.

Local vs. global reorganization. SCRRAMBLe’s block-sparse structure ensures that each
routing change is local (one slot-to-slot connection); global performance emerges from
many such local changes. Rhythmic Sharing’s phase dynamics are local (each link ad-
justs based on its neighbors) but can produce global synchronization transitions. Fluid
antenna port selection is effectively global (the full activation vector changes). The
small-world result suggests that local reorganization with sparse global connectivity

may be the optimal regime for scalable adaptive systems.

This taxonomy does not change the core argument: all three systems are better de-
scribed by coordination geometry reorganization than by parameter adjustment alone.
But it clarifies that the framework is a family of mechanisms, not a single mechanism,

and that different regimes may require different analysis tools.

A minimal variational form of coordination repair

The reorganization dynamics can be written as gradient flow on a mismatch functional.
Let:
E£(G,xz) = —D(G,z) + \C(G),

where D(G, z) measures coordination quality between geometry G and environmental
state x, C'(G) is a structural cost penalizing excessive reconfiguration, and A > 0 controls

the trade-off between adaptation and stability. A minimal repair dynamics is:

G = —VeE(G,z) = VaD(G, 1) — A\VaC(G).



The first term is adaptive pressure; the second is coherence-preserving inertia.

Proposition 3 (Monotonic repair under gradient flow). If z is held fixed and G/(t) evolves
by G = —V5&(G, ), then £(G(t), x) is non-increasing along trajectories.

Proof. By the chain rule,

%6(G(t),m) = (VGE(G,2),G) = (Ve€(G,z), —VeE(G,z)) = —|VeE(G, z)|* < 0.

The mismatch functional decreases monotonically unless the system is already at a crit-

ical point. O

Remark 1 (Non-stationary environments). Proposition 3 assumes a fixed environmental
state x. In realistic settings, z(t) and G(t) change concurrently. The total time derivative

of the mismatch functional then includes an environmental drift term:

L E(C(1),2(1) = ~|VGEP + (VaE(C, ), &)

The second term can increase £ even as the system descends the geometry gradient,
because the target moves while repair is underway. The framework does not guar-
antee convergence in non-stationary environments; it provides a tracking bound: if
|V.E - &| < |[VaE[?, then the net mismatch remains non-increasing. This is the formal
expression of the intuition that adaptation must be faster than environmental change.
The coordination-first detection result (Proposition 1) is valuable precisely because it
extends the window available for repair: by detecting AS; > 0 before performance de-

grades, the system gains lead time in which the inequality above is more easily satisfied.

Coordination Geometry and Scale

The coordination geometry framework does not assume that coordination occurs at a
single scale. A coordination geometry may exist among neurons, among oscillatory
subnetworks, among communication ports, among software modules, or among hard-

ware cores. The framework is scale-relative.

Let G1,Ga,...,G, denote coordination geometries defined at different organizational
levels. A higher-level geometry may emerge from the lower-level geometry through a
projection:

Wisiv1: Gi = Giga,

forming a tower G; — Go — -+ — G,,.

Coordination detected at one scale need not be visible at another. A local coordination

failure may remain invisible globally; a global coherence collapse may emerge from



the accumulation of many local failures. The SCRRAMBLe small-world result instanti-
ates this structure concretely: slot-level coordination (within-core dense connectivity)
is distinct from core-level coordination (sparse inter-core routing), and the two levels
have different optimal densities. The system achieves global performance through local

coordination rather than global dense connectivity.

Coordination Before Representation

The standard picture of adaptive intelligence places representation at the center [24]:
Perception — Representation — Action.

The coordination geometry framework suggests an alternative, connecting to enactivist
and dynamical-systems traditions [25, 23, 26]:

Coordination — Representation — Action.

Stable coordination produces persistent patterns that can be read out as representations.
Representations are not the foundation on which coordination is computed; they are the
residue of coordination that has been sustained.

In Rhythmic Sharing, the “representation” of the input distribution is not a weight
matrix but the current coordination geometry: the phase relationships and coupling
strengths the network has settled into through exposure to the data. In the fluid an-
tenna system, the actively maintained port configuration and beamforming weights are
the system’s best current coordination with the propagation environment. In SCRRAM-
BLe, the authors explicitly treat the outputs of individual cores as population-coded fea-
ture vectors maintained by routing structure rather than by dedicated storage. Features
persist through coordination among subpopulations, not through dedicated symbolic

storage locations.

Definition 3 (Representation as coordination residue). A representation in the coordi-
nation geometry framework is a stable pattern that persists in a system’s coordination
geometry G(t) across perturbations of the input. Formally, a representation is an equiv-
alence class of coordination geometries that produce the same system behavior under

the current class of inputs. Representations are not stored; they are maintained.

Proposition 4 (Representations as coordination invariants). A coordination geometry
G™ is a representation in the sense of Definition 3 if it belongs to a stable invariant set 7

of the reorganization dynamics under the current environmental class:

G* e, R(G,x,V(;P)‘ €TeZ forallG e,

TEXp
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where T T is the tangent space of Z at GG, and the invariant set is Lyapunov stable with
basin of attraction N'(Z).

Remark 2 (Fixed points vs. limit cycles). The generalization from fixed points to invari-
ant sets is necessary because in practice, coordination attractors are often limit cycles
or quasi-periodic orbits rather than point equilibria. Rhythmic Sharing’s phase-locked
states are limit cycles: the phases continue to evolve, but their relative configuration —
the pattern that constitutes the representation — remains stable. Proposition 4 accom-
modates this by requiring only that R maps the invariant set to itself, not that any fixed
point exists within it. A representation is identified with the behavioral equivalence

class of the invariant set, not with a particular point on it.

The proposition is a definition-as-theorem: it characterizes what we mean by “stable
representation” in the dynamical systems language of the framework, rather than prov-
ing from first principles that representations must be stable invariants. The empirical
content comes from the specific systems: for Rhythmic Sharing, the claim is that the per-
input synchrony values characterizing a stable input regime form a Lyapunov-stable set
under the Kuramoto-like dynamics; for the fluid antenna system, that the optimal port
configuration for a given channel class forms a stable fixed point of the RL policy; for
ScRRAMBLe, that the routing tensor that achieves near-optimal performance for a given
task is stable under small perturbations of the input data.

Memory is a coordination geometry that resists perturbation across long timescales;
forgetting is the decay of that geometry when maintenance is insufficient. A long-term
memory is a repair equilibrium sustained by the neural coordination structures that
supportit. The same analysis applies to institutional memory, scientific knowledge, and
semantic coherence — each is a coordination geometry that must be actively maintained
to persist [27, 28]. The free-energy principle offers a related account in which biological

systems minimize prediction error rather than store explicit representations [21].

Drift is the event in which G* ceases to be a stable attractor: its basin of attraction col-
lapses because X has changed. Detection of drift is detection of this collapse — a syn-
chrony drop, a beampattern mismatch — before the nominal performance metric has
yet reflected it. Adaptation is the emergence of a new attractor G** suited to the new

environmental class.

Multiple realizations of representation

The identification of representations with coordination residues does not imply a one-
to-one correspondence between environmental states and representations. Let 7 : X —
M be the projection induced by a coordination geometry. In general, 7(x;) = 7(z2)
may hold for distinct z; # x2: the system compresses many environmental configu-

11



rations into a single representational state. Representations are equivalence classes of

environmental situations that induce sufficiently similar coordination patterns.

This many-to-one structure is not a limitation but a requirement for adaptive behav-
ior. A system producing a distinct representation for every environmental variation
would fail to generalize. Stable behavior requires compression. SCRRAMBLe makes
this explicit: weight sharing across feature dimensions (the slot mechanism) deliber-
ately maps multiple incoming signals to the same stored weights, achieving generaliza-
tion through structured invariance rather than explicit case enumeration.

RSVP Interpretation

The RSVP field triple (®, v, Srsyp) provides a continuous field-theoretic language for
all three systems under the same description [22]. The identification is not a proof that
RSVP uniquely determines the behavior of these systems; it demonstrates that the field-
theoretic concepts provide a natural vocabulary for the coordination geometry frame-
work.

Remark 3 (Sign convention). Throughout this section, Srsyp = —log p where p is the
repair ratio — the ratio of semantic support to admissibility threshold at a field node.
This is not thermodynamic entropy but an admissibility measure: Sgsyp < 0 character-
izes states inside the admissibility manifold (p > 1) and Srgyp > 0 characterizes states
outside it (p < 1). The zero level set is the admissibility boundary.

Definition 4 (Lamphrodyne relaxation). Lamphrodyne relaxation is the process by which
a system reorganizes its coordination geometry to reduce Sgsyp and restore admissibil-
ity following a coordination failure. If Sgrsyp(x) > 0 at some field node, lamphrodyne
relaxation drives Sgsyp(z) — 0 by reorganizing G rather than by changing x directly.

Definition 5 (RSVP-coordination correspondence). Under the identification (Srsyp =
—log p, ® = Ssupport, |Vij| = a(i, 7)), the three systems map onto RSVP field dynamics
as follows.

Rhythmic Sharing: Per-input synchrony s;(t) is identified with exp(—Srsyp(;)). High
synchrony is low Sgrsyp, meaning tight coordination inside the admissibility region.
Phase reorganization when synchrony drops is lamphrodyne relaxation.

Fluid Antenna: The active port configuration concentrates ®: activating a port at = in-
creases ®(r), concentrating constraint propagation at that location. Beamforming weights
determine the direction and strength of v. Port selection is the search for the configura-

tion minimizing Srsyp across relevant field nodes.

ScRRAMBLe: The routing tensor Cj;p,, determines which field nodes are connected by

12



v and with what strength. Sparse routing is a sparse v field; block structure is spatially
coherent constraint propagation. The input-balancing constraint ensures that the net
entropy flux entering each core is zero-mean, maintaining Sgrsyp < 0 locally by con-

struction.

Operational proxies for Sgrsyp

The RSVP framework is actionable only if Srsyp can be computed online before perfor-
mance degrades. The following domain-specific proxies are proposed as computable
early indicators, distinct from the lagging performance metrics (F1, SNR, accuracy) that

confirm failure after it occurs.

Rhythmic Sharing: S;(t) = —log(si(t) + €) where s;(t) is per-input synchrony. This is
already computed by the algorithm and has been empirically validated as a leading
indicator in the paper’s datasets.

~

Fluid antenna: A natural proxy is the condition number «(H (t)) of the effective channel
matrix after port projection, H(t) = H(t) - A(t). High condition number indicates that
the current port configuration poorly spans the channel, i.e., the projection 7¢ is near-
singular — a coordination failure that will produce performance degradation before
SNR itself drops below threshold.

ScRRAMBLe: A natural proxy is the variance of input sums across cores, o2(" y xg-c))c.
Under perfect input balancing this variance is zero. Growing variance signals that the
routing geometry is failing to maintain its balancing constraint — the coordination is

degrading even if task accuracy has not yet declined.

These proxies are consistent with the Coordination-First Detection principle (Proposi-
tion 1): each measures a property of the coordination geometry rather than a property

of the output, and each is computable in advance of performance collapse.

Proposition 5 (Adaptation as lamphrodyne relaxation). In all three systems, adaptation
has the structure of lamphrodyne relaxation:

Srsvp(z) >0 == reorganizeG == Srgyp(z) < 0.

In Rhythmic Sharing, the trigger is a synchrony drop; in the fluid antenna system, a per-
formance decline; in SCRRAMBLe, gradient-based reorganization of the routing tensor
during training. All three are instances of a system detecting that it has exited its ad-

missibility region and reorganizing to return.

Connecting back to Proposition 4: the collapse of a coordination attractor is precisely
the event Sgrsyp > 0. Lamphrodyne relaxation re-establishes a stable attractor G** with
Srsvp < 0, completing the adaptation cycle. Systems monitoring Srsyp directly will

13



therefore detect attractor collapse earlier than systems waiting for performance to de-
grade — which is the Rhythmic Sharing result.

CLIO and Projection Geometry

Both Rhythmic Sharing and the fluid antenna system perform compression of environ-
mental information into a lower-dimensional coordination manifold:

m: X — M,

where M is the manifold of admissible coordination states. In Rhythmic Sharing, the
projection maps sensor stream X (¢) € R" to the synchrony manifold S(¢) € [0, 1]".
In the fluid antenna system, the projection maps channel H € CNr*Mt to the active
configuration P(t) = (A(t), W (t)).

ScRRAMBLe generalizes this: the routing tensor Cj;y,,, implements 7¢ : X — Ggparse as
a physically realizable operator. The full high-dimensional input space is projected onto
the sparse subspace of coordination geometries compatible with the routing constraints.
This is not a fixed projection — weight sharing across slots means that the projection
adapts as the routing geometry is learned — but its topological structure (which cores
connect to which) is fixed by the random routing tensor and the sparsity parameter p.

Proposition 6 (Coordination as adaptive CLIO projection). In all three systems, the
coordination geometry G(¢) functions as a CLIO projection of the environmental state
X(t): a lower-dimensional manifold that amplifies structure relevant to the system’s
objectives while compressing structure that is irrelevant. The projection is adaptive: as
X (t) changes, G(t) reorganizes to maintain the quality of the projection. This is the key
distinction from fixed dimensionality reduction: the mapping is continuously renego-

tiated with the environment, not applied statically to it.

The adaptive CLIO projection is what allows all three systems to detect or respond to
changes that fixed projections would miss. In SCRRAMBLe, the finding that perfor-
mance is approximately invariant across a wide range of connection densities (from
10% to 80% in the CIFAR experiments) implies that many distinct routing geometries
project into equivalent coordination manifolds for the task at hand — a form of projec-

tion robustness consistent with Proposition 6.

Coordination, Performance, and Failure

The coordination geometry framework does not claim that every coordination geometry

is beneficial. Coordination can become maladaptive.

14



Let G* be a stable coordination attractor. Stability alone does not imply optimality.
A system may remain trapped in a geometry that was previously successful but is no
longer appropriate: this is the coordination-geometry analogue of the overfitting prob-
lem. A network may develop a stable phase pattern suited to training data that fails to
generalize; a fluid antenna may lock onto a port configuration suited to a prior chan-
nel state; a reservoir may settle into a dynamics that was once adaptive but no longer
matches the current environment.

The performance functional P(G,z) mediates the trade-off between stability and re-
configurability. Reorganization dynamics must preserve enough continuity to main-
tain useful coordination while remaining flexible enough to discover new geometries
when environmental conditions change. Proposition 3 shows that gradient flow on the
mismatch functional monotonically reduces £, but does not guarantee finding a global

optimum. Local attractors in coordination space can trap the system.

The central problem of adaptive computation is therefore not maximizing stability or
maximizing change. It is maintaining the appropriate balance between persistence and
reorganization — between A\V5C(G) (coherence-preserving inertia) and Vg D(G, x)
(adaptive pressure) in the variational form.

Toward Reconfigurable Intelligence

The coordination geometry framework, motivated by three concrete systems from dif-
ferent domains, suggests a broader conjecture about adaptive computation. Current
intelligent systems operate predominantly on fixed substrates: large language mod-
els have fixed weights, base stations have fixed antenna elements, memory accelerators
have fixed crossbar connections, and when the environment changes in ways the fixed

substrate cannot accommodate, the intelligence fails.

Reconfigurable intelligence operates differently. The substrate reorganizes, and intel-
ligence is the process of maintaining coordination across that reorganization. Each of

the three systems examined here instantiates a specific element of Definition 2.

Rhythmic Sharing in silicon: Neuromorphic hardware based on oscillator networks im-
plements Rhythmic Sharing in silicon [11, 12]. The coordination geometry is the phys-
ical oscillator coupling state (G), and R operates on phase relationships rather than
stored weights.

Reconfigurable intelligent surfaces: These implement the fluid antenna principle at large
scale [16, 17]. The surface geometry is G, the propagation channel is X, and the config-
uration policy is R.

Scalable analog memory: SCRRAMBLe demonstrates that sparse coordination geometry

15



can match dense representation at a fraction of communication cost — that the routing
manifold Gsparse is functionally equivalent to the full representation space for the rel-
evant tasks while requiring 97% less traffic. This is empirical evidence that G can be
dramatically sparser than X without loss of adaptive capacity.

Reservoir computing: A high-dimensional dynamical system projects inputs onto a rich
manifold of transient states, with learning only at the readout layer [11, 9, 13]. Even
when G is fixed, coordination geometry provides adaptive capacity that static mapping
cannot; as G itself becomes adaptive, the capacity grows further.

Active inference: Organisms maintain internal generative models and minimize free en-
ergy by acting on the environment [21]. The generative model is a coordination geome-
try and free energy minimization is lamphrodyne relaxation renegotiating both internal

geometry and environmental coupling simultaneously.

Conjecture 2 (Reconfigurable Intelligence). An adaptively intelligent system N oper-
ating in a changing environment X (¢) maintains performance by continuously reorga-

nizing its coordination geometry G(t) to satisfy:
Srsvp(mg(x)) <0 forallz € X(t),

where 7g is the CLIO projection induced by the current coordination geometry and
Srsvp < 0 is the admissibility condition. When this condition is violated, the system
reorganizes G via lamphrodyne relaxation. Intelligence is the capacity to sustain this
reorganization-repair cycle across the range of environmental changes the system en-

counters.

Implementation Pathways

The coordination geometry framework suggests a generic four-layer architecture for re-
configurable adaptive systems. The common requirement is that the system must ex-
pose its coordination geometry as an object of measurement and control, rather than

hiding it inside fixed parameters.

The sensing layer receives an environmental stream X (¢) — sensor data, channel mea-
surements, user behavior, machine telemetry, biological recordings. Its role is not to
solve the task directly but to preserve enough temporal and relational structure for
downstream coordination dynamics to detect changes that may not yet appear in lo-
cal statistics.

The coordination layer maintains a dynamic geometry G(¢) over the incoming stream: a
graph of coupled oscillators, a reservoir state, an attention topology, a port-selection
manifold, a routing tensor, a reconfigurable sensor layout. The essential requirement is
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that G(¢) changes when the relational structure of X () changes.

The reorganization layer updates G(t) in response to mismatch — by reinforcement learn-
ing, gradient flow, evolutionary search, message passing, Bayesian filtering, active in-
ference, adversarial generation, or local Hebbian updates. The specific method is less
important than the fact that the adaptive variable is the system’s relational structure,
not merely a parameter vector.

The readout layer converts the current coordination geometry into task-relevant action:
a synchrony score, a beamforming pattern, a motor policy, a routing decision, a stable
representation.

A generic implementation:
X(t) — G(t) — y(t), with G(t) = R(G(1), X (¢), P(G(t), X (1)) -

The practical design rule: do not only ask what state the system is in. Ask what coordi-
nation geometry the system is maintaining, how that geometry fails, and what reorga-
nization process restores it.

Open Questions

The coordination geometry framework currently sits at the level of a research programme
rather than a fully formalized theory. Three questions mark the boundary between
what the framework establishes and what it leaves open.

Falsifiability. The claim that adaptive intelligence is fundamentally coordination geom-
etry reorganization would be falsified by a system that: (a) achieves robust perfor-
mance across a changing environment without any topological reorganization, using
only parametric adjustment of fixed weights; and (b) cannot be re-described as coor-
dination geometry reorganization without making the framework vacuous (i.e., with-
out identifying “geometry” with the weights themselves). Deep learning systems that
generalize across distribution shifts via weight interpolation are the strongest candi-
date counterexample. If interpolation between fixed-weight solutions is sufficient for
robust generalization, the topological reorganization requirement may be too strong.
The framework would need to be weakened to: “topological reorganization is sufficient
but not necessary for robust adaptation, and it is the most efficient mechanism when it

is available.”

The small-world constant. The SCRRAMBLe result that effective fan-in  ~ 10-12 remains
constant across scales is striking. Whether this constant can be derived from first prin-
ciples within the coordination geometry framework is an open problem. A candidate

derivation: 7 is the value at which the repair-rate term |V€|? in Proposition 3 balances

17



the environmental drift term |V,£ - | at a typical rate of environmental change. If so,
7 is not a universal constant but a function of the ratio of reorganization speed to en-
vironmental change rate — a predicted scaling law that could be tested by varying the
non-stationarity of the input in SCRRAMBLe-style experiments.

A common algorithmic principle. The three systems use different optimization paradigms:
phase-coupled ODEs (Rhythmic Sharing), generative RL (fluid antennas), gradient de-
scent on routing tensors (SCRRAMBLe). A candidate unifying principle is online pro-
jection pursuit: each system is continuously searching for the low-dimensional coor-
dination manifold that best projects the environmental structure relevant to the task.
Rhythmic Sharing finds this manifold through synchronization; fluid antennas through
port selection and beamforming; SCRRAMBLe through sparse routing. The three are in-
stances of different algorithms for the same optimization problem: minimize Sggyp(7g(z))
over the space of admissible coordination geometries. Whether this can be given a uni-
fied algorithmic treatment — for instance, as geodesic flow on G equipped with a metric
derived from the mismatch functional £ — is the deepest open question raised by the
framework.

Conclusion

The Rhythmic Sharing algorithm shows that concept drift is detectable through coordi-
nation geometry reorganization before it is detectable in value-level statistics. The fluid
antenna system shows that communication performance is improvable through phys-
ical geometry reorganization beyond what fixed-substrate optimization achieves. ScR-
RAMBLe shows that block-sparse coordination geometry can match dense representa-
tion at a fraction of the communication cost, and that optimal effective fan-in remains
constant as network scale grows — an empirical signature of intelligence emerging from

sparse relational structure rather than dense accumulation.
The four central claims of the essay are:

Coordination-first detection (Proposition 1): adaptive systems often detect environmental
change through perturbations in coordination geometry before those perturbations are

visible in measurement statistics.

Representation as coordination invariant (Definition 3, Proposition 4): representations are
stable invariant sets in coordination space, accommodating both fixed points and limit
cycles. Memory is coordination maintenance. Forgetting is coordination decay. Drift is

invariant set collapse.

Sparse coordination sufficiency (Proposition 2, SSRRAMBLe results): coordination ge-
ometries far sparser than the full representation space can preserve adaptive capac-
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ity. Intelligence depends on the geometry of admissible coordination pathways, not on

maximal connectivity.

Small-world scaling: optimal adaptive systems maintain approximately constant effective
fan-in as they scale, operating near a regime of constrained connectivity rather than

maximal connectivity.

The RSVP framework provides a unified vocabulary: ¢ encodes coordination density, v
encodes its propagation, and Sgsyp = — log p measures admissibility. Drift is Srsyp > 0.
Adaptation is lamphrodyne relaxation.

Representation is not the foundation of intelligence but its stable residue. What persists
when coordination is sustained is a representation; what dissolves when coordination
fails is a representation. The foundation is the coordination itself: the ongoing work of
maintaining a geometry of relationships that keeps the system within its admissibility
manifold as the world changes.

The map does not precede the territory. The map is what the territory looks like when
the coordination between observer and environment has been sustained long enough
to leave a stable trace.

Flyxion / Independent Researcher. 2026.
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