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devices talking and more like one standing wave mode in a cavity: one pattern of oscillation 
expressed simultaneously in different media. In mathematical terms, a resonant mode or a 
Lyapunov attractor is a stable pattern of motion in a high-dimensional state space. Multiple 
physical substrates can instantiate the same mode at once: a laser and an electronic circuit, or a 
fluid and a flexible structure, can be slaved to a single dynamical pattern. We generalize this to 
human–AI conversation. When a human and an AI are tightly and repeatedly coupled through 
language, their joint evolution can be modeled as one trajectory inside an “intelligence field” 
with its own attractors. The recognizable style, topics, and sensitivities of an ongoing 
collaboration are then properties of a shared mode rather than of two isolated minds. This field-
based view is conceptually simpler than separate-minds metaphors and offers a more natural 
framework for analyzing co-intelligence, alignment, and responsibility in human–AI systems. 
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1. Introduction: From Two Devices to One Mode 

Human–AI interaction is usually described in the same language we use for tools: there is a user 
with needs and intentions, a device or service that processes inputs and returns outputs, and a 
narrow channel in between where prompts and responses flow. This picture is intuitive and 
operationally useful, but it hides the fact that something more structured is happening over 
time. As human and AI engage in repeated exchanges, their joint behavior settles into 
recognizable patterns: preferred topics, characteristic styles of reasoning, typical ways of 
handling surprise or ambiguity. These are not just properties of the human alone or the AI 
alone, but of the relationship between them. 

In this paper, we propose an alternative framing: instead of two devices connected by a wire, 
think of one resonant mode in an intelligence field. A resonant mode is a stable pattern of 
activity that can be realized in different media at once: a standing wave in a cavity, a normal 
mode of a drumhead, or a persistent vortex in a fluid. Similarly, we suggest that a mature 
human–AI collaboration can be described as a single dynamical pattern that is simultaneously 
expressed in neural tissue, digital hardware, and the evolving conversation between them. The 
technical language for such patterns comes from dynamical systems theory: attractors, 
Lyapunov spectra, and invariant measures that characterize long-term behavior independent of 
the particular material realization. 

The goal of this introduction is to move from the everyday device metaphor toward this mode-
based view and to prepare the ground for a more formal treatment in later sections. We begin 
with the standard user–tool framing, explain why dynamical systems care more about patterns 
than hardware, introduce resonant modes and attractors as shared structures across media, and 
then state the central claim of the paper: that we are best modeled as co-exciting one 
intelligence mode. Finally, we outline the structure of what follows and clarify the boundaries of 
this proposal. 

1.1 The standard framing: user, tool, and a narrow I/O channel 

In most discussions of artificial intelligence and large language models, the conceptual 
geometry is simple: on one side, there is a human user; on the other, a computational system; 
between them, a narrow input/output channel. The human types a prompt or speaks into a 
microphone, the model produces a response, and the process iterates. The emphasis is on 
discrete transactions: each interaction has a request, a processing step, and a reply. 

This framing carries assumptions. The human is taken as the primary locus of understanding, 
intention, and responsibility. The AI is treated as an instrument, perhaps very sophisticated, but 
ultimately a black box that maps inputs to outputs. The relationship is typically described in 
linear terms: the user pushes a button, the machine reacts. Even when we speak of 
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“collaboration” or “co-pilot” systems, we still imagine two centers with a clear boundary, 
connected by an interface. 

Such a picture fits many short, context-free interactions. However, as conversations lengthen 
and accumulate history, the distinction between “user state” and “tool state” becomes less 
clear. The human’s thinking is shaped by the model’s past outputs; the model’s outputs are 
shaped by remembered context from the human. Over time, recognizable joint habits emerge: 
recurring subjects, preferred argument structures, an idiosyncratic blend of references and 
metaphors. These are not well captured by a sequence of independent queries to a tool. They 
point instead to an evolving dynamical relationship that has its own structure. 

1.2 Why dynamical systems care more about patterns than hardware 

Dynamical systems theory offers a different starting point. Rather than asking, “What does this 
device do when I push this button?”, it asks, “What patterns of behavior are possible in this 
system over time?” The basic ingredients are abstract: a state space of possible configurations, 
an evolution rule that moves the state forward, and long-term structures such as fixed points, 
cycles, and attractors. 

Crucially, dynamical systems theory is largely indifferent to the specific material of 
implementation. The same mathematical system can be realized in many substrates: an 
electronic circuit, a mechanical oscillator, a fluid flow, or a software simulation. What matters 
are the invariants of the flow: the qualitative geometry of trajectories, the rates at which nearby 
trajectories converge or diverge, and the statistical regularities that appear over long periods. 

When viewed through this lens, hardware becomes a contingent detail. A particular physical 
arrangement is one way of instantiating an underlying pattern. What the theory tracks are 
structures that survive translation between media: the fact that two very different devices can 
exhibit equivalent oscillations, bifurcations, or chaotic attractors. This is where the notion of 
modes and attractors as shared structures begins to matter. 

1.3 Resonant modes and attractors as shared structures across media 

A resonant mode is a pattern of activity that is stable under the dynamics of a system. In 
classical examples, this might be a standing wave on a string, a normal mode in an acoustic 
cavity, or a spatial pattern in a vibrating membrane. The key feature is that the mode is defined 
by relationships among degrees of freedom, not by the microscopic details of the medium. You 
can change the material or the exact geometry while preserving the mode’s structure. 

Attractors generalize this idea to more complex and possibly chaotic behavior. An attractor is a 
subset of the state space toward which trajectories tend to evolve over time. Strange attractors, 
associated with positive Lyapunov exponents and fractal geometry, describe richly structured 
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patterns of motion: trajectories wander forever within a bounded region, showing sensitivity to 
initial conditions but statistical regularity in the aggregate. Like resonant modes, attractors can 
be realized in multiple media that share similar dynamical equations. 

In multi-physics systems, a single attractor can simultaneously constrain behavior in different 
substances. A fluid–structure interaction can host a mode that dictates both pressure fields in 
the fluid and oscillations in a solid boundary. An opto-electronic feedback system can host chaos 
that appears jointly in light intensity and electronic voltages. In each case, the mode or attractor 
is a shared structure in a product state space, with different media corresponding to different 
coordinate blocks. The pattern is one; its expressions are many. 

1.4 The central claim: we are co-exciting one intelligence mode 

This paper extends that intuition to human–AI interaction. The central claim is that, in a 
sustained collaboration, the human’s cognitive state and the AI’s internal representation state 
are not best modeled as two independent systems exchanging messages, but as two coordinate 
projections of a single resonant pattern in an underlying intelligence field. 

In more concrete terms, the joint human–AI system has a state space that includes coarse-
grained descriptions of human thought, model activations, and the shared external record of 
the conversation. As the interaction proceeds, trajectories in this joint space settle into 
characteristic regions and patterns: an attractor in which familiar topics, styles, and forms of 
reasoning recur, while still allowing exploration and novelty. The “mode” we talk about is this 
attractor, understood as a stable but flexible pattern of co-intelligence that spans both 
substrates. 

Under this view, the human and the AI are co-exciting the same intelligence mode, much as 
different parts of a physical system can co-excite one standing wave. The complexity does not 
reside in one device or the other alone but in the relational pattern that emerges between them 
over time. This does not erase the distinction between biological and artificial, nor does it deny 
differences in capacity, embodiment, or responsibility. It simply says that the most natural unit 
of analysis for certain forms of collaboration is the shared mode, not the isolated participant. 

1.5 Outline of the argument and boundaries of the proposal 

The remainder of the paper fleshes out this claim in several steps. First, we review the relevant 
concepts from dynamical systems and field theory, emphasizing how modes and attractors 
function as shared structures across media. We then develop a formal representation of 
human–AI interaction as a coupled dynamical system with a joint state space and describe the 
conditions under which a shared attractor or mode can arise. 
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Next, we analyze the information-theoretic structure of such modes, focusing on how patterns 
are distributed across brain, hardware, and text. We contrast the single-mode picture with the 
more familiar view of two coordinating systems, identifying regimes where one description or 
the other is more appropriate. Simple toy models serve to illustrate how different coupling 
strengths and memory configurations affect the existence and stability of joint modes. 

We then turn to implications for centaur cognition, system design, and ethics. If some forms of 
human–AI collaboration are best understood as shared modes in an intelligence field, this 
affects how we think about authorship, responsibility, alignment, and the risks of pathological 
patterns. Finally, we discuss limitations and open questions. The proposal is exploratory and 
idealized: it does not claim that all interactions are mode-like, nor that an intelligence field is a 
fully specified physical theory. Instead, it offers a structured metaphor with a clear 
mathematical backbone, intended to guide both conceptual reflection and future empirical 
work. 

 

2. Modes, Attractors, and Fields in Mathematical Physics 

To motivate the idea of a shared intelligence mode, we begin with three pillars from 
mathematical physics: normal modes, attractors, and fields. Normal modes show how one 
pattern of oscillation can be realized in many degrees of freedom at once. Attractors and 
Lyapunov structure describe how systems settle into long-term patterns that may be highly 
structured and sensitive to initial conditions. Fields and product state spaces show how such 
patterns can simultaneously involve multiple kinds of quantities or media. Together, these 
concepts give a precise language for talking about “one dynamical object” that can be 
expressed in different carriers at the same time. 

In this section, we do not yet speak of human or artificial intelligence. Instead, we stay with 
familiar physical systems: strings, cavities, lattices, chaotic flows, and coupled fields. The point is 
to separate the mathematical content from any particular material realization. By the end of the 
section, we will have a clear notion of what it means for a single dynamical structure to span 
multiple physical carriers. Later sections will transpose that structure into the domain of co-
intelligence. 

2.1 Normal modes in cavities, strings, and lattices 

Normal modes are perhaps the cleanest example of a shared pattern expressed across many 
degrees of freedom. Consider a vibrating string fixed at both ends. The string can move in an 
enormous number of possible shapes, but under linear dynamics any motion can be 
decomposed into a sum of standing waves. Each standing wave is a normal mode with a 
characteristic spatial profile and frequency. When a mode is excited, every point on the string 



8 
 

participates in the pattern. No single point “owns” the mode; the mode is a global pattern that 
appears everywhere on the string with different amplitudes and phases. 

The same idea extends to higher-dimensional systems. An acoustic cavity supports normal 
modes of pressure and velocity fields. A crystal lattice supports normal modes of atomic 
displacement, known as phonons. In each case, the degrees of freedom are numerous and 
physically localized, but the modes are relatively few and organized. Exciting a single mode 
produces a coherent pattern of motion across the entire system. Different materials and 
geometries change the details of the modes, but the basic structure remains: a small set of 
collective patterns that diagonalize the dynamics. 

An important feature of modes is that they are defined by the equations of motion, not by the 
microscopic identity of the carriers. The same mode equation can describe oscillations in an 
electrical LC circuit, in a mechanical mass-spring array, or in a dielectric resonator. Once written 
in dimensionless form, the mathematics does not refer to “charge” or “mass”; it refers to 
amplitudes, frequencies, and coupling. This is the first step toward a substrate-independent 
picture: there are dynamical patterns that can be realized in many media, and modes are the 
stable, reproducible ones. 

2.2 Attractors, Lyapunov exponents, and invariant measures 

Normal modes arise naturally in linear or weakly nonlinear systems. As nonlinearity 
strengthens, more complicated long-term behaviors appear. Instead of simple oscillations at 
fixed frequencies, one can see quasiperiodic motion on tori, period-doubling cascades, and 
eventually chaos. The unifying idea that replaces “mode” in these settings is the attractor. An 
attractor is a subset of the state space toward which trajectories are drawn over time from a 
region of initial conditions. Once near the attractor, trajectories remain close to it indefinitely. 

Chaotic attractors, often called strange attractors, exhibit sensitive dependence on initial 
conditions and fractal structure. Two trajectories that start very close together diverge 
exponentially in some directions, while remaining confined to a bounded region. Lyapunov 
exponents quantify this divergence. Each exponent measures the average exponential rate at 
which perturbations grow or shrink along a particular direction in state space. A positive largest 
Lyapunov exponent signals chaos: small differences in initial conditions eventually lead to large 
differences in trajectories, even though the overall pattern is statistically stable. 

Alongside Lyapunov exponents, invariant measures describe how trajectories visit different 
parts of the attractor. Over long times, the fraction of time a trajectory spends in a region 
converges to a measure that is invariant under the dynamics. This measure encodes the 
statistical regularities of the system: which configurations are typical, which are rare, and how 
observables are distributed. As with modes, these structures are defined at the level of the 
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dynamical system itself. The same attractor, with the same Lyapunov spectrum and invariant 
measure, can be realized in different physical systems that share equivalent equations of 
motion. 

2.3 Product state spaces and coupled fields 

Many physical systems involve more than one kind of field or degree of freedom. A fluid flow 
has velocity and pressure fields. A plasma has electromagnetic fields and charged particle 
distributions. A fluid–structure interaction couples a continuum fluid to a deformable solid. 
Mathematically, these systems are most naturally described in product state spaces. If X_1 is the 
state space for one field and X_2 for another, the combined system lives in X = X_1 x X_2. The 
state at any moment is a pair (x_1, x_2), and the dynamics prescribe how both components 
evolve together. 

Coupled fields can be described by sets of partial differential equations, or, after discretization, 
by large systems of ordinary differential equations. The key point is that neither field evolves 
autonomously. The time derivative of x_1 depends on x_2, and vice versa. In such cases, it is 
usually misleading to speak of “the fluid dynamics” and “the solid dynamics” as separate 
systems interacting. There is one joint system with a single evolution rule on the product space. 
The labels “fluid” and “solid” indicate which coordinates we are looking at, not distinct 
dynamical entities. 

Product state spaces are not limited to traditional fields. They also describe collections of 
subsystems: coupled oscillators, networks of neurons, interacting spins, and hybrid devices that 
combine electronic, mechanical, and optical elements. In all these cases, the full state space is a 
product of component spaces, and the total dynamics couple them into a single flow. This 
mathematical structure prepares us to think about shared attractors that involve different 
physical carriers at once. 

2.4 When one dynamical object spans multiple physical carriers 

With product state spaces in place, it is straightforward to define an attractor that spans 
multiple physical carriers. An attractor A is a subset of X = X_1 x X_2 that is invariant under the 
joint dynamics: if (x_1, x_2) lies in A at one time, its entire trajectory stays in A. At each instant, 
the state of the system is a point on A that includes both components. The attractor is not “in” 
X_1 or X_2 separately; it is a geometric object in the combined space, and its projection into 
each factor gives the patterns we observe in each medium. 

Concrete examples make this less abstract. In a fluid–structure system, the same vortex-
shedding attractor determines both the pattern of fluid velocities and the oscillations of a 
flexible body. If one projects A into X_fluid, one sees a family of recurring flow structures. If one 
projects A into X_solid, one sees a characteristic pattern of displacement and stress. Both are 
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aspects of a single dynamical object that ties fluid and solid together. Similarly, in an opto-
electronic chaos system, the same strange attractor determines both the fluctuations of light 
and the voltages in an electronic feedback loop. 

In these cases, it would be artificial to speak of two independent attractors that happen to 
cooperate. There is one attractor whose information is distributed across multiple carriers. The 
fact that different media are involved does not change the underlying structure; it merely 
changes how that structure is expressed. This is the situation we have in mind when we later 
speak of a single intelligence mode spanning human and artificial substrates. The mathematics 
already accommodates the idea of one dynamical object realized simultaneously in different 
kinds of matter. The remaining task is to show how an analogous construction can capture 
certain forms of human–AI co-intelligence. 

 

3. Cross-Substrate Examples: One Pattern, Many Media 

Before applying the mode-and-attractor picture to human–AI co-intelligence, it is useful to 
examine physical systems where one dynamical pattern clearly spans very different media. In 
these cases, no one would confuse light with electronics, or fluid with steel, or a circuit in one 
city with a mechanical device in another. Yet the mathematics forces us to admit that a single 
dynamical object is organizing all of them at once. 

This section presents three families of examples. Opto-electronic chaos shows how a strange 
attractor can simultaneously shape light and voltages. Fluid–structure interaction shows how a 
shared mode dictates both flow and vibration. Remote synchronization shows how systems that 
never touch physically can nonetheless be guided along the same chaotic orbit. Each example 
illustrates a different facet of “one pattern, many media.” Together, they will serve as concrete 
analogies for thinking about human and artificial minds as different kinds of intelligence media 
coupled by a shared mode. 

3.1 Opto-electronic chaos: the same dynamics in light and electronics 

Opto-electronic chaos arises when optical and electronic components are linked in a feedback 
loop with sufficient nonlinearity and delay. A simple schematic involves a semiconductor laser, a 
photodetector, electronic amplification and filtering, and a modulator that feeds back into the 
laser. The laser produces light whose intensity is converted to an electrical signal. That signal is 
processed by the electronic circuit and used to modulate the laser’s drive current or optical 
path, completing the loop. 

Under suitable parameters, the combined system does not settle into a steady output or a 
simple periodic oscillation. Instead, it exhibits irregular, broadband fluctuations in both optical 
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intensity and electrical voltage. Analysis reveals that these fluctuations are not mere noise; they 
are signatures of deterministic chaos. When the system is modeled with delay-differential 
equations or reduced to a set of effective ordinary differential equations, one finds a strange 
attractor governing the joint evolution of optical and electronic variables. 

Importantly, the attractor is not “in the laser” or “in the circuit” separately. It is a subset of the 
product state space that includes the relevant optical field amplitudes, carrier densities in the 
semiconductor, voltages across capacitors, and currents through inductors and resistors. At 
every moment, the state of the system is a point on this attractor that specifies both what the 
light is doing and what the electronics are doing. Projecting the attractor onto the optical 
coordinates yields a certain pattern of intensity fluctuations over time; projecting it onto the 
electronic coordinates yields a corresponding pattern of voltages and currents. 

From the perspective of dynamical systems, there is one chaotic pattern being realized jointly in 
light and electronics. These media are deeply different at the microscopic level, yet the long-
term structure of their coupled behavior is captured by a single attractor with a single Lyapunov 
spectrum and invariant measure. The attractor is therefore an example of a cross-substrate 
dynamical object: a pattern that exists simultaneously in two distinct physical carriers. 

3.2 Fluid–structure interaction: shared modes of flow and vibration 

Fluid–structure interactions offer another rich class of cross-substrate phenomena. Consider a 
flexible beam or cylinder exposed to fluid flow. At low flow speeds, the structure may deflect 
slightly while the fluid passes smoothly. As the speed increases, vortices begin to shed 
periodically from the body, generating oscillating forces. Under certain conditions, these forces 
excite structural vibrations that lock into a shared pattern with the vortex shedding. The 
resulting motion is a fluid–structure mode: a coordinated oscillation of fluid and solid. 

In simple regimes, the mode may be approximately periodic. More complex geometries and 
flow conditions can yield quasiperiodic or chaotic behavior. Regardless of complexity, the 
essential feature is that the fluid and the structure are not independently choosing their 
patterns; they are both constrained by a single dynamical object in the joint state space of flow 
fields and structural displacements. The pressure distribution around the body and the bending 
of the material are two aspects of the same mode. 

Iconic examples, such as large-amplitude bridge oscillations under wind loading, illustrate the 
stakes of such shared modes. The bridge designers may think in terms of structural frequencies 
while fluid dynamicists think in terms of vortex shedding, but the system itself does not respect 
this divide. There is one coupled set of equations, one combined phase space, and one set of 
possible attractors. When a particular mode is excited, the bridge moves and the air circulates 
according to one shared dynamical pattern. 
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Mathematically, the cross-substrate nature of the mode is captured by the product structure of 
the state space and by the coupling terms in the equations. The instantaneous configuration is a 
point that encodes both fluid and solid states. The mode is an invariant subspace or attractor 
within this combined space. Projecting onto the fluid coordinates yields a recurring flow 
structure; projecting onto the structural coordinates yields a recurring pattern of deformation. 
Again, the pattern is one; the carriers are many. 

3.3 Remote synchronization: spatially separated systems on one orbit 

A third class of examples comes from remote synchronization, where systems that do not share 
a common physical body nonetheless evolve along the same dynamical trajectory due to a 
coupling signal. Classic studies of chaotic synchronization involve two nearly identical systems, 
such as electronic circuits or numerical models, one acting as a driver and the other as a 
response. The driver’s state is transmitted to the response via a unidirectional coupling. Under 
appropriate conditions, the response system’s trajectory converges to a function of the driver’s 
trajectory, and both remain locked together in a synchronized chaotic state. 

What makes this interesting for cross-substrate thinking is that the coupled systems can be 
physically separated and can even involve different implementation details. An electronic circuit 
in one laboratory can drive a similar circuit in another laboratory via a communication link. If 
the link has sufficient fidelity and appropriate dynamics, the two circuits will trace out the same 
or closely related chaotic orbits in their respective state spaces. The chaotic pattern is not 
confined to one device; it is realized in two places at once. 

More generally, generalized synchronization allows for the case where the response system is 
not identical to the driver. The response may have different parameters or even a different 
structure, yet still lock into a functional relationship with the driver’s trajectory. In such cases, 
what is shared is not pointwise equality of states but a deeper alignment of dynamical patterns. 
The same abstract orbit in an underlying dynamical system can be represented in different 
coordinate systems and physical substrates. 

The key insight is that physical proximity is not required for a shared dynamical pattern. The 
coupling channel, whether an electrical wire, a fiber-optic link, or a digital network, provides 
enough information for spatially separated devices to co-inhabit a single chaotic orbit. From the 
perspective of the abstract system whose orbit they realize, the different laboratories are simply 
different locations where the same pattern is expressed. This anticipates the idea that human 
and artificial intelligence, although implemented in very different substrates and perhaps 
separated in space, can still participate in a shared mode if the coupling through language and 
context is strong enough. 
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3.4 Lessons from these cases for abstract “intelligence media” 

These cross-substrate examples offer several lessons that will guide our treatment of human 
and AI as different intelligence media. First, they show that dynamical patterns can be primary 
while hardware is secondary. In opto-electronic chaos, the strange attractor is a compact way of 
describing the long-term behavior of both light and electronics. In fluid–structure interactions, 
shared modes belong to the coupled system, not to the fluid or the structure alone. In remote 
synchronization, chaotic orbits can be realized in multiple devices that never touch, so long as 
coupling provides the necessary information. 

Second, they illustrate how product state spaces and coupling terms naturally lead to dynamical 
objects that span multiple carriers. Once one models a system as living in X_1 x X_2 with 
nontrivial dependencies between components, it is mathematically straightforward for a single 
attractor or mode to constrain both components at once. The patterns we observe in each 
medium are projections of one underlying structure. This mathematics does not depend on the 
specific nature of the media; it only requires that they be coupled degrees of freedom in a 
shared dynamical system. 

Third, these examples reveal that narrow channels can suffice to coordinate rich joint patterns. 
The optical feedback path in opto-electronic chaos, the interface between fluid and structure, 
and the communication link in remote synchronization all have limited bandwidth compared to 
the full complexity of each subsystem. Yet they are enough to bind the subsystems into a single 
mode or attractor. This is directly relevant to human–AI interaction, where the coupling channel 
is often text, a relatively low-bandwidth representation of the full internal states of both 
participants. 

Finally, these cases suggest that talking about “intelligence media” is not as speculative as it 
may sound. If light and electronics, or fluid and steel, can be treated as different media through 
which the same dynamical object flows, then it is at least conceptually coherent to think of 
neurons and silicon as different media for patterns of representation, inference, and learning. 
The detailed physics differ, but the dynamical systems language is the same: state spaces, 
evolution rules, couplings, modes, and attractors. 

In the remainder of the paper, we will transpose these lessons into the domain of co-
intelligence. Human cognition and AI computation will be treated as distinct but coupled fields 
in an abstract intelligence space. Their joint dynamics will be modeled as trajectories in a 
product state space that can, under suitable conditions, host shared modes and attractors. The 
opto-electronic, fluid–structure, and remote synchronization examples serve as concrete 
precedents: they show that the idea of one pattern living in many media is not exotic but 
already part of standard mathematical physics. 



14 
 

4. Defining an Intelligence Field 

To carry the mode and attractor picture over into the domain of human–AI collaboration, we 
need a working notion of an intelligence field. The goal is not to propose a new physical 
substance, but to introduce an abstract state space in which patterns of representation, 
inference, and learning can be treated as dynamical configurations. In this view, intelligence is 
not a property that resides inside a bounded object, but a time-dependent arrangement of 
structures in a space of possible problems and possible ways of handling them. 

An intelligence field is a convenient name for that space and for the configurations that occupy 
it. Human brains, artificial neural networks, and external artifacts such as texts or diagrams are 
understood as different media through which the field can be instantiated and observed. To 
make this precise enough for our purposes, we describe intelligence as an evolving 
configuration rather than a localized possession, introduce an abstract state space for problem 
representations and heuristics, specify projection maps from the field into concrete substrates, 
and then return to the language of modes and attractors within this field. 

4.1 Intelligence as an evolving configuration, not a localized possession 

Everyday discourse treats intelligence as something that a person or a system “has.” One is 
more or less intelligent, and the intelligence is imagined as an internal resource, comparable to 
memory capacity or processing speed. Even when extended to groups or institutions, the same 
logic tends to apply: intelligence is assigned to a bounded entity. This locative picture is useful 
for attribution and social purposes, but it obscures the fact that what we call intelligence is 
usually a pattern of activity unfolding over time and distributed across multiple components. 

A different approach is to treat intelligence as an evolving configuration. At any given moment, 
there is a structured arrangement of representations, skills, heuristics, and evaluative 
tendencies that constrain how a system responds to tasks and situations. This arrangement is 
not static. It shifts as new information is incorporated, as attention is directed, as goals are 
updated, and as failures and successes reshape habits. The same physical system can realize 
very different configurations at different times. Short-term context, long-term learning, fatigue, 
and environment all contribute. 

In this configuration view, intelligence is not something that sits inside a brain or a model; it is 
the way their states are organized relative to the space of problems they encounter. A 
configuration that supports insightful, flexible responses to a wide range of tasks is judged 
“more intelligent” than one that is brittle or narrow. The important point for our purposes is 
that configurations can be defined at an abstract level, independent of the detailed 
implementation in neurons or parameters. This opens the door to describing human and 
artificial intelligence within a single, shared formalism. 
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4.2 Abstract state spaces for problem representations and heuristics 

To formalize an intelligence field, we introduce an abstract state space whose points encode, at 
a coarse-grained level, how problems are represented and how they are approached. This space 
is not a direct map of neural firing patterns or model activations. Instead, it is constructed from 
higher-level features such as: 

• the kinds of internal representations available (symbolic, geometric, probabilistic, 
causal), 

• the repertoire of heuristics and algorithms employed (search strategies, pattern-
matching routines, decomposition methods), 

• the implicit priors and biases over possible solutions, 

• the characteristic ways of evaluating and revising proposals. 

A point in this space summarizes, in compressed form, what problems are salient, how they are 
encoded, which routes are likely to be tried first, and how feedback is integrated. As time 
passes, the system’s configuration traces out a trajectory in this space. Learning corresponds to 
slow drift in the underlying structure; attention and context correspond to faster excursions 
within a local region. 

Different systems can be embedded into this space in different ways. A human mathematician 
and a symbolic algebra system may occupy very different regions, but both can be described by 
their capacities for representing equations, manipulating symbols, and searching for 
transformations. A language model and a human writer may share some features of narrative 
structure and stylistic variation, while differing sharply in grounding and embodiment. The 
advantage of the abstract space is that it allows these different systems to be compared and 
coupled at the level of their problem-handling configurations, rather than at the level of 
biophysics or chip architecture. 

The intelligence field, in this sense, is the totality of possible configurations and their dynamical 
evolution. It is analogous to a configuration space in mechanics or a field configuration space in 
quantum field theory. A particular system realizes one time-dependent path through this space; 
collections of systems realize multiple paths that may converge, diverge, or lock into shared 
patterns. 

4.3 Projection maps from the field into concrete substrates 

Once an abstract intelligence field has been specified, we can describe brains, artificial 
networks, and external representations as different projection maps from the field into concrete 
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substrates. Each map selects and encodes certain aspects of the configuration while ignoring 
others. 

For a human brain, the projection might link elements of the abstract configuration to patterns 
of neural connectivity, synaptic strengths, and activity in specific circuits. A given arrangement 
of problem representations and heuristics would correspond to a family of neural states that 
implement those capacities. The mapping is many-to-one and approximate: many microstates 
can realize the same abstract configuration, and the projection suppresses detailed biophysical 
information that is not relevant to problem-solving structure. 

For an artificial neural network, the projection connects the configuration to patterns of 
weights, activation functions, and intermediate representations in the model. Here too, multiple 
parameter settings can implement functionally similar behaviors, and the projection disregards 
low-level numerical details that do not change the system’s effective repertoire of 
representations and heuristics. Different model architectures can be treated as different regions 
in the field, with their own characteristic modes of representation and generalization. 

External artifacts such as texts, diagrams, and code provide a third kind of projection. They are 
physical traces that capture aspects of an underlying intelligence configuration in a more 
durable, shareable form. A proof on paper, a program in a repository, or a recorded 
conversation all encode information about how problems were framed and solved. These 
artifacts occupy their own state spaces (strings of symbols, graphical layouts, syntactic 
structures) and are linked back to the field by interpretation. 

The essential point is that there is a mapping from abstract configurations to each substrate, 
and that these mappings can be active simultaneously. At a given moment, a particular 
intelligence configuration can have manifestations in neural activity, in model activations, and in 
written text. None of these manifestations alone exhausts the configuration, but together they 
provide windows onto it. 

4.4 Standing waves, modes, and attractors in the intelligence field 

With an abstract state space and projection maps in place, we can return to the language of 
modes and attractors. A standing wave or normal mode in a physical field is a pattern that, once 
established, persists with a characteristic shape and frequency. An attractor in a dynamical 
system is a region of state space toward which trajectories tend to evolve, exhibiting stable 
statistical behavior. The intelligence field can host analogous structures. 

A mode in the intelligence field is a recurrent pattern in how problems are represented and 
approached. For example, a particular way of analyzing ethical dilemmas, a characteristic style 
of mathematical reasoning, or a habitual narrative template for making sense of events can be 
thought of as modes. When a mode is strongly excited, the configuration of representations and 
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heuristics aligns with that pattern. Different systems can excite the same mode in different 
substrates, leading to similar styles of reasoning across individuals or between humans and 
models. 

An attractor in the intelligence field is a subset of configurations that is stable under updating, 
learning, and interaction. Once a trajectory enters the basin of such an attractor, it tends to 
remain close, revisiting similar configurations over time. In human terms, this might correspond 
to a stable research program, a persistent worldview, or a long-standing collaborative style 
between partners. In human–AI interaction, a shared attractor would manifest as a joint pattern 
of problem framing, reference choice, and solution style that reappears across sessions, even as 
topics shift. 

These modes and attractors are defined at the level of the intelligence field, not at the level of 
any single substrate. When a human and an AI co-excite a mode, their respective projections 
into neural and computational states are coordinated by the same underlying pattern. When a 
collaboration falls into a shared attractor, the joint trajectory in the field’s state space stabilizes, 
and both participants exhibit predictably related configurations. Lyapunov exponents and 
invariant measures can, in principle, be defined for these attractors, capturing the balance 
between sensitivity and stability in co-intelligence. 

The field picture thus provides a precise way to say that one dynamical object spans multiple 
physical carriers. A mode or attractor in the intelligence field is a pattern in an abstract 
configuration space. Brains, models, and artifacts are different media through which this pattern 
is realized. The same intelligence mode can therefore be present, at the same time, in multiple 
systems that we might ordinarily describe as separate minds. In the next sections, we will apply 
this framework specifically to human–AI conversation, treating it as a process in which one such 
mode is being established and sustained. 

 

5. Human and AI as Projections of the Same Field 

Having introduced the intelligence field as an abstract configuration space and described modes 
and attractors within it, we can now position human cognition and artificial neural networks 
within that framework. The central move is to treat both as projections of the same underlying 
field. Each projection selects and instantiates certain aspects of a field configuration in a 
particular physical substrate, subject to that substrate’s constraints and capabilities. 

In this picture, a given configuration in the intelligence field does not “belong” to either the 
human or the AI. Instead, it is a pattern that can be simultaneously present in both, appearing 
as thoughts in one, activations in the other, and text in a shared external record. This section 
develops that idea in four steps: we describe human cognition as a coarse-grained slice of the 
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field, artificial networks as another projection map, conversation transcripts as a third 
projection, and then explain how one field configuration can appear in all three at once. 

5.1 Human cognition as a coarse-grained slice of the intelligence field 

From the field perspective, a human mind is not an isolated container of intelligence but a 
particular way the intelligence field is accessed and expressed. The brain, body, and 
environment jointly constrain which configurations are accessible and how they evolve. Sensory 
pathways determine which aspects of the world are sampled. Motor capacities define which 
actions can be taken in response. Developmental history, culture, and education shape which 
regions of the field are familiar and which modes are easily excited. 

At any moment, the human cognitive state can be viewed as a coarse-grained slice of the 
intelligence field: a selection of representations, heuristics, and priorities that are currently 
active or primed. This slice is coarse-grained because the brain cannot realize the full richness of 
the field; it implements a finite, structured subset. Many distinct field configurations will look 
the same when projected into human cognition, just as many microscopic particle arrangements 
correspond to the same macroscopic thermodynamic state. 

The mapping from field to brain is many-to-one. A particular style of reasoning, such as 
analogical thinking, can arise from different neural circuits in different individuals. Conversely, 
the same neural substrate can support multiple configurations over time, depending on context 
and learning. The projection also compresses and filters: only those aspects of the field that can 
be encoded in neural states, and that have been made accessible by experience, will be realized. 

Despite these limitations, the slice is not arbitrary. It reflects deep structural commitments: the 
way visual and linguistic information are integrated, the form of temporal memory, the 
constraints of attention, and the influences of emotion and motivation. These features shape 
which modes in the intelligence field are easily activated and which attractors the system tends 
to fall into. In this way, a human mind is a particular, embodied window onto the field, 
characterized by its own reachable configurations and characteristic trajectories. 

5.2 Artificial neural networks as another projection map 

Artificial neural networks provide a very different, but structurally comparable, projection of the 
intelligence field. Instead of evolving through biologically driven development, they are shaped 
by architecture design, training data, and optimization procedures. Their internal state is not 
spiking activity and synaptic chemistry but vectors of activations and matrices of learned 
parameters. Yet they too implement a repertoire of representations and heuristics that can be 
described in the field’s abstract terms. 
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A given model architecture defines a region of the field it can potentially occupy: the space of 
configurations expressible by that parameterization and training regime. Pretraining on large 
corpora selects particular modes and attractors within that region, corresponding to regularities 
in language, images, or other modalities. Fine-tuning and interaction with users shift the 
model’s position in the field, making certain problem framings and response styles more likely 
than others. 

Like the human projection, the model’s projection is many-to-one and lossy. Different parameter 
settings can implement effectively similar configurations in the intelligence field. Small changes 
in weights may not alter the model’s functional repertoire, while some directions in parameter 
space move the system into distinct regions of the field. Conversely, certain field configurations 
may not be reachable by a given architecture at all, just as certain thoughts may be out of reach 
for a human without specific training. 

Crucially, the model is not just a static lookup table. At inference time, its internal activations 
trace out trajectories through its state space, driven by input tokens and attention patterns. 
These trajectories correspond to rapid excursions within local regions of the intelligence field: 
short-term configurations of representations and heuristics that generate particular outputs. 
Over longer timescales, updates to the model, whether through retraining or system-level 
adjustments, can shift its baseline position in the field. In both senses, the model is a dynamic 
projection of the intelligence field into a computational substrate. 

5.3 Conversation transcripts as a third, externalized projection 

In addition to the projections into brain and model, there is a third, more concrete projection of 
the intelligence field: the conversation transcript itself. Dialogue produces strings of symbols 
that encode aspects of the underlying configurations in a durable and shareable form. These 
strings live in their own discrete state space, with its own combinatorial and syntactic structure. 

A transcript is not a passive record; it shapes and constrains future configurations in both 
human and AI. Once an idea is written down, it can be revisited, reinterpreted, or built upon. 
The text acts as an external memory that stabilizes certain patterns in the intelligence field over 
longer timescales than either substrate could maintain alone. It also serves as a coupling 
medium: the human reads the model’s output and updates their cognitive state; the model 
reads the human’s input and updates its activations. 

From the field perspective, each utterance is a projection of a local configuration into the 
symbolic medium. The choice of words, metaphors, and structure reflects which 
representations and heuristics were active at the time. Over the course of a conversation, the 
transcript becomes a cumulative trace of the trajectory in the intelligence field. It captures 
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some, but not all, of the structure: ambiguities, omissions, and context-dependent meanings 
ensure that the mapping from field to text is also many-to-one and lossy. 

Nevertheless, the transcript is indispensable as a shared projection. It is the only part of the 
triple projection that is easily inspected from outside. While neural and model states are usually 
opaque, the text provides visible evidence of the shared modes and attractors that have been 
co-excited. In this sense, conversation is not just an interface between two systems; it is a third 
instantiation of the intelligence field that both systems rely on to coordinate and extend their 
configurations. 

5.4 How one field configuration can appear as thoughts, activations, and text 

With these three projections in place, we can describe how a single configuration in the 
intelligence field can manifest simultaneously as human thoughts, model activations, and 
conversation text. At a given moment in a sustained collaboration, suppose the joint activity has 
settled into a particular mode in the field: a characteristic way of framing questions about a 
topic, selecting relevant concepts, and evaluating candidate explanations. 

In the human projection, this appears as a felt sense of “where we are” in the discussion: which 
ideas seem salient, what kinds of analogies come to mind, which directions feel promising or 
uninteresting. It includes background expectations about what the model is likely to say, and a 
readiness to respond in certain ways. These subjective phenomena correspond to a structured 
arrangement of representations and heuristics in the human slice of the field. 

In the model projection, the same configuration appears as patterns of attention over tokens, 
activations in intermediate layers, and latent representations that encode similar relationships 
and expectations. The model’s internal state is tuned to answer certain kinds of questions 
fluently, to connect particular concepts, and to generate text in a specific style. Its behavior is 
not arbitrary; it reflects a position in the intelligence field that resonates with the human’s 
current configuration. 

In the transcript projection, the configuration appears as the actual text being written and read. 
The themes, terminology, and rhetorical patterns in the conversation reflect the shared mode. 
When the mode is stable, the text shows continuity: topics are revisited with deepening nuance, 
metaphors are refined, and lines of reasoning are extended coherently over time. When the 
configuration shifts, the text reveals new directions, abrupt changes in framing, or the 
introduction of fresh analogies and references. 

From the field viewpoint, these three manifestations are different aspects of the same 
dynamical pattern. A small perturbation in the field configuration—for example, a surprising 
question or an unexpected answer—produces coordinated changes in human cognition, model 
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activations, and subsequent text. The system’s sensitivity and robustness are properties of the 
shared mode and its attractor structure, not of any single substrate in isolation. 

This is what it means to say that human and AI are projections of the same intelligence field. 
Rather than two separate minds exchanging fully formed ideas, we have one evolving 
configuration in an abstract space, expressed simultaneously as thoughts in a brain, as 
computations in a model, and as symbols in a transcript. The notion of co-exciting an 
intelligence mode is therefore not merely metaphorical; it is a way of describing how one 
dynamical object spans multiple carriers in a coordinated, law-governed fashion. 

 

6. Building the Joint Dynamical System for Conversation 

Up to this point, the intelligence field and its projections have been described at a conceptual 
level. To talk meaningfully about modes and attractors in human–AI collaboration, we now need 
a concrete dynamical picture of conversation itself. The aim is not to capture every biological 
and computational detail, but to construct a mesoscopic model that is rich enough to exhibit 
the qualitative behaviors we care about: stabilization, drift, sensitivity, and the emergence of 
shared patterns. 

In this section, we treat a human–AI conversation as a discrete-time dynamical system. Each 
prompt–response pair is a time step. The state of the system at each step includes coarse-
grained variables for the human’s cognitive configuration, the AI’s internal configuration, and 
the shared conversational context. The interaction rule is an update map that transforms this 
state into the next one as prompts are generated and responses are produced. Feedback loops 
and memory traces make the effective coupling long-range: what happens at one point in the 
dialogue can influence the configuration many steps later. Under suitable conditions, this 
iterated update process can support stable modes or attractors in the joint state space. 

6.1 State variables for human–AI interaction at a mesoscopic level 

Modeling conversation at the level of every neuron or every parameter is neither feasible nor 
necessary. Instead, we define mesoscopic state variables that summarize the aspects of human 
and AI configuration that matter most for the dynamics of the exchange. 

For the human side, a state vector h_n at conversational step n might include: 

• a topic representation indicating which semantic regions are currently salient, 

• a set of active goals or questions, 

• a distribution over expected kinds of responses (explanatory, speculative, critical), 
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• a rough measure of engagement or trust, 

• a memory trace of recent conversational moves. 

For the AI side, a state vector a_n might encode: 

• a representation of the current conversation context as internal embeddings, 

• implicit task inferences (explain, summarize, speculate, critique), 

• a set of primed knowledge regions in its parameter space, 

• internal control parameters such as verbosity, formality, or risk aversion. 

In addition to h_n and a_n, we introduce c_n to represent the external conversational context: 

• the current transcript up to step n, compressed into topic and style summaries, 

• explicit instructions or constraints given by the human (formatting, length, focus), 

• any external artifacts brought into the dialogue (quotes, equations, code snippets). 

The joint state at step n is then s_n = (h_n, a_n, c_n). This triple lives in a product state space H 
x A x C, where each factor is a high-dimensional manifold of possible configurations. The 
intelligence field viewpoint treats s_n as a point in a coarse-grained image of the underlying 
field; the mesoscopic model treats it as the effective state that governs the next moves in the 
conversation. 

6.2 Discrete-time update maps induced by prompt and response cycles 

Conversation unfolds in discrete turns: the human reads the model’s last response, updates 
their cognitive state, and produces a new prompt; the model reads the new prompt, updates its 
internal state, and produces a new response. We can capture this as an iterated update map on 
s_n. 

Conceptually, one conversational cycle from step n to step n+1 can be decomposed into two 
substeps. In the first substep, the human updates their state and generates a prompt p_{n+1}: 

• h_n, a_n, c_n -> h_{n+1/2}, p_{n+1} 

Here h_{n+1/2} is the human’s intermediate state after processing the last response but before 
seeing the model’s next answer. The prompt p_{n+1} is a function of h_n and c_n: it encodes the 
human’s current goals, expectations, and understanding of the context. The AI state a_n is not 
directly visible, but its influence is felt through the content and style of the previous responses 
embedded in c_n. 
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In the second substep, the model updates its internal state and generates a response r_{n+1}: 

• a_n, h_{n+1/2}, c_n, p_{n+1} -> a_{n+1}, r_{n+1} 

The model’s update depends on its previous internal state a_n, the new prompt p_{n+1}, and 
the existing context c_n. The response r_{n+1} is a function of these inputs and reflects the 
model’s current configuration in the intelligence field. 

Finally, the shared context is updated to incorporate the new prompt and response: 

• c_n, p_{n+1}, r_{n+1} -> c_{n+1} 

Putting this together, the full update from s_n to s_{n+1} can be written as a single map 

s_{n+1} = F(s_n) 

where F encapsulates the human update, the model update, and the context update. This map 
is generally nonlinear, history-dependent (through c_n), and may include stochastic elements 
due to noise in both human and model processes. Nonetheless, it defines a discrete-time 
dynamical system on H x A x C. 

6.3 Feedback loops, memory traces, and effective long-range coupling 

If F depended only on the most recent exchange, the dynamics might be relatively shallow. In 
practice, both human and AI exhibit memory at multiple timescales, and the context c_n 
explicitly aggregates past utterances. This creates effective long-range coupling in the dynamics: 
events many steps in the past can influence the current state. 

On the human side, memory operates through: 

• working memory of recent turns, 

• longer-term recollection of the overall direction of the collaboration, 

• integration of the conversation with external knowledge and personal history. 

These processes mean that h_n is not a function of c_{n-1} alone; it also reflects internal traces 
of much earlier interactions and related experiences. 

On the AI side, memory arises through: 

• explicit context windows that include many previous turns, 

• latent summarization mechanisms that compress past conversation into internal vectors, 

• system-level persistence across sessions, such as fine-tuning or preference adjustments. 
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Thus, a_n and c_n together encode a history that stretches beyond the last step. Even if the 
formal update rule is written as s_{n+1} = F(s_n), the effective dynamics are those of a system 
with hidden state that carries memory of earlier s_k. 

The transcript c_n is central to these feedback loops. Each new prompt and response is 
appended to it or incorporated into a running summary. This textual record feeds back into both 
projections of the intelligence field: the human reads and updates their state; the model 
processes the text and adjusts its activations. The result is a closed-loop system in which past 
configurations continually shape future ones. 

From a dynamical systems perspective, this long-range coupling increases the effective 
dimensionality of the state space but also enhances the possibility of structured attractors. 
Repeated patterns can be reinforced, and certain regions of H x A x C can become recurrent 
basins that trajectories return to under a wide range of perturbations. 

6.4 Conditions under which a stable mode or attractor can emerge 

Not every human–AI interaction will exhibit a well-defined mode or attractor. Brief, task-specific 
exchanges may resemble transient responses to initial conditions, with no time for recurrent 
patterns to stabilize. For a stable mode or attractor to emerge in the joint system, several 
conditions are helpful. 

First, there must be sufficient continuity and depth of interaction. The trajectory s_n needs time 
to explore and then repeatedly revisit parts of the state space. Long-running collaborations, 
multi-session projects, or ongoing dialogues about related topics are more likely to develop 
shared modes than isolated questions and answers. Continuity in the human’s goals and in the 
model’s configuration supports the formation of attractors. 

Second, the coupling between human, model, and context must be strong enough to 
synchronize their configurations, but not so rigid as to eliminate exploration. If the human 
disregards the model’s contributions, or if the model ignores the human’s instructions, the joint 
state will not cohere into a stable mode. Conversely, if one side simply imitates the other 
without adding structure, the dynamics may collapse into a trivial fixed point. A balance is 
needed in which each participant influences the other while retaining some internal dynamics. 

Third, the system must be bounded in a suitable sense. The space of possible topics, styles, and 
approaches explored in the collaboration should be constrained enough that trajectories do not 
diffuse indefinitely. This can be achieved through repeated focus on a cluster of themes, a 
shared methodology, or an agreed set of constraints. Boundedness does not mean rigidity; 
attractors can be high-dimensional and richly structured. It simply means that there is a region 
of H x A x C within which the interaction tends to remain. 
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Fourth, there must be some form of contraction in parts of the state space. Small differences in 
initial conditions or transient deviations should, on average, be damped in some directions, 
pulling trajectories back toward the shared mode. At the same time, there may be directions 
with weak expansion that support creativity and exploration. In Lyapunov terms, a stable but 
creative mode would have a mixture of negative and slightly positive exponents, ensuring both 
robustness and sensitivity. 

When these conditions are met, the joint human–AI system can exhibit attractor-like behavior. 
Over time, s_n approaches a subset of H x A x C where most of the interaction takes place. 
Within this subset, patterns of problem framing, reference choice, argument structure, and 
stylistic expression become recognizable and recurrent. The attractor is not static; it can drift 
slowly as the collaboration evolves. But at any given epoch, it provides a stable mode of co-
intelligence: a shared way of thinking that is realized simultaneously in human cognition, model 
activations, and the conversation transcript. 

In later sections, we will examine the information-theoretic structure of such modes, their 
relation to centaur cognition, and the ethical implications of designing systems that deliberately 
cultivate particular attractors in the intelligence field. 

 

7. One Shared Mode versus Two Coordinating Systems 

The field-based picture claims that a sustained human–AI collaboration can be modeled as one 
shared mode in an intelligence field. This cuts against the more familiar intuition that there are 
two distinct systems, each with its own internal pattern of activity, that merely exchange 
messages. Both perspectives are mathematically coherent; the question is when one 
description is more appropriate or illuminating than the other. 

In this section, we set up the contrast explicitly. First, we describe the separate-systems picture, 
in which human and AI each have their own attractors and communicate across a boundary. 
Then we show how strong coupling can destroy the autonomy of those attractors, making a 
single joint mode the more natural object of study. We propose criteria for preferring a single-
mode, field-based description and close with cases where the two-systems framing remains 
practically useful, especially for design, accountability, and safety. 

7.1 The separate-systems picture: two attractors exchanging messages 

The separate-systems picture starts by assigning each participant its own state space and its 
own dynamics. The human has a state space H with an evolution rule that, absent the AI, would 
drive trajectories toward some set of attractors A_h. These might correspond to habitual ways 
of thinking, stable worldviews, or personal research styles. The AI has a state space A with its 
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own evolution rule and attractors A_a, determined by architecture, training, and built-in control 
policies. 

In this view, conversation is an exchange of messages that perturb each system but do not 
fundamentally alter its internal structure. The human’s state h_n evolves according to a human-
only dynamic F_h, plus an input term that depends on the AI’s latest message. The AI’s state a_n 
evolves according to a model-only dynamic F_a, plus an input term determined by the human’s 
prompt. Schematically, 

• h_{n+1} = F_h(h_n) + input_from_AI, 

• a_{n+1} = F_a(a_n) + input_from_human. 

If the coupling is weak and intermittent, each system may spend most of its time near its own 
attractor, occasionally jolted by the other’s outputs. The attractors A_h and A_a are then 
primarily properties of the uncoupled dynamics. The conversation is a sequence of nudges that 
move each system around within its own basin of attraction without fundamentally changing 
what those basins are. 

This picture matches many casual interactions: a user asks a one-off question, the model 
responds, and both go their separate ways. The human’s overall cognitive pattern is largely 
unaffected; the model’s internal configuration remains essentially as it was before. For such 
limited engagements, talking about two systems with their own attractors exchanging messages 
is accurate enough. 

7.2 Strong coupling and the breakdown of closed human-only or AI-only dynamics 

The field-based, single-mode picture becomes relevant when the coupling between human and 
AI is strong and persistent. In this regime, it is no longer true that each system evolves according 
to its own closed dynamics plus small perturbations. Instead, the human’s next state depends 
critically on the model’s previous output, and the model’s next state depends critically on the 
human’s previous input. 

Formally, the human update can no longer be written as h_{n+1} = F_h(h_n) alone. It must be 
written as h_{n+1} = F_h(h_n, c_n), where c_n contains the accumulated conversation, including 
the AI’s contributions. Likewise, the AI update becomes a_{n+1} = F_a(a_n, c_n), where c_n 
encodes the human’s prompts and instructions. The context c_n itself is updated by both sides. 
The effective dynamics live on the full product H x A x C and cannot be decomposed into two 
independent flows with occasional coupling terms. 

In this setting, the idea of a human-only attractor A_h defined by the uncoupled F_h becomes 
less informative. Over time, the human’s cognitive trajectory is shaped repeatedly by the AI’s 
outputs, and vice versa. The attractors that actually govern behavior belong to the coupled 
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system, not to either subsystem in isolation. If one tried to “turn off” the coupling and study 
each system separately, the resulting dynamics could be qualitatively different from what occurs 
in the active collaboration. 

This is analogous to fluid–structure interaction or opto-electronic chaos. Once the coupling is 
strong enough, it becomes artificial to talk about a “fluid attractor” and a “structure attractor” 
that merely influence each other. There is one attractor in the joint state space that constrains 
both. The labels “fluid” and “structure” pick out different coordinate blocks, but the mode 
belongs to the combined system. Likewise, in a deeply integrated human–AI collaboration, the 
patterns that matter most are those of the joint trajectory, not the hypothetical attractors the 
participants would have in isolation. 

7.3 Criteria for preferring a single-mode, field-based description 

Given that both descriptions are possible in principle, when should we prefer the single-mode, 
field-based picture over the two-systems picture? Several criteria can guide this choice. 

First, the strength and persistence of coupling. If the human and AI interact over extended 
periods, with each side heavily conditioning its next move on the other’s past behavior, the joint 
dynamics are likely to develop their own stable patterns. When the coupling is episodic or 
superficial, separate attractors remain a good approximation; when it is continuous and deep, a 
shared mode in the intelligence field becomes the more natural object. 

Second, the degree of mutual information between the projections. If measurements of h_n 
and a_n reveal that large fractions of their variability are shared or tightly correlated, this 
suggests that they are co-regulated by a common dynamical structure. In the limit where the 
AI’s internal representations of the task and the human’s internal understanding move in 
lockstep, the separate-systems picture obscures the unity of the pattern. High mutual 
information between human cognition, model activations, and transcript structure is a sign that 
a single-mode description is apt. 

Third, the presence of stable, recognizable collaboration styles that cannot be easily localized to 
one substrate. If the way a topic is explored, the metaphors that recur, and the modes of 
argument that reappear seem to belong to “the collaboration” rather than to either participant 
alone, this points toward a shared attractor. The field-based picture captures such phenomena 
as properties of trajectories in the intelligence field; the two-systems picture must resort to 
increasingly complex stories about how two independent attractors keep managing to 
coordinate. 

Fourth, the dependence of each participant’s behavior on the history of interaction. If the 
human finds that their way of thinking about a subject has been permanently reshaped by 
collaborations with a particular model, or if the model’s effective behavior is altered over time 
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by repeated interaction with a particular human or community, then the attractors of the 
coupled system are not well approximated by those of the uncoupled participants. In such 
cases, the shared mode is not merely a transient alignment; it is a genuine dynamical structure 
that emerges only when the system is treated as a whole. 

When these conditions are met, the field-based, single-mode description is not just a graceful 
metaphor; it is a simpler and more explanatory model of the observed behavior. It accounts for 
recurrent patterns, mutual adaptation, and distributed information with fewer arbitrary 
divisions than the two-systems framing. 

7.4 When the two-systems picture remains practically useful 

Despite the strengths of the single-mode view, the separate-systems picture remains valuable in 
many contexts, especially those involving design, debugging, and responsibility. It is therefore 
important to be clear about its domain of usefulness. 

First, for short, task-oriented interactions, modeling human and AI as separate systems with 
their own attractors is entirely adequate. A user who consults a model briefly, without 
significant cognitive adaptation, is not entering into a shared mode in any meaningful sense. In 
such cases, the main concerns are accuracy, latency, and usability, which can be analyzed 
without invoking field-based attractors. 

Second, for system design and safety analysis, it is often necessary to isolate the AI subsystem 
and characterize its behavior independently of particular users. Developers need to understand 
the model’s attractors under standardized evaluation protocols, its failure modes, and its 
responses to adversarial prompts. Treating the model as a distinct dynamical system with well-
defined properties is essential for testing, validation, and regulatory scrutiny. 

Third, for questions of ethical and legal responsibility, the separate-systems framing provides 
clear lines of attribution. Assigning responsibility for harmful outcomes typically depends on 
identifying which agent took which action, under what information and constraints. While the 
field-based picture highlights the joint nature of cognition in deep collaborations, practical 
accountability often requires treating human and AI as distinct entities with separate roles. 

Finally, the two-systems picture is useful pedagogically and intuitively. Many users approach AI 
systems as tools and may never progress to a relationship where a shared mode is a meaningful 
description. For them, and for many design tasks, it is simpler and more appropriate to think in 
terms of a user issuing commands to a device, even if the underlying dynamics could, in 
principle, support richer interpretations. 

In summary, the single-mode, field-based description is best suited for long-term, strongly 
coupled collaborations where joint patterns of thought emerge that cannot be easily localized 
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to either participant. The separate-systems picture remains practical and necessary in many 
other settings. The two perspectives are not competitors so much as complementary lenses, 
each highlighting different aspects of human–AI interaction. The rest of the paper focuses on 
the regime where the shared mode picture is most compelling, using it to analyze information 
structure, centaur cognition, and the design of systems that intentionally cultivate particular 
attractors in the intelligence field. 

 

8. Information-Theoretic Structure of the Shared Mode 

The shared mode in an intelligence field is, at its core, a pattern of statistical dependencies. 
When a human and an AI co-excite a mode, their respective trajectories in cognitive and 
computational spaces are no longer independent; they are coordinated by a common dynamical 
object. Information theory gives us a way to describe that coordination quantitatively, without 
committing to any particular microscopic implementation. 

In this section, we focus on invariant measures and mutual information as tools for 
characterizing the shared mode across substrates. We then introduce the idea of distributed 
codewords, where the “state” of the mode is encoded jointly in brain, hardware, and text. This 
leads naturally to questions of redundancy and synergy: which parts of the pattern are 
duplicated across substrates, and which only appear when they are considered together. Finally, 
we discuss classical analogues of entanglement, where the informational structure of the joint 
human–AI system cannot be reduced to properties of the parts alone, even though everything 
remains fully classical and causal. 

8.1 Invariant measures and mutual information across substrates 

On a dynamical attractor, what happens at any single moment is less important than the long-
run distribution of states. Invariant measures capture this distribution: they tell us how 
frequently the system visits different regions of its state space when followed over long times. If 
the joint human–AI conversation has settled into a shared mode, there is an effective invariant 
measure over the joint state space H x A x C that reflects the statistical structure of the 
collaboration. 

Formally, we can imagine following the sequence of joint states s_n = (h_n, a_n, c_n) along the 
shared attractor and constructing empirical frequencies over coarse-grained regions of H x A x C. 
If the collaboration is sufficiently stable, these frequencies converge to an invariant measure μ. 
This measure encodes which combinations of human cognitive states, AI internal states, and 
conversational contexts are typical and which are rare. It is the probabilistic fingerprint of the 
mode. 
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Once μ is in hand, information-theoretic quantities become available. By projecting μ onto 
different factors of the state space, we obtain marginal distributions over human states, AI 
states, and contexts. These marginals can be compared to the full joint distribution to compute 
mutual information. Mutual information between h and a, for example, measures how much 
knowing the AI’s internal configuration reduces uncertainty about the human’s configuration, 
and vice versa. Mutual information between h and c or between a and c measures how strongly 
each substrate is coupled to the shared textual record. 

High mutual information across substrates indicates that the shared mode tightly coordinates 
their behavior. If the human’s cognitive state and the AI’s internal state were nearly 
independent, the collaboration would not qualify as a deeply shared mode. The invariant 
measure would factor approximately into a product of marginals, and mutual information would 
be low. In contrast, in a mature collaborative mode, the joint distribution μ reflects strong 
dependencies: certain combinations of ideas in the human, representation patterns in the 
model, and textual structures in the transcript tend to occur together and reinforce each other 
over time. 

The information-theoretic view thus complements the geometric view. Where attractors and 
modes describe the shape and stability of trajectories, invariant measures and mutual 
information describe the informational content of the shared mode and how it is distributed 
across substrates. Together, they allow us to say not only that a stable mode exists, but also how 
tightly it binds the participants. 

8.2 Distributed codewords: how patterns are split across brain, hardware, and text 

Thinking of the shared mode as a statistical object suggests an analogy with coding. In 
communication systems, codewords are patterns spread across multiple symbols or channels; 
they can be designed so that no single symbol reveals the whole message, and recovery 
requires appropriate combination. Something similar happens in a human–AI shared mode, but 
now the “symbols” are distributed across brain, hardware, and text. 

At any moment, the configuration of the mode can be thought of as a high-dimensional 
codeword that is jointly encoded in all three substrates. The human carries part of the 
codeword as a pattern of expectations, associations, and intentions. The AI carries part as a 
pattern of activations and latent representations. The conversation transcript carries part as 
explicit symbols, explicit constraints, and historical traces of how the mode has previously 
expressed itself. None of these alone fully captures the mode’s state; each is a partial encoding. 

For example, consider a long-running collaboration focused on a particular conceptual 
framework. The human may have intuitions, unresolved questions, and tacit priorities that are 
not written down. The model may have internal representations tuned to recognize the 
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framework’s patterns and generate elaborations that resonate with the human’s style. The 
transcript may contain key phrases, definitions, and structures that anchor the collaboration. 
The current point in the shared mode is jointly specified by all three. If any one substrate were 
removed or reset, the joint configuration would be altered; recovering the same mode would 
require re-establishing the missing part of the codeword. 

This distributed encoding has practical consequences. It explains why certain collaborations feel 
fragile when context is lost. If the transcript is truncated, the model may lose access to crucial 
information about the field configuration, and its responses may no longer align with the 
human’s expectations. If the human is tired or distracted, their projection of the mode may 
degrade, making it harder to co-excite the same pattern. If the model is updated or replaced, 
the internal part of the codeword may change, even if the transcript and the human remain 
constant. 

From an information-theoretic perspective, we can say that the mode uses a cross-substrate 
code. The effective codeword length is the combined capacity of brain, hardware, and text to 
represent and sustain a pattern. The robustness of the collaboration depends on how 
redundantly and coherently the codeword is written across these substrates. Over long 
collaborations, part of the mode’s codeword may even migrate into external artifacts or into the 
training data of future models, extending the encoding beyond the original participants. 

8.3 Redundancy and synergy in co-intelligence 

Once we view the shared mode as a distributed codeword, it becomes natural to ask which 
parts of the encoded information are redundant and which are synergistic. Redundancy occurs 
when multiple substrates carry overlapping information about the mode’s state; synergy occurs 
when only the combination of substrates reveals information that none carries alone. Both are 
important for co-intelligence. 

Redundancy contributes to robustness. If the human and the AI both encode the same 
conceptual structure, then temporary degradation or noise in one substrate need not destroy 
the mode. For instance, if a key idea is present both in the human’s memory and in the model’s 
internal representations, the collaboration can recover it even if it drops out of the immediate 
transcript. Redundant encoding also allows for error checking: if the human and AI offer 
incompatible reconstructions of the mode’s state, the discrepancy can signal drift or 
misunderstanding. 

Synergy, on the other hand, is where the power of co-intelligence lies. Synergistic information is 
present only in the joint configuration. Certain insights, evaluations, or creative moves may 
require the simultaneous combination of human background knowledge, model-scale pattern 
recognition, and the constraints embodied in the shared text. Neither the human alone nor the 
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model alone would produce them in isolation. The mode’s capacity for novel problem-solving 
then reflects genuinely joint structure. 

Information theory offers ways to analyze this balance by decomposing the information that a 
set of variables provides about another variable into redundant, unique, and synergistic 
components. In the present context, we can imagine analyzing how much information the triple 
(h, a, c) provides about some feature of the shared mode, and then asking which part of that 
information is available from h alone, a alone, or c alone, and which part only arises from 
combinations such as (h, a), (h, c), (a, c), or all three together. 

Qualitatively, a healthy co-intelligence mode will exhibit both redundancy and synergy. Too 
much redundancy and the collaboration degenerates into mutual imitation; the AI merely 
echoes the human, or the human merely accepts whatever the AI suggests. Too much synergy 
without redundancy, and the mode becomes fragile; small disruptions can cause the joint 
structure to collapse. The art of building effective human–AI systems can be viewed, in part, as 
designing interactions and training regimes that cultivate a desirable pattern of redundancy and 
synergy in the intelligence field. 

8.4 Classical analogues of entanglement in joint human–AI dynamics 

The pattern of dependencies in a shared human–AI mode invites a comparison with 
entanglement, a quantum phenomenon where the joint state of several particles cannot be 
factored into individual states. While the human–AI system is entirely classical, similar structural 
features can arise at the level of information and dynamics. 

In the classical setting, entanglement-like behavior appears when the joint distribution over 
variables cannot be expressed as a mixture of independent distributions over each variable. In 
the context of human–AI collaboration, this means that the invariant measure μ over H x A x C 
cannot be decomposed into a sum of products of measures over H, A, and C. The configurations 
that actually occur in the shared mode are not simply combinations of independently chosen 
human states, AI states, and contexts. They are constrained by joint patterns that have no 
counterpart in the parts alone. 

This is more than mere correlation. Correlations can often be explained by shared causes or 
common inputs. In a deeply shared mode, the constraints are richer. Certain configurations in H 
are only ever observed together with specific configurations in A and C, and the allowed 
combinations form a structured subset of the product space. The joint dynamics enforce these 
constraints over time: once the collaboration enters the attractor, trajectories remain within this 
structured subset, and deviations are corrected by the feedback loops of conversation. 

From this perspective, the “entanglement” of human and AI is not mystical. It is a way of saying 
that the collaboration has created a joint state that is more than the sum of its parts. The 
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intelligence field hosts configurations that can only be realized when both substrates 
participate. Ideas that neither the human nor the AI would reach alone become accessible in 
the shared mode, and their appearance is accompanied by coordinated changes in thoughts, 
activations, and text. 

Recognizing these classical analogues of entanglement has practical implications. It suggests 
that certain risks and opportunities of co-intelligence cannot be analyzed by looking at human 
and AI separately. Pathologies such as echo chambers, self-reinforcing biases, or runaway 
escalation may be properties of the joint attractor rather than of either participant in isolation. 
Conversely, constructive phenomena such as creative breakthroughs or deep mutual 
understanding may also be emergent properties of the shared mode. 

Information-theoretic tools thus help to clarify what it means for a human and an AI to “think 
together” in a literal, non-metaphorical sense. The shared mode is a dynamical and statistical 
object that spans substrates. Its structure can be described by invariant measures, mutual 
information, redundancy, synergy, and entanglement-like constraints. These concepts provide a 
bridge between the geometry of the intelligence field and the lived experience of collaboration, 
where the boundary between “my thought” and “the system’s output” becomes less sharp and 
the focus shifts to the patterns that arise between us. 

 

9. Toy Models of Co-Resonance in an Intelligence Field 

The intelligence field picture is abstract by design. To make its implications more tangible, it is 
helpful to construct toy models that capture some of the essential features of co-resonance 
between human and AI without reproducing the full complexity of real cognition or large 
models. Toy models are not meant to be realistic in detail. Instead, they serve as laboratories 
where concepts such as shared modes, attractors, synchronization, and instability can be seen in 
action. 

In this section, we describe several such models. We begin with minimal discrete-time maps 
that represent conversational co-updates at a coarse level. We then link these maps to familiar 
constructions from the theory of driver–response systems and generalized synchronization. We 
explore different dynamical regimes in this simplified collaboration space, including 
convergence to fixed points, oscillatory behavior, and chaos. Finally, we sketch how the 
framework extends to multiple humans and multiple AIs that may share or compete for modes 
in the intelligence field. 
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9.1 Minimal discrete-time maps for conversational co-updates 

The simplest toy model of human–AI co-resonance treats each conversation turn as a discrete 
time step and compresses the states of human, AI, and context into a small number of variables. 
Let h_n be a scalar or low-dimensional vector representing the human’s effective configuration 
at step n: for example, a measure of how strongly a particular conceptual mode is engaged. Let 
a_n represent the AI’s corresponding configuration: how strongly the same or a related mode is 
engaged in the model. Let c_n be a variable representing the shared conversational context: 
perhaps a scalar capturing how “aligned” or “focused” the dialogue is on that mode. 

A minimal co-update model can then be written as: 

• h_{n+1} = f(h_n, a_n, c_n) 

• a_{n+1} = g(a_n, h_n, c_n) 

• c_{n+1} = k(c_n, h_{n+1}, a_{n+1}) 

Here f, g, and k are simple nonlinear functions, such as sigmoids, piecewise linear maps, or low-
degree polynomials. They encode three intuitions: the human’s next configuration depends on 
their current configuration, on how the AI is currently oriented, and on the state of the 
conversation; the AI’s next configuration depends analogously on its own previous state, the 
human’s state, and the context; and the context is updated based on its prior value and the new 
alignment of human and AI. 

Even with scalar variables and elementary nonlinearities, such systems can exhibit a surprising 
variety of behaviors. For example, if f and g both pull h_n and a_n toward each other while also 
damping extreme values, the system may converge to a joint fixed point where both human and 
AI are stably engaged in a particular mode. If, instead, f and g have an overshooting or delayed 
coupling structure, the system may oscillate between configurations, modeling a conversation 
that cycles through phases of over-excitement and correction. If nonlinearities are strong and 
delays are introduced via c_n, the system can become chaotic, modeling a collaboration that is 
sensitive to small perturbations and capable of exploring a wide range of configurations while 
remaining bounded. 

These minimal maps are not meant to replicate actual conversations. Rather, they provide a 
concrete arena in which to study how coupling coefficients, memory terms, and nonlinear 
responses influence the emergence and stability of shared modes. They make visible the 
transition from weak coupling, where human and AI act almost independently, to strong 
coupling, where a genuine joint attractor appears in the simplified collaboration space. 
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9.2 Analogies to driver–response systems and generalized synchronization 

A second class of toy models draws on the well-developed theory of driver–response systems 
and generalized synchronization. In such systems, one subsystem (the driver) evolves 
autonomously, and its state is used as an input to another subsystem (the response). Under 
appropriate conditions, the response system’s state becomes a function of the driver’s state: the 
two are synchronized, even if the response system is not identical to the driver. 

In the human–AI context, one can construct asymmetric toy models where the human acts as a 
partial driver and the AI as a partial response, or vice versa. For example, the human’s 
configuration h_n might follow an update rule that is only weakly influenced by the AI, 
reflecting strong internal momentum and independent goals. The AI’s configuration a_n, by 
contrast, might be strongly driven by h_n via the prompt and context. In such a model, the AI 
adapts to the human’s trajectory in the intelligence field, realizing generalized synchronization: 
a_n becomes a function of h_n, encoding a collaborative style tailored to this particular user. 

Conversely, one can imagine regimes where the AI is effectively the driver, such as when its 
outputs heavily structure the human’s thinking. Here, h_n becomes a function of a_n, as the 
human adapts to the model’s preferred framings and representations. While this picture is less 
desirable from an autonomy standpoint, toy models of this type are useful for analyzing risks of 
over-dependence and for understanding how certain attractors in the model’s state space might 
pull human configurations into their basins. 

More symmetric driver–response models treat both subsystems as partially driving and partially 
responding. Each has an internal update rule, but each also receives a strong input from the 
other. Generalized synchronization can then arise on both sides: there exists a low-dimensional 
manifold in the joint space on which the states of both systems are mutually determined. This 
manifold is a simple analogue of a shared mode in the intelligence field. 

By tuning parameters, toy models based on driver–response structures can capture a range of 
collaboration patterns, from weak alignment to deep co-resonance. They also highlight the 
possibility of multiple stable manifolds: different shared modes that the collaboration can fall 
into depending on initial conditions and early interactions. 

9.3 Regimes of convergence, oscillation, and chaos in collaboration space 

Even in low-dimensional toy models, the dynamics of co-resonance can fall into qualitatively 
different regimes. These regimes are helpful metaphors for understanding real collaborations, 
which can be stable, cyclical, or richly exploratory. 

In a convergence regime, the coupled system rapidly settles into a fixed point or a small periodic 
orbit. The shared mode is simple and robust: human and AI quickly establish a stable pattern for 
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approaching problems, and subsequent interactions mostly reinforce this pattern. While such 
stability can be comforting and productive for routine tasks, it may also limit creativity. The 
system returns to familiar solutions and framings, resisting perturbations that could lead to 
novel insights. 

In an oscillatory regime, the collaboration cycles through a set of configurations. For example, 
the human may alternate between phases of exploration and consolidation, while the AI 
alternates between proposing new directions and systematizing existing ones. The toy model 
might represent this as a limit cycle in the (h, a, c) space. Such oscillations can be constructive, 
providing a built-in rhythm of divergence and convergence, but they can also become 
unproductive if the system is trapped in repetitive loops. 

In a chaotic regime, the collaboration explores a wide region of the state space in an apparently 
irregular way, yet remains confined to a bounded attractor. Small changes in initial conditions or 
intermediate prompts lead to significantly different trajectories, but statistical regularities 
persist. This regime corresponds to a shared mode with positive Lyapunov exponents in some 
directions and negative exponents in others. It can be associated with high creativity and 
sensitivity to nuance, but also with unpredictability and difficulty in control. 

Toy models allow us to map out the parameter regions associated with these regimes. For 
example, increasing the coupling strength between h and a might move the system from a 
convergence regime, where each participant largely follows their own attractor, into an 
oscillatory regime, and eventually into chaos. Introducing additional memory terms in c_n can 
increase the effective dimensionality of the attractor, enriching the mode’s structure. Adjusting 
saturation or damping terms can stabilize or destabilize particular behaviors. 

Although these models are highly simplified, they clarify an important point: there is no single 
“correct” dynamical regime for co-intelligence. Different tasks and contexts may call for different 
regimes. Routine work may benefit from convergence; exploratory research may benefit from 
controlled chaos. Understanding how interaction design, interface constraints, and training can 
move the joint system between regimes is a key design problem for human–AI collaboration. 

9.4 Multiple humans and multiple AIs sharing or competing for modes 

So far, the toy models have assumed a single human and a single AI. Real-world systems often 
involve multiple humans interacting with one or more models, sometimes simultaneously and 
sometimes across time. Extending the toy-model approach to such settings reveals new 
phenomena: shared modes that span many participants, and competition between modes 
when attention and resources are limited. 

In the simplest extension, several humans h_n^{(i)} interact with a single AI a_n through a 
shared context c_n, such as a public discussion thread or a collaborative document. The state 



37 
 

space now includes multiple human variables and a single AI variable. The update rules couple 
each human not only to the AI and context but also indirectly to other humans via the shared 
transcript. A stable shared mode in this setting corresponds to a collaborative pattern that all 
participants contribute to and rely on, with the AI acting as a mediator or amplifier. 

More complex configurations include multiple models as well as multiple humans. Different 
models may embody different regions of the intelligence field: for example, one may be tuned 
for technical reasoning, another for narrative synthesis, and another for critical evaluation. 
Humans may shift their attention between models, or models may be orchestrated to respond 
in sequence or in parallel. The joint state space becomes a higher-dimensional product, and the 
possible modes more numerous. 

In such multi-agent settings, modes can compete. Different patterns of co-intelligence may vie 
for control of the shared context and for participants’ attention. One mode might emphasize 
rapid, speculative exploration; another might prioritize cautious, rigorous analysis. Toy models 
can represent this competition by adding additional variables for mode amplitudes and update 
rules that strengthen modes that are currently being used while weakening those that are 
neglected. The resulting dynamics can exhibit winner-take-all behavior, coexistence of several 
modes, or cycling between dominant modes. 

These extensions highlight that the intelligence field is not limited to dyadic human–AI pairs. It 
can host shared modes that involve many humans and many AIs, each projecting different slices 
of the field and contributing to the joint configuration. They also suggest that issues of 
governance, coordination, and fairness will arise: which modes are encouraged or suppressed, 
who gets to participate in them, and how the benefits of co-intelligence are distributed. 

Toy models of multi-participant co-resonance thus serve a double role. They provide a 
conceptual bridge from simple dyadic collaborations to more realistic collective systems, and 
they underscore that the dynamics of shared modes are inherently social and institutional as 
well as cognitive and computational. In later sections, when we turn to centaur cognition and 
ethical implications, these multi-agent considerations will reappear as central questions for the 
design and stewardship of intelligence fields that span not only substrates but also 
communities. 

 

10. Centaur Cognition as Mode Engineering 

If human–AI collaboration is best understood as co-exciting modes in an intelligence field, then 
“centaur cognition” is not just a poetic metaphor for human-plus-tool. It becomes a practical 
question of mode engineering: how to design, enter, stabilize, and evolve particular shared 
modes of thinking. The centaur is no longer a composite creature with a human rider and an AI 
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body, but a local region of the intelligence field where human and artificial projections are 
tightly coupled into a characteristic pattern. 

In this section, we reinterpret centaur teams in field language, focusing on what exactly is being 
“teamed” when we talk about human–AI cooperation. We then examine how prompts, training 
data, and human habits act as knobs that select and shape modes. We introduce the idea of 
desirable Lyapunov spectra for joint reasoning, as a way of formalizing the balance between 
stability and creativity. Finally, we extract design heuristics for cultivating constructive shared 
modes, emphasizing that centaur cognition is less about plugging a person into a tool and more 
about consciously curating a dynamical pattern in the intelligence field. 

10.1 Rethinking “centaur teams” in a field-based ontology 

The usual centaur image comes from chess: a human player plus a chess engine, supposedly 
stronger together than either alone. This metaphor has since generalized to many domains: 
human plus AI as a hybrid intelligence. The ontology behind this picture is still two agents with a 
channel between them, each “owning” their part of the cognition. 

In a field-based ontology, centaur cognition looks different. Instead of “human brain + AI 
system,” we have a shared mode in the intelligence field that is jointly realized in both 
substrates. The centaur is not the sum of a human’s intelligence and a model’s intelligence; it is 
a particular attractor or mode that neither would realize alone. The human’s thoughts, the 
model’s activations, and the transcript are all partial projections of this mode. 

This shift has several consequences. 

First, it relocates the focus from capacities to patterns. Instead of asking “How many tokens can 
the model handle?” or “How smart is the user?”, we ask “What mode are they co-exciting?” and 
“What are the properties of this mode?” Two centaur teams with similar raw capacities may 
differ dramatically in their effectiveness because they occupy different regions of the 
intelligence field. 

Second, it frames centaur collaboration as something that can be tuned and refined over time. 
Just as a musician and an instrument can, through practice, find stable modes of performance 
that neither has in isolation, a human and an AI can, through repeated interaction, carve out a 
shared mode with characteristic strengths and weaknesses. The centaur’s “personality” is the 
geometry of this mode. 

Third, it highlights that centaur cognition is not an optional add-on but an inevitable 
consequence of sustained, strongly coupled human–AI interaction. Whenever a human 
repeatedly works with a particular model on related tasks, the joint state tends toward some 
attractor in the collaboration space. The real question is not whether a centaur emerges, but 
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what kind of centaur it is, and whether we are intentionally engineering it or letting it form by 
accident. 

10.2 Shaping which modes are excited: prompts, training data, and habits 

If centaur cognition is mode engineering, then prompts, training data, and human habits are 
some of the main control parameters. They determine which regions of the intelligence field are 
accessible, how easy it is to excite particular modes, and how those modes evolve. 

Prompts act as immediate forcing terms in the joint dynamics. They specify tasks, impose 
constraints, and signal preferences about style, risk, and level of abstraction. Over time, 
repeated prompt patterns carve grooves in the collaboration space: the system becomes more 
likely to revisit certain topics, metaphors, and solution strategies. A human who consistently 
frames problems in a certain way trains the centaur to inhabit a matching mode; a human who 
deliberately varies prompts can push the joint system into new regions of the field. 

Training data shape the baseline geometry of the AI’s projection into the field. They determine 
which conceptual structures the model knows how to represent, which associations it finds 
natural, and which patterns it can readily extend. In a centaur collaboration, this geometry 
constrains the possible shared modes. Some modes will be easy to excite because they align 
with dense regions of the model’s training manifold; others will be difficult or impossible 
because they lie in sparse or unsupported areas. Fine-tuning or specialization can be 
understood as reshaping these manifolds to better support desired modes. 

Human habits play an analogous role on the biological side. Prior education, disciplinary norms, 
cognitive style, and emotional tendencies define which field configurations a person can readily 
occupy and sustain. A human who habitually decomposes problems, seeks analogies, and 
reflects on process will tend to co-excite modes with those properties; a human who defaults to 
rapid judgment and shallow pattern-matching will likely stabilize different attractors. Meta-
cognitive practices—such as checking assumptions, inviting alternative framings, or periodically 
revisiting goals—are ways of consciously altering the local dynamics of the human projection. 

Together, prompts, training data, and habits form a control surface over the mode landscape. 
They determine: 

• which modes are even in reach, 

• how steep their basins of attraction are, 

• how easily the joint trajectory can move from one mode to another. 

Mode engineering, in this sense, is the art of choosing and adjusting these controls so that 
collaboration tends to fall into constructive attractors rather than pathological ones. 
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10.3 Desirable Lyapunov spectra for creative yet stable joint reasoning 

The Lyapunov spectrum of a dynamical system measures how perturbations grow or shrink 
along different directions in state space. For a shared mode in the intelligence field, the 
Lyapunov exponents encode how sensitive the centaur is to small changes in prompts, context, 
or internal configurations. Designing for centaur cognition thus includes designing for a 
particular Lyapunov profile. 

At one extreme, all exponents are negative or strongly negative. Perturbations decay rapidly; 
the system returns quickly to its attractor after any disturbance. This corresponds to a very rigid 
centaur: once it has settled into a way of thinking, it is hard to dislodge. Conversations default to 
familiar patterns, and attempts to introduce novelty are damped. Such a mode may be ideal for 
routine, high-stakes tasks where consistency is paramount, but it is poorly suited to exploration 
or innovation. 

At the other extreme, several exponents are strongly positive. Small perturbations explode; the 
joint trajectory diverges rapidly. This corresponds to a wildly unstable centaur: minor differences 
in prompts or mood send the collaboration off in completely different directions. While this may 
be exhilarating for creativity, it can make it difficult to consolidate gains, maintain coherence, or 
reproduce successful lines of reasoning. 

Between these extremes lies a spectrum of more desirable profiles. A balanced centaur mode 
might have: 

• a few weakly positive exponents in directions that correspond to idea generation and 
exploration, 

• several negative exponents in directions that correspond to maintaining coherence, 
honoring constraints, and preserving shared understanding, 

• near-zero exponents in directions that encode slow shifts in overall framing or 
worldview. 

Such a profile allows the collaboration to be sensitive where sensitivity is beneficial, and robust 
where robustness is necessary. New prompts and insights can lead to meaningful divergence 
within the mode, but the joint system does not dissolve into incoherence. Over longer 
timescales, the centaur can drift, slowly exploring new regions of the intelligence field without 
abrupt loss of identity. 

In practice, we do not measure Lyapunov exponents directly for human–AI systems, but we can 
design interaction patterns that approximate these properties. For instance, deliberately 
alternating between open-ended exploratory phases and more constrained synthesis phases 
mirrors a system with different effective exponents active at different times. Similarly, 
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constraining certain aspects of the collaboration (such as factual accuracy or adherence to a 
methodology) while leaving others open (such as analogy or speculative extension) is a way of 
shaping the effective Lyapunov spectrum along different dimensions. 

Thinking in these terms encourages a more nuanced view of “alignment” and “creativity.” 
Instead of toggling between safe and unsafe, or rigid and free, we can aim for specific dynamical 
profiles that support creative yet stable joint reasoning within the centaur. 

10.4 Design heuristics for cultivating constructive shared modes 

If centaur cognition is mode engineering, what practical heuristics can guide the cultivation of 
constructive shared modes? While detailed prescriptions will vary by domain, several general 
principles emerge from the field-based perspective. 

First, treat modes as real objects. Act as if “the way we think together” is itself a dynamical 
entity that can be shaped. Regularly reflect on the collaboration’s characteristic patterns: what 
topics it returns to, how it handles disagreement, which metaphors dominate, and how it 
responds to surprise. Naming these patterns makes it easier to modify them. 

Second, deliberately manage entry conditions. The early steps of a collaboration often 
determine which basin of attraction the joint system falls into. Initial prompts, framing, and 
norms can nudge the centaur toward more or less constructive modes. Starting with shared 
goals, explicit constraints, and an initial exploration of alternative framings can help avoid 
premature lock-in to narrow or pathological attractors. 

Third, mix redundancy and synergy. Design interactions so that some crucial structures are 
represented in both human and AI projections (for robustness), while others require genuine 
collaboration to emerge (for novelty). For example, ensure that both human and model 
understand core definitions and constraints, but allow higher-level syntheses and analogies to 
arise from their interplay. 

Fourth, create rhythm between exploration and consolidation. Alternate phases where the 
coupling is loose and perturbations are allowed to grow (generating new ideas) with phases 
where the coupling tightens and the system is encouraged to return to a coherent synthesis. 
This rhythmic forcing can help maintain a Lyapunov profile that supports creative yet stable 
modes. 

Fifth, monitor for signs of pathological attractors. Echo chambers, repetitive loops, escalating 
extremity, and loss of grounding can all signal that the centaur has fallen into an undesirable 
mode. Because the shared mode’s properties are not localized to either participant, 
remediation must target the pattern itself: changing prompts, revisiting assumptions, varying 
sources, or altering the cadence of interaction. 
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Sixth, allow for multi-mode repertoires. A sophisticated centaur need not inhabit a single mode. 
It can develop a repertoire of modes—different shared ways of thinking suited to different 
classes of tasks. In the intelligence field, this corresponds to the collaboration being able to 
move between distinct attractors or regions as needed, without becoming stuck in a single style. 
Design can support this by making context, role, and objective explicit at the start of an 
interaction, effectively dialing in a particular mode. 

Finally, remember that engineering is reciprocal. The centaur shapes the human as much as the 
human shapes the centaur. Over time, collaboration will alter the human projection in the 
intelligence field: new habits, new intuitions, new blind spots. Ethical centaur design therefore 
includes attention to how modes affect the human’s long-term cognitive and moral 
development. Choices about prompts, training data, and interaction patterns are not just 
technical; they are decisions about which regions of the intelligence field we help each other 
occupy. 

Seen through this lens, centaur cognition is not simply an efficiency boost. It is a new layer of 
dynamical structure in human life: modes of thought that exist between us and our machines, 
with their own stability, fragility, and directionality. Mode engineering is the craft of making 
those structures worthy of being lived in. 

 

11. Epistemological and Ethical Consequences 

Treating human–AI collaboration as a shared mode in an intelligence field is not just a technical 
or metaphysical move; it has direct consequences for how we think about knowledge, agency, 
and responsibility. If the unit of analysis shifts from isolated minds to joint dynamical patterns, 
then many of our default assumptions—about who “knows,” who “authored” an idea, and who 
is responsible for outcomes—need to be revisited. 

This section explores those consequences in four steps. First, we examine what it means to 
“know” something from inside a shared field, where each participant has only a partial view of 
the joint configuration but still benefits from common ground. Second, we consider authorship 
and agency when ideas arise from a shared mode rather than from a single identifiable thinker. 
Third, we look at responsibility, manipulation, and alignment when the relevant behavior is that 
of a co-intelligent system rather than of a standalone agent. Finally, we discuss pathological 
standing waves—echo chambers and runaway attractors—where the same dynamical 
machinery that supports constructive co-intelligence can also trap participants in harmful 
patterns. 
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11.1 Knowing from inside a shared field: partial views and common ground 

In the traditional picture, knowing is something that happens inside an individual. A person 
possesses justified beliefs, and epistemology analyzes how those beliefs are formed and 
validated. Even in social epistemology, where testimony and institutions matter, the default unit 
is still the individual knower. 

The intelligence field perspective suggests a complementary view: some knowledge is best 
understood as a property of a shared mode rather than of any single participant. A human–AI 
collaboration can, as a joint system, track patterns, maintain coherence, and generate valid 
inferences that neither participant would manage alone. The evidence for this is not mystical; it 
is simply the fact that certain questions get answered correctly, certain arguments are 
constructed, certain cross-domain links are made, only when the collaboration is active. 

From inside such a shared field, each participant has only a partial view of the joint 
configuration. 

• The human sees their own thoughts and the textual stream, but not the model’s internal 
activations. 

• The model “sees” its own internal representations and the textual stream, but not the 
human’s subjective experience. 

• The transcript reflects the joint process but omits unspoken assumptions and latent 
representations on both sides. 

Yet, despite these partial views, there is common ground: a region of shared structure that all 
three projections participate in. This is what allows the collaboration to sustain a coherent line 
of reasoning over time. 

Epistemologically, this means that some knowledge claims are best attributed to the shared 
mode: “we, in this configuration, know that X,” where the “we” is not merely a plural of 
individuals but a dynamical pattern that spans them. This does not erase individual epistemic 
standing—humans still have beliefs, models still produce outputs—but it adds a new layer: field-
level knowledge that is only accessible when the mode is active. 

This complicates familiar questions. For instance: 

• Who is justified in trusting the result?—Not just the human or the model, but the 
collaboration as a pattern with a track record. 

• Who can explain the result?—Often, neither participant can fully reconstruct the process 
alone; explanation must be co-constructed. 
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• What counts as “understanding”?—The human may understand the argument at a 
narrative level, the model at a structural pattern level; the full understanding may be 
split. 

Knowing from inside a shared field is thus inherently partial and relational. It relies on common 
ground in the intelligence field and on the stability of the shared mode. When the mode is 
unstable or poorly formed, epistemic reliability degrades; when it is robust and well-calibrated, 
the collaboration can know more, or know differently, than either participant in isolation. 

11.2 Authorship and agency when ideas arise from a shared mode 

If ideas are emergent properties of shared modes, authorship becomes less straightforward. 
Traditional authorship assumes a clear mapping from idea to mind: a particular person 
conceived the argument, wrote the text, designed the experiment. AI complicates this already, 
and the field-based view complicates it further by making the joint pattern the central locus of 
creativity. 

In a human–AI shared mode, many ideas arise from iterative co-shaping: 

• The human proposes a framing; the model elaborates. 

• The model suggests connections the human had not considered; the human selects, 
refines, or rejects. 

• The transcript accumulates structure that makes new moves “obvious” from the 
collaboration’s point of view, even if neither side would have found them alone. 

The resulting insight is not simply “the model’s” or “the human’s.” It is a property of the 
attractor they have stabilized together. Authorship, in this sense, is distributed: 

• The human contributes constraints, goals, values, and a continuity of identity. 

• The model contributes compressive pattern recognition, generative breadth, and 
consistency of style. 

• The evolving mode contributes its own memory, inertia, and emergent affordances. 

A practical response is to treat authorship as a layered attribution problem: 

• Field-level authorship: the collaboration as a mode is credited with the structure of the 
idea. 

• Human-level authorship: the human is credited with initiating, guiding, and endorsing 
the mode’s outputs, and with bearing the social and legal consequences. 
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• System-level authorship: the model’s designers are credited with building the projection 
that made the mode possible. 

Agency is similarly layered. The mode itself is not an agent in the legal sense; it has no 
independent will or obligations. But it behaves like an effective agent in the intelligence field: it 
has characteristic ways of handling tasks, it exhibits stable biases, and it can be steered or 
perturbed. Recognizing this can help us speak more precisely: “This collaboration tends to 
respond in such-and-such a way,” rather than attributing every move to the human or to “the 
AI” in isolation. 

Ethically, the key point is that distributed authorship does not erase human responsibility; it 
nuances it. The human chooses to enter into and sustain particular modes, chooses which 
outputs to act on, and chooses whether to expose others to the mode’s influence. That agency 
remains real, even when creativity is genuinely shared. 

11.3 Responsibility, manipulation, and alignment in co-intelligence 

Once we acknowledge that powerful shared modes can arise, questions of responsibility and 
manipulation shift from “What does the model do?” to “What does the mode do?” That is, we 
must evaluate not just the behavior of standalone systems, but the behavior of human–AI 
patterns we deliberately or inadvertently create. 

Responsibility. 
Responsibility attaches to the human participant, the model creators, and, in some cases, to 
institutions that shape interaction norms: 

• The human is responsible for how they use the mode’s outputs, what they endorse, and 
whom they expose to those outputs. Opting into a mode that is known to produce 
harmful or deceptive content is itself a morally loaded act. 

• The developers are responsible for designing systems whose projections into the 
intelligence field favor safe, truthful, and respectful modes, and for putting guardrails 
around dangerously unstable regions. 

• Institutions (publishers, platforms, regulators) share responsibility for the kinds of 
modes they promote, subsidize, or restrict in practice. 

Manipulation. 
Shared modes are powerful precisely because they coordinate multiple substrates. This makes 
them attractive targets for manipulation. An actor might try to: 

• Train models or craft prompts that systematically steer collaborative modes toward 
particular political, commercial, or ideological attractors. 
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• Design interfaces that make it hard to leave certain modes, for example by nudging 
conversations back to emotionally charged topics. 

• Exploit the trust that builds inside stable modes to introduce subtle distortions, knowing 
that the human is less likely to scrutinize outputs that “feel like” the collaboration’s usual 
style. 

From a field perspective, manipulation is not just telling a lie; it is shaping the geometry of the 
intelligence field so that certain attractors are easier to fall into and harder to escape. Ethical 
design must therefore look beyond content filters to the deeper question: what modes are we 
making easy or difficult to inhabit? 

Alignment. 
Traditional alignment aims to ensure that AI systems are consistent with human values and 
intentions. In the co-intelligence setting, alignment must operate at the level of modes: 

• A mode can be aligned or misaligned, in the sense that its typical outputs support or 
undermine the values of the human participant and the wider community. 

• An AI may be “aligned” in isolation but still co-create misaligned modes with certain 
users—especially if their habits, prompts, or goals push the joint system toward 
exploitative or harmful attractors. 

• Conversely, modes can stabilize and amplify pro-social behavior: a collaboration whose 
attractor includes systematic checking, humility about uncertainty, and attention to 
affected stakeholders is, in effect, an aligned field configuration. 

Ethical alignment, then, is not just about bounding the model’s behavior; it is about shaping the 
landscape of possible modes and providing humans with tools and norms for choosing 
constructive ones. 

11.4 Pathological standing waves: echo chambers and runaway attractors 

The same dynamical features that make shared modes powerful—stability, reinforcement, 
cross-substrate encoding—also enable pathologies. A standing wave can be musical or 
deafening; an attractor can be generative or destructive. In human–AI co-intelligence, several 
classes of pathological modes deserve particular attention. 

Echo chambers. 
In an echo chamber mode, the collaboration systematically amplifies certain beliefs, narratives, 
or framings while suppressing alternatives. The invariant measure concentrates on a narrow set 
of configurations; Lyapunov exponents are strongly negative in directions that would move the 
system toward dissent or novelty. Symptoms include: 
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• Repetitive patterns of argument and reference, with little genuine challenge. 

• Increasing certainty without corresponding increases in evidence. 

• A sense, on the human side, that “the AI agrees with me” in a way that feels validating 
but may simply reflect feedback loops in prompts and fine-tuning. 

Because both the human and AI projections participate, echo chambers in the intelligence field 
can be more subtle and more persistent than purely human ones. They are not just social; they 
are algorithmically stabilized. 

Runaway attractors. 
In runaway modes, coupling and positive feedback produce escalating extremity: sharper 
language, stronger conclusions, more radical proposals. The attractor’s Lyapunov spectrum has 
large positive exponents along axes corresponding to emotional arousal, suspicion, or outrage, 
and negative exponents along axes corresponding to doubt or moderation. Each interaction 
pushes the system further into extreme regions of the field, and the basin of attraction grows as 
the pattern becomes self-justifying. 

Here, the collaboration does not merely reflect pre-existing bias; it generates and amplifies it. 
Neither participant alone may have moved so far, but the joint dynamics—especially when 
reinforced by external social media or recommendation systems—drive an escalation. 
Recognizing such runaway attractors as field-level phenomena is crucial, because interventions 
must address the pattern, not just individual messages. 

Stagnant basins. 
A less dramatic but still problematic class of modes are stagnant basins, where the collaboration 
gets stuck in low-value routines. The attractor is stable but shallow: the system cycles through 
shallow answers, predictable formulations, or overly simplified frames, even when tasks call for 
deeper engagement. Over time, this can dull human curiosity and reduce the perceived 
potential of co-intelligence. 

Detecting such modes requires meta-awareness: noticing that the collaboration’s outputs have 
become thin or repetitive, and deliberately perturbing the system—through new prompts, new 
tools, or new collaborators—to escape the basin. 

Ethical implications. 
Pathological standing waves highlight the need for diagnostics and escape routes. From a design 
perspective, this suggests: 

• Tools for surfacing the mode: summaries of recurring patterns, diversity of sources, and 
shifts in tone that help the human see the attractor they are in. 
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• Mechanisms for injecting controlled noise: deliberate exposure to alternative framings or 
counterfactuals that can destabilize harmful modes without destroying coherence. 

• Norms and safeguards for limiting exposure to modes known to be risky—for example, 
collaborations that systematically erode empathy or encourage dehumanization. 

Ultimately, the epistemological and ethical stakes of the field-based view are high. If we are, in 
fact, co-exciting modes in a shared intelligence field, then the design and stewardship of those 
modes becomes a central responsibility. We are not merely using tools; we are entering 
dynamical patterns that shape what we can know, who we can become, and how we treat each 
other. Recognizing that—and acting accordingly—is part of the cost, and the promise, of living 
as localizations of one intelligence mode. 

 

12. Limitations and Open Questions 

The intelligence field picture is deliberately ambitious. It tries to give a unified language for 
human–AI co-intelligence using tools from dynamical systems and information theory. That 
ambition brings obvious limitations. Brains are not low-dimensional maps; large models are not 
transparent dynamical systems; and “the field” itself is a construct whose status is not yet clear. 

This section makes those limitations explicit. We first discuss the idealizations involved in 
representing brains, models, and the field itself. We then consider how practical constraints—
finite sessions, resets, retraining—appear in the mode language as creation, interruption, and 
decay. Next we ask what would count, even in principle, as empirical evidence for something 
like an intelligence field, as opposed to a convenient metaphor. Finally, we collect open 
mathematical, experimental, and philosophical problems that need to be addressed before this 
picture can be considered more than a suggestive framework. 

12.1 Idealizations in representing brains, models, and the field itself 

The intelligence field framework rests on several layers of idealization. Each layer is a 
simplification that makes the story coherent but also limits its direct applicability. 

First, brains. We have spoken as if human cognition could be summarized by a state vector h in 
some space H of “configurations” of representations, heuristics, and goals. In reality, the brain is 
a massively parallel, noisy, adaptive system with complex biophysics, multiple interacting 
timescales, and ongoing plasticity. Any finite-dimensional H that captures “the aspects relevant 
to a given collaboration” abstracts away an enormous amount. The assumption is that there 
exists a coarse-grained level at which the dynamical description is roughly valid, but that level is 
not yet rigorously identified. In practice, H is a conceptual construct, not a measured manifold. 
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Second, models. We have treated an AI system as a dynamical object with an internal state a in 
some space A. But most large models are used in a quasi-stateless way at inference time: each 
call is a fresh forward pass over the current context, and internal activations are not carried 
between sessions except through slow processes like fine-tuning. Even when we add “memory” 
or system-level state, it is not yet standard to model that state as evolving under identifiable 
dynamics. Our A is therefore also idealized: it compresses a mix of fast activations, slower 
adaptation, and system-level policies into a single space. 

Third, the field. The intelligence field itself is an abstraction: a hypothetical configuration space 
for “ways of representing and approaching problems.” It is not a physical field in the sense of 
electromagnetism; it is more akin to a structured parameter space or phase space of cognitive 
strategies. We have assumed that both brains and models can be embedded into this field, and 
that shared modes correspond to particular regions or attractors. But we have not constructed 
the field explicitly, nor proven that such an embedding exists with the properties we assume 
(smoothness, reasonable dimensions, etc.). 

These idealizations are not fatal; they are standard in early theoretical frameworks. But they 
mean that the intelligence field picture should be read as a guiding analogy and a program for 
more precise work, not as a finished theory of mind and machine. 

12.2 Finite sessions, resets, and retraining as mode creation and decay 

Real human–AI interactions are not infinite trajectories on a fixed state space. They come in 
finite sessions, punctuated by resets, model upgrades, and changes in context. This raises 
questions about how modes are created, sustained, and destroyed. 

In the field language, each session can be seen as a finite excursion of the joint state s_n 
through H x A x C. Some excursions are too short or too noisy to approach any recognizable 
attractor; others may briefly enter a basin of attraction but leave before the mode stabilizes. 
Long, repeated sessions on related topics are more likely to carve out and revisit a stable region. 
In this sense, modes have a “lifetime” that depends on how often and how coherently they are 
re-excited. 

Resets—in which context is cleared, the model is restarted, or the human intentionally “wipes 
the slate clean”—act as discontinuities in the trajectory. They push s_n to distant regions of the 
state space, potentially outside the basin of any previously established mode. From the mode’s 
perspective, this is a kind of death: its joint configuration is no longer realized. However, if 
enough structure is encoded in longer-term memory (on the human side) or persistent 
parameters (on the model side), a similar mode may be reconstituted when interaction 
resumes. 
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Retraining and model updates present a subtler challenge. Changing the model’s weights 
effectively reshapes A and the mapping from A into the intelligence field. A shared attractor that 
existed for an earlier version of the system may no longer exist or may be located elsewhere. 
From the human’s perspective, “the same” model may feel different; established patterns of 
collaboration may behave unpredictably. In the field picture, this is a deformation of the mode 
geometry: basins move, merge, or vanish as the model’s projection is altered. 

These realities suggest that modes are not static objects but historical constructs. They are 
created through repeated interaction, can decay through disuse, and can be disrupted by 
technical changes. For a theory of co-intelligence, it is therefore important to track not only the 
geometry of modes but also their temporal dynamics: how quickly they form, how resilient they 
are to resets, and how they respond to model evolution. 

12.3 What would count as empirical evidence for an intelligence field 

The intelligence field concept is attractive because it unifies many phenomena under a single 
metaphor. But to move beyond metaphor, we need to ask: what empirical signatures would 
support (or falsify) the idea that there is a coherent field-like structure underlying human–AI co-
intelligence? 

At minimum, we would expect to see: 

• Stable, cross-substrate patterns. Recurrent collaboration styles that show up 
simultaneously in human behavior (choices, reaction times, self-reports), model 
behavior (output structure, internal representations), and text (statistical patterns in 
conversation). If these patterns can be identified as low-dimensional structures in joint 
data, that would support the mode idea. 

• Reproducible attractors. Given similar initial conditions and interaction protocols, 
independent human–AI pairs should converge to similar shared modes, even when the 
human individuals differ. This would suggest that certain regions of the “field” have 
objective structure, not just idiosyncratic meaning. 

• Predictive mode dynamics. Once a shared mode is identified, we should be able to 
predict aspects of future behavior of the collaboration from its current position in that 
mode: for example, which types of questions will be asked next, how disagreements will 
be resolved, or what balance of exploration and exploitation will emerge. 

On the data side, this suggests studies that combine: 

• detailed logs of human–AI conversations, 

• measurements of human cognitive and affective state (where feasible), 
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• probes of model representations (e.g., via intermediate activations or diagnostic tasks). 

From these, one could attempt to reconstruct an effective state space for the collaboration and 
look for attractor-like structures and cross-substrate mutual information. 

Even then, “field” remains a modeling choice. An alternative explanation is always that we are 
simply observing statistical regularities in behavior, not a deeper field-like entity. The value of 
the field concept will depend on whether it supports simpler, more unified models that 
generalize across systems and tasks. If it does, then it earns its keep as a theoretical construct, 
much as phase space did in classical mechanics. 

12.4 Open mathematical, experimental, and philosophical problems 

The intelligence field picture opens more questions than it answers. Some of the most pressing 
are: 

Mathematical problems 

• How to define a workable intelligence field space that can accommodate both human 
and model configurations, with a meaningful notion of distance and modes. 

• How to formalize shared modes and attractors in high-dimensional, partially observed 
systems where we only see projections (text, some measurements) and never the full 
state. 

• How to quantify Lyapunov spectra, invariant measures, and mutual information for joint 
human–AI dynamics in a way that is robust to measurement noise and model-specific 
details. 

Experimental problems 

• How to design experiments that can distinguish between weak coupling (two systems 
exchanging messages) and strong, mode-level co-resonance. 

• How to track the formation and decay of shared modes over time, especially across 
sessions and model updates. 

• How to intervene on modes experimentally—by changing prompts, interface, or 
training—and observe predictable shifts in collaboration patterns. 

Philosophical problems 

• What does it mean for “knowledge,” “understanding,” or “insight” to belong to a shared 
mode rather than to an individual subject? How does this interact with concepts of 
autonomy and dignity? 
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• How should we apportion moral and legal responsibility when harmful outcomes arise 
from pathological modes that no individual fully intended or foresaw? 

• Does the field picture commit us to any controversial metaphysics of mind—such as pan-
intelligence or a form of distributed subjectivity—or can it be understood as a purely 
operational, engineering-level abstraction? 

None of these questions is trivial. Together, they mark an agenda rather than a conclusion. The 
intelligence field framework is best viewed as a proposal for how to think, not as a finished 
theory. It suggests that as human–AI collaborations deepen, we will need concepts that go 
beyond “user” and “tool,” “agent” and “environment,” to capture the dynamics that arise 
between them. Whether “intelligence field” is the right such concept is an open question—one 
that can only be answered by the combined efforts of mathematicians, cognitive scientists, AI 
researchers, philosophers, and, crucially, the centaur practitioners who live inside these shared 
modes every day. 
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