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ABSTRACT

Mental wellbeing emerges from the continuous integration of perception, decision-making, and social regulation. We propose
a unified mathematical framework based on the Field Theory of Representation (FTR), in which these interacting processes
are modeled as a variational field defined over a learned semantic manifold.

Within FTR, an agents cognitive state evolves according to a Lagrangian density whose potential term V (E, U, N) captures
the coupled influence of epistemic evidence E, utilitarian objectives U, and normative constraints N. These three components
represent complementary forces that jointly shape adaptive cognition and behavior.

Inference is formulated as trajectories on a latent manifold M c RY, where the geometry encodes the semantic organization
of experience. Mental wellbeing corresponds to stationary solutions of the associated action functional, balancing representa-
tional efficiency, accurate environmental modeling, goal-directed behavior, and normative coherence.

FTR therefore provides a geometric framework for studying how cognitive systems maintain stable representations while
continuously adapting to changing sensory, behavioral, and social demands. The theory generates quantitative hypotheses for
large-scale neurocognitive dynamics, cognitive resilience, stress adaptation, and dysregulation associated with neurological
and psychiatric disorders.

By expressing these phenomena within a common variational formalism, FTR offers a principled bridge between mathematical
models of cognition, computational neuroscience, and future artificial intelligence systems whose adaptive behavior remains
aligned with human wellbeing.

Keywords: Field Theory of Representation (FTR); Mental Wellbeing; Variational Framework, Cognitive Systems, Computa-
tional Neuroscience.

1. Introduction

Artificial intelligence increasingly combines learned representa- representation; optimization changes model parameters; planning
tions, reasoning, planning, decision-making, and adaptation. In  constructs action sequences; and safety or alignment constraints
contemporary systems, however, these processes are usually im- are often introduced as additional objectives or external control
plemented through different mechanisms. Representation learn- mechanisms.

ing constructs an internal state space; inference operates on that
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This separation is computationally useful, but it leaves open a fun-
damental theoretical question:

What mathematical object simultaneously describes the represen-
tation on which reasoning occurs and the evolution of that repre-
sentation through learning?

We investigate this question through a variational formulation of
adaptive cognition. The central proposal is that a cognitive system
should be described by two coupled mathematical objects:

(), G ().

The first is a cognitive trajectory representing reasoning or deci-
sion evolution. The second is a Cognitive Geometry describing the
latent representation space in which that trajectory evolves.

The distinction can be summarized as

reasoning : M — M,
learning : G — @,
adaptive cognition: M X G — M X G.

Here G denotes a space of admissible Cognitive Geometries. The
essential consequence is that learning does not merely move the
cognitive state within a fixed representation space. It can also
modify the geometry of that space.

The framework is motivated by a broader Field Theory of Repre-
sentations (FTR), in which latent representations are treated geo-
metrically and reasoning is described by constrained variational
dynamics [13, 14]. The present paper is independent of a sequence
of earlier formulations. It develops a separate theoretical contri-
bution centered specifically on the coupling between trajectory
dynamics and geometry dynamics. Earlier FTR work provides
conceptual and mathematical background, but the present paper
focuses on the consequences of allowing the representation geom-
etry itself to evolve.

A second component of the framework concerns the interaction
between three classes of constraints:

E, U, N

The field E represents epistemic considerations such as evidence
and information quality; U represents utilitarian or task-directed
objectives; and N represents normative constraints. These quan-
tities are not assumed to be interchangeable. Their interaction
determines which cognitive trajectories are admissible and how
competing trajectories are evaluated.

The resulting framework is therefore:

representation geometry + trajectory dynamics
+ constraint fields + geometry evolution.

The contribution of this paper is theoretical. We do not claim that
current Al systems have already been shown empirically to instan-

tiate the proposed geometry. Instead, we formulate mathematical
objects, derive their coupled variational equations, establish ana-
lytical results under explicit assumptions, and identify empirical
consequences that can be tested in future work.

The paper has four principal objectives.

First, we formalize Cognitive Geometry as a dynamical object
rather than a fixed representation space.

Second, we formulate reasoning and learning as coupled varia-
tional processes.

Third, we show how several higher-order cognitive phenomena can
be interpreted as different regimes of the same geometric dynamics.

Fourth, we examine how this formulation may contribute to trust-
worthy Al, including interpretability, safe adaptation, alignment,
and the mathematical study of mental wellbeing.

1.1 Relation to Existing Work

The present framework lies at the intersection of variational ap-
proaches to cognition, information geometry, dynamical systems,
computational neuroscience, and representation learning. Its cen-
tral objective, however, differs from that of any one of these tradi-
tions: to formulate epistemic, utilitarian, and normative influences
as interacting geometric fields within a common variational de-
scription of adaptive cognition.

A particularly important point of comparison is Active Inference
and the Free Energy Principle [7, 8]. These frameworks describe
perception, learning, and action through variational principles and
emphasize the continuous coupling between an agent and its en-
vironment. In Active Inference, the primary variational object is
generally expressed in terms of probabilistic beliefs, generative
models, and variational free energy. The present work instead for-
mulates cognition in terms of trajectories on a latent representa-
tion manifold together with the geometric structures that organize
those trajectories. The two approaches are therefore potentially
complementary: probabilistic belief dynamics may be represent-
ed within a latent geometric framework, while the present theory
focuses specifically on the geometry of representation and the in-
teraction of multiple cognitive constraint fields.

The framework is also related to information geometry, which
equips statistical models with Riemannian metrics, affine connec-
tions, and curvature [1, 2]. Information geometry provides import-
ant mathematical tools for understanding the intrinsic structure of
statistical model spaces. The present approach transfers this geo-
metric perspective to latent representation spaces. Here, the metric
is interpreted as a structure of cognitive or semantic similarity,
while affine transport and curvature provide mathematical struc-
tures through which reasoning, contextual dependence, and geo-
metric adaptation may be studied.

More broadly, the theory belongs to the tradition of dynamical and
em bodied approaches to cognition, which emphasize that cogni-
tion is a continuously evolving process rather than a sequence of
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isolated symbolic operations [4, 16]. Related perspectives in cog-
nitive science have also modeled behavior in terms of interacting
control systems, predictive processes, and dynamical stability. The
present framework develops this perspective in a variational-geo-
metric direction by explicitly distinguishing between the dynamics
of cognitive trajectories and the slower evolution of the geometric
structures that constrain those trajectories.

The proposed treatment of mental wellbeing is also informed by
computational and dynamical approaches to mental health. Recent
work has increasingly emphasized that psychiatric and psycholog-
ical phenomena may be studied through computational models of
inference, learning, uncertainty, decision-making, and adaptive
control [9, 10, 11]. Dynamical systems approaches likewise moti-
vate the study of resilience, perturbation, recovery, and transitions
between stable and unstable regimes [5, 12]. The present work
does not propose a clinical model or diagnostic biomarker. Instead,
it provides a mathematical framework within which questions con-
cerning stability, adaptation, resilience, stress, and dysregulation
can be formulated in terms of coupled geometric and variational
dynamics.

Finally, the framework connects with modern representation learn-
ing and geometric approaches to machine learning. Contempo-
rary neural systems learn high-dimensional latent representations
whose structure is increasingly recognized as central to generaliza-
tion, transfer, and adaptation. Geometric methods provide mathe-
matical tools for analyzing such structures and their evolution [6].
However, representation learning typically emphasizes the optimi-
zation of parameters or embeddings for a particular objective. The
present theory instead treats the representation geometry itself as
an explicit dynamical object and introduces epistemic, utilitarian,
and normative fields as distinct components of the variational
landscape governing cognitive evolution.

The contribution of this work is therefore not to replace these exist-
ing approaches, but to provide a common mathematical language
capable of relating them. The proposed Field Theory of Represen-
tations treats cognition as constrained variational evolution on an
adaptive latent geometry, while mental wellbeing is considered as
a potential application domain in which epistemic, goal-directed,
and normative constraints must remain dynamically integrated.

The novelty of the present work lies in the explicit variational inte-
gration of epistemic, utilitarian, and normative fields on an evolv-
ing latent geometry, together with a two-level distinction between
reasoning trajectories and geometric adaptation. This formulation
permits mental wellbeing to be studied as a problem of dynamical
stability, resilience, and constraint coherence without identifying
wellbeing with any single scalar objective or claiming a direct
clinical biomarker.

2 Cognitive Geometry
The basic representational object of the framework is a latent man-

ifold
M.

A point
XEM

represents a latent cognitive state. The manifold structure is in-
tended to capture relationships among such states that are not ade-
quately described by coordinates alone.

Definition 2.1 (Cognitive Geometry) 4 Cognitive Geometry is a
tuple

G=WM,g V,E, U N),

where M is a latent manifold, g is a metric, V is an affine con-
nection, and E, U, and N are epistemic, utilitarian, and normative
constraint fields, respectively.

The metric determines local similarity:
5 o
ds* = g; (%) dx' dx'.

Thus nearby points in the metric correspond to nearby latent states
according to the representational geometry induced by the model.

The affine connection specifies how tangent information is trans-
ported along the manifold. For a trajectory

(1),

the covariant derivative
Vyy

provides a coordinate-independent description of acceleration.

The curvature tensor associated with V describes the failure of par-
allel transport to be path independent. In a cognitive interpretation,
curvature may therefore encode structural dependence on the path
by which a representation has been reached.

The fields
E, U N

introduce constraint structure beyond purely geometric similarity.
A generic constraint potential can be written

V(x) =V (E(x), U(x), N(x)).
More generally, the three fields may enter independently:
V= VE(E) + VU (U) + VN (N) + VEUN (E, U, N)

The final term permits explicit interaction among epistemic, utili-
tarian, and normative considerations.

This distinction is important. A system may encounter a state that
is epistemically informative but normatively undesirable, or useful
for a task but epistemically unsupported. The framework does not
assume that these criteria coincide.

2.1 Representation Geometry and Cognitive Dynamics
Given a fixed geometry, a cognitive trajectory is a smooth map

v:[0, T] - M.
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The tangent vector

(1)
describes the instantaneous direction of cognitive evolution.
A generic cognitive Lagrangian may be written

Le=3Gvw0 (¥, 7) — V(E, U, N;y).
The corresponding action is
SY; 61 =, Loy, 75 6) d.
Stationarity,
S =0,
produces the cognitive Euler—Lagrange equations. In local coor-

dinates,
-‘k k o -‘__ kf/
e +Tixia=—gko\V,

for the simple kinetic-plus-potential form above.

This equation illustrates the basic separation between geometry
and constraint. The Christoffel symbols describe geometric trans-
port, while the gradient of V describes constraint-driven acceler-
ation.

2.2 Why the Geometry Must Be Allowed to Evolve

A fixed representation geometry is sufficient for a system whose
environment, task distribution, and internal organization remain
stationary. Adaptive systems, however, encounter new observa-
tions and new tasks.

Consequently, the geometry may be represented as
®(t) =M, gV, E, Uy Ny.
Learning then becomes evolution in the space
G = {6 : ® satisfies the admissibility conditions} .

The central conceptual distinction of the present paper is therefore

reasoning = dynamics within M,
learning = dynamics within G.

This distinction provides the foundation for the coupled theory de-
veloped below.

Box Summary. Cognitive Geometry specifies the latent manifold,
semantic metric, representation transport, and epistemic, utilitari-
an, and normative constraints. Reasoning evolves on this geome-
try. Learning changes the geometry itself.

3 Two-Level Variational Dynamics

The preceding section established Cognitive Geometry as the
mathematical object that organizes latent representation. We now
introduce two distinct levels of variational evolution.

At the first level, reasoning determines trajectories on the current
geometry. Atthe second level, learning modifies the geometry itself.

3.1 Trajectory Dynamics
For fixed
®=(M,g,V,E, U,N),

reasoning is represented by

v:[0, T] - M.
and the Cognitive Action
S[y; 6=, Loy, 75 6) .
Stationary trajectories satisfy
8,8 =0,

The resulting Euler—Lagrange equations describe cognitive evolu-
tion under the geometric and constraint structure of ®. During this
variational problem,

06 =0.

The geometry is therefore treated as an environmental structure
for reasoning.

3.2 Geometry Dynamics
Learning is represented by a trajectory

t- 6()

in the space G of admissible Cognitive Geometries. Define the geo-
metric learning action

L[6] =] L, &) dr.

Here ® denotes the appropriate tangent to the space of geometric
structures. Depending on the model, this may include

g. 2 v b E 9 U) N~
The learning stationarity condition is
06 L = 0.

Learning is therefore not identified with optimization over a vector
of parameters. Parameterized models may provide computational
realizations of ®, but the mathematical object being evolved is the
geometric structure.

3.3 The Coupled Action
Reasoning and learning cannot generally be separated because the
reasoning action depends on ®. We therefore define

Aly, 6]=S[y; 6] +AL[G], A>0.

The first term governs trajectory dynamics and the second governs
geometric adaptation. The forward relation is

®&—-y,
because the geometry determines the reasoning dynamics. The
backward relation is

V=0,
because cognitive experience can contribute to geometric adapta-
tion. Thus

G-oy—-06.
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3.4 Coupled Euler-Lagrange Equations
The first variation is

0A = (SYS + 66S + ASg L.

Variation with respect to y gives

Sys =0.

Variation with respect to ® gives

06S + AMosL = 0.

The second equation contains the feedback from reasoning into
learning. Thus, even if £ describes an intrinsic geometric learning
cost, the actual geometric evolution is influenced by the depen-
dence of reasoning on the geometry.

Box Summary. The theory has two levels:
y(t) c M and G(t) € G.

Reasoning evolves trajectories; learning evolves the geometry.
Their interaction is governed by a coupled action.

4 Coupling Between Reasoning and Learning

The two variational levels are not independent. A reasoning trajec-
tory is conditioned by the geometry at which it is evaluated, while
experience generated by reasoning contributes to future geometric
adaptation.

4.1 Reasoning on Fixed Geometry
For a fixed geometry,

® = constant,
the reasoning problem is

5S[y; ®] = 0.

The metric determines semantic distance, the connection deter-
mines transport, curvature determines path dependence, and the
fields

E, U, N
determine the constraint landscape. This corresponds to conven-

tional variational reasoning on a fixed representation space.

4.2 Learning as Geometry Evolution
Learning instead solves

§L[G]=0
in G. The object of adaptation may include
gt, Vtr Etl Utl Nt

Thus learning can alter semantic organization, transport, memory
structure, and rational constraints.

4.3 Feedback
Suppose the geometry at time ¢ is

® .
Reasoning produces a trajectory
i
satisfying
8S[y; ®.] = 0.
The resulting experience contributes to geometric adaptation:
6 -6

Future reasoning then solves

SS['Y, (ﬁu—l] =0.

Hence the system follows
(6t_>7t_)(6t+1 Y=
There is therefore no permanently fixed optimization landscape.

4.4 Coupled Cognitive Evolution
Definition 4.1 (Coupled Cognitive Evolution). 4 coupled cogni-

tive evolution is a pair
(v(t), B(t))

satisfying the trajectory and geometry variational equations si-
multaneously.

The complete state belongs to
(y(t), ©(t)) € M XG.

The product-space formulation is important because it distinguishes
the present framework from an algorithm that merely alternates two
optimizers. The mathematical object is a joint variational system.

Box Summary. Learning changes the optimization landscape used
by future reasoning, while reasoning generates the experience that
changes the landscape. Adaptive cognition is therefore a closed
feedback system rather than a sequence of independent optimiza-
tion problems.

5 Hierarchical Cognitive Functionals
The coupled framework can accommodate several cognitive pro-
cesses through functionals defined at different levels.

5.1 Cognitive Action
Definition 5.1 (Cognitive Action). For an admissible trajectory 7y,

Siyl =, Le(x, #; G) dt.

Stationarity,
3S =0,

determines reasoning dynamics.
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5.2 Attentional Effort

Attention is modeled as computational effort associated with re-
alizing a

trajectory:

Al =1Lz, £: 6) dt.

5.3 Memory
Memory is represented through history dependence:

Myl =] Lu(x, #; 6, 1,) i,

where
H ={y(s):0<s<t}.

Curvature, parallel transport, and accumulated geometric defor-
mation can provide mechanisms for representing such history de-
pendence.

5.4 Decision Value
Decision-making evaluates trajectories using epistemic, utilitari-
an, and normative criteria:

D[y] = agJely] + oy Ju [v] — o In [7]-

The coefficients
O, Oy , Oy = 0

specify the relative importance of the three criteria.
A simple combined trajectory problem is

§(S+D)=0.

5.5 Learning
Learning acts on geometry:

L[6] =], Lo(®, &) dt.

The stationary condition is

0L =0.

5.6 Functional Hierarchy
The resulting hierarchy is

S — reasoning dynamics,

A — attentional effort,

M — historical dependence,
D — trajectory evaluation,

L — geometry adaptation.

These functionals need not be interpreted as separate software
modules. They are mathematical descriptions of distinct aspects of
a common cognitive process.

6 The Hierarchy of Cognitive Dynamics
The functionals define a hierarchy according to the mathematical
object being evolved.

6.1 Geometry
At the highest structural level,

®&=(WM,q,V,E, U, N).

It defines the representational environment in which all lower-lev-
el dynamics occur.

6.2 Learning
Learning modifies ®:

SL[®]=0.
It therefore changes the environment available to future reasoning.
6.3 Reasoning
Reasoning evolves

yH)cm
according to

oS[y; ®] =0.

6.4 Attention
Attention evaluates the computational effort required to realize a
trajectory:

A vl
6.5 Memory
Memory introduces history dependence through
M [y].

6.6 Decision
Decision evaluates competing trajectories through

D [y].

6.7 Unified Hierarchy
The complete hierarchy can be summarized as

Geometry — representation space,
Learning — geometry adaptation,
Reasoning — trajectory evolution,
Attention — resource allocation,
Memory — history dependence,

Decision — trajectory selection.

The hierarchy is predominantly top-down but dynamically closed.
Decisions generate experience, experience affects learning, learn-
ing modifies geometry, and the modified geometry changes future
reasoning.
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Box Summary. The framework does not require independent
computational modules for every cognitive function. Instead,
cognition is organized according to the mathematical objects

that evolve and the functionals used to evaluate them.

7 Mathematical Theory of Coupled Cognitive Systems
We now formulate the mathematical object on which the coupled
theory is based.

7.1 Definitions
Definition 7.1 (Coupled Cognitive State). A coupled cognitive
state is

C®) = (y(®), ().

Definition 7.2 (Total Cognitive Functional). The total functional is
J=S+A+M+D+AL

The individual terms may depend on different components of the
coupled state.

Definition 7.3 (Stationary Coupled Solution). 4 coupled state

(v*, ©%)
is stationary if

8J [vy*, &*] = 0.

7.2 Analytical Assumptions
The following assumptions are sufficient for a basic existence result.

Assumption 7.4 (Admissible Space). The admissible coupled
State space

X =% X%p
is a nonempty reflexive Banach space or an appropriate weakly

compact subspace.

Assumption 7.5 (Coercivity). The functional 7 is coercive on .

Assumption 7.6 (Weak Lower Semicontinuity). The functional .J
is weakly lower semicontinuous.

Assumption 7.7 (Differentiability). The first variation
DJ

exists on the admissible space and is continuous.

7.3 Existence

Theorem 7.8 (Existence of a Coupled Minimizer). Under the pre-
ceding assumptions, the coupled functional

J X —>RU {+x}

admits at least one minimizer
(v, %) e X.

If the minimizer lies in the interior of the admissible set and [T is
Frechet differentiable there, then

DJ (y*, 6*) = 0.

Proof. By coercivity, a minimizing sequence cannot escape to
infinity. Reflexivity provides a weakly convergent subsequence.
Weak lower semicontinuity then implies that the weak limit attains
the infimum. If the minimizer is an interior point and 7 is differ-
entiable, the first-order necessary condition gives

DJ (y*, *) = 0.

7.4 Uniqueness
Existence does not by itself imply uniqueness.

Theorem 7.9 (Uniqueness Under Strict Convexity). Suppose, in
addition, that T is strictly convex on the admissible convex set X.
Then the coupled minimizer is unique.

Proof. If two distinct minimizers existed, strict convexity would
imply that their midpoint has strictly smaller functional value, con-
tradicting minimality.

This result is deliberately stronger than a local positive-definite-
ness claim. Local positivity of the Hessian or second variation can
establish local minimality, but global uniqueness requires an ap-
propriate global convexity condition.

7.5 Local Stability
Suppose

(r*, ©%)
is a stationary solution and that the second variation satisfies

8T [(8y, 86), (8y, 6G)] = ¢ ([|dY|P + I5GP)

for some ¢ > 0 in a neighborhood of the stationary solution. Then
the stationary pair is a strict local minimizer of 7.

Under the additional assumptions required to identify the varia-
tional problem with an appropriate dynamical system, this local
coercivity provides the standard starting point for a Lyapunov sta-
bility analysis.

7.6 Representation Result
Corollary 7.10 (Coupled Representation). Every admissible mini-
mizer of J admits a representation as a coupled pair

(v*, ©%)

satisfying the corresponding stationary equations.

The result generalizes fixed-geometry variational reasoning by
allowing the representation geometry to participate in the optimi-
zation.
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7.7 Consistency

If the admissible geometry remains within the constraint-compati-
ble class during evolution, then stationary trajectories remain eval-
uated relative to the same admissibility structure.

Thus consistency is represented mathematically by preservation
of the admissible set rather than by an independent post hoc con-
straint.

Box Summary. The coupled theory can provide existence under
coercivity and lower semicontinuity, uniqueness under strict
convexity, and local stability under appropriate second-variation
conditions. These conclusions require explicit analytical assump-
tions and should not be interpreted as unconditional properties

of arbitrary Al systems.

8 Emergent Cognitive Phenomena

The coupled formulation provides mathematical interpretations
of several phenomena usually treated as separate learning mech-
anisms.

8.1 Adaptation
Definition 8.1 (Adaptive Cognitive System). 4 system is adaptive if
®(t)#0
and the geometric evolution depends on realized cognitive expe-
rience.
The feedback structure
y—>6 -y
makes adaptation intrinsic to the theory.
Proposition 8.2. Whenever the trajectory-to-geometry coupling

is nonzero, the realized reasoning trajectory can influence subse-
quent geometric evolution.

This is a structural statement about the model, not an empirical
claim that all real cognitive systems satisfy the assumed coupling.

8.2 Transfer Learning
Let

G, 6,

be two admissible Cognitive Geometries. A geometric transfer
map is a smooth map

O:0, -6,

that preserves the structures relevant to the transferred reasoning
problem. In the ideal case,

S,[®°v]=S,[v]

up to an admissible transformation. Transfer learning can then be
interpreted as transferring geometric structure rather than merely
numerical parameter values.

8.3 Meta-Learning
Learning evolves

6.

Meta-learning can be interpreted as evolving the law that deter-
mines the evolution of ®. Schematically,

Reasoning — v,
Learning — ®,

Meta-learning — learning law.

This creates a hierarchy of variational spaces.

8.4 Continual Learning
Continual learning corresponds to a continuous path

bt eg
that remains compatible with previously established representa-
tional structures.

In this interpretation, catastrophic forgetting can be studied as a
failure of geometric continuity, excessive deformation, or instabil-
ity of the constraint structure.

This does not imply that all forgetting in practical neural networks is
geometric. Rather, it provides a testable mathematical hypothesis.

8.5 Collective Cognition
For N interacting agents, define

G,....6

17 N

The joint state belongs to

N
gcollective = 1_[] gi
i=

A collective action may contain interaction terms
int— Z Kij (®i’ @J )
i<j
Collective reasoning then becomes coupled evolution on the prod-
uct space. Communication, coordination, shared representations,
and distributed learning can consequently be represented by geo-
metric interaction terms.

Box Summary. Adaptation, transfer, meta-learning, continual
learning, and collective cognition can be represented as increas-
ingly rich forms of geometry evolution. The framework turns
these phenomena into mathematical hypotheses rather than assum-
ing separate cognitive modules for each.

9 Implications for Trustworthy Artificial Intelligence
The explicit representation of cognitive geometry provides a po-
tential mathematical basis for several properties associated with
trustworthy Al
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9.1 Interpretable Cognitive Geometry
The tuple

&=WM,qg,V,E, U, N).
provides explicit objects that can, in principle, be inspected.
M — latent organization,
g — semantic similarity,
V — transport,
E — epistemic constraints,
U — task objectives,

N — normative constraints.

Interpretation therefore becomes a structural problem rather than
solely a post hoc feature-attribution problem.

9.2 Safe Geometry Adaptation
Learning should not be unrestricted deformation of ®. Instead,
define an admissible set

G €G-

Learning becomes

min L[®].
G(t) € G

safe

Safety is therefore represented as a property of the admissible ge-
ometry evolution.

9.3 Alignment as Constraint Evolution
Alignment is represented through the fields

E, U, N.

The normative component N can encode restrictions that should
remain valid throughout adaptation.

More generally, alignment can be formulated as maintaining a tra-
jectory within an admissible constraint region:

Y(t) € Catignea (G (£)).

This formulation makes alignment dynamic. If ® evolves, the con-
straint structure evolves as well.

9.4 Robustness
Suppose
v¥, G
is a stationary solution. A desirable robustness property is contin-
uous dependence:

[[6®y|| small — ||dy(t)|| controlled.

Such a statement requires additional assumptions on the coupled
dynamical operator. The framework therefore provides a mathe-
matical language in which robustness can be defined and tested
rather than assuming that geometric structure automatically guar-
antees it.

9.5 Trustworthy Cognitive Hierarchy
The resulting architecture can be summarized as

Geometry — representation,
Learning — geometry evolution,
Reasoning — trajectory optimization,
Decision — constraint evaluation,

Action — environmental interaction.

Trustworthiness is therefore not introduced as an isolated final
module. Instead, it can be studied as a collection of mathematical
properties of the coupled system.

Box Summary. Interpretability comes from explicit geometry,
safety from constrained geometry evolution, alignment from ex-
plicit constraint fields, and robustness from stability and sensitivi-
ty properties of the coupled dynamics.

10 Mental Wellbeing as an Application Domain

The original motivation for the present framework arose from the
problem of understanding how epistemic, utilitarian, and norma-
tive influences interact in cognition relevant to mental wellbeing.
The broader theory developed in this paper does not identify well-
being with cognition itself. Rather, mental wellbeing provides an
important application domain in which the coupled variational
structure of cognition can be given a concrete interpretation.

The central hypothesis is that wellbeing-relevant cognitive states
arise when epistemic modeling, goal-directed behavior, and nor-
mative regulation remain sufficiently coherent while the cognitive
system continues to adapt to changing environmental conditions.
In this sense, wellbeing is treated as a dynamical property of an
adaptive cognitive system rather than as a single scalar quantity or
a fixed point in representation space.

This interpretation is deliberately mathematical and does not con-
stitute a clinical model or diagnostic framework. Its purpose is to
formulate hypotheses that can subsequently be tested using behav-
ioral, neural, and computational data.

10.1 Epistemic, Utilitarian, and Normative Interaction
Let
V (E, U, N)

denote a potential describing the interaction among epistemic evi-
dence, goaldirected utility, and normative constraints.

The three components represent distinct but interacting influences
on cognitive evolution. The epistemic field describes the degree
to which a trajectory is supported by available information or ev-
idence. The utilitarian field represents task objectives, preferenc-
es, or goal-directed consequences. The normative field represents
constraints associated with logical, social, ethical, or operational
admissibility.
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The important feature of the formulation is that these components
are not required to be independently optimized. Their interaction
is represented by the joint potential

V (E7 U’ N)’

which may contain both additive and non-additive terms. For ex-
ample, one may write

V(E, U,N) = Vg (E) + Vy(U) + Vy (N) + Viy (E, U) +
Ven (B, N) + Vi (U, N) + Vi (E, U, N).

The interaction terms allow the model to represent situations in
which the effect of one cognitive constraint depends upon the state
of another. For a cognitive trajectory

y:[0, T] - M,

a minimal cognitive Lagrangian is

Le=39(v, )~ V(E U N).

The corresponding action is

Sivl=I.[1g (%, %)~V (E U,N)] dt.

Stationary cognitive trajectories satisfy
8S[y] = 0.

The resulting dynamics describe cognition as a compromise among
geometric transport, epistemic evidence, goal-directed utility, and
normative constraints. Importantly, the framework does not re-
quire a universal ordering among these influences. Their relative
importance may depend on the cognitive state, environmental con-
text, and evolving Cognitive Geometry.

This provides a mathematical interpretation of a central feature
of wellbeing: cognitive behavior is generally not governed by a
single objective, but by the interaction of multiple partially com-
patible constraints.

10.2 Wellbeing as a Dynamical Property
Within the present framework, mental wellbeing should not be
identified with a particular value of the potential

V (E, U, N).

Nor should it be identified with stationarity alone. A stationary
cognitive state may be stable but poorly adapted to its environ-
ment, while a continuously changing state may remain healthy if
its evolution is coherent and recoverable.

We therefore introduce wellbeing as a property of the dynamics.
Let
Wy, ©]

be a wellbeing functional that evaluates properties such as dynam-
ical stability, adaptability, constraint coherence, and recovery fol-
lowing perturbation. A general form may be written as

W = WsWs + WAWA + W(;Wc + WRWR,

where
Wy Wy We Wi

measure stability, adaptability, constraint coherence, and resil-
ience, respectively. The coefficients

WS; WA; WC; WRZO

determine the relative importance assigned to these properties in a
particular application.

This formulation separates two concepts that are often conflated.
The variational principle determines the admissible cognitive dy-
namics, whereas the wellbeing functional evaluates whether those
dynamics possess properties associated with healthy adaptation.

A wellbeing-relevant regime may therefore be characterized by a
cognitive trajectory and geometry satisfying

3S=0

together with bounded perturbation sensitivity and sustained con-
straint coherence.

This distinction is important because it prevents the theory from
making the strong claim that every stationary cognitive configura-
tion is necessarily desirable.

10.3 Stability and Cognitive Resilience

A central property of wellbeing-relevant cognition is the ability to
absorb perturbations without producing disproportionate changes
in cognitive behavior.

Let
(v*, 6%)
denote a stationary coupled solution and consider perturbations
y=v*+oy, ©=06*+36.

The linearized coupled variational dynamics may be represented

schematically as
d(o)_ oy
dt 8(5)_J(t)(8(5

J(t)

is the linearized evolution operator around the stationary solution.
A local resilience measure can then be defined by

I8Y(®) Il + 7 18G(2) I
15y(0)Il + 18G(O)I

where

Rr =su
te[0,T]

where

n>0

sets the relative scale between trajectory and geometric perturba-
tions. Small values of
Rr
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indicate that perturbations remain contained over the observation
interval, whereas large values indicate increased sensitivity of the
coupled cognitive system.

More generally, resilience may be characterized through the spec-
trum of the linearized operator

J.

Configurations for which perturbations decay correspond to local-
ly stable regimes, while configurations exhibiting growing modes
may indicate susceptibility to amplification.

This formulation provides a bridge between the abstract stability
results of the preceding sections and measurable properties of cog-
nitive systems.

10.4 Stress as Geometric Perturbation
Environmental stress can be represented as a perturbation of the
fields that constrain cognitive evolution. In particular,

E—-E+0E, U—-U+dU, N — N-+06N.
These perturbations alter the cognitive potential,
V (E,U,N) — V (E +6E, U+ 0U, N + 6N),

and consequently modify both the stationary trajectories and, in
the fully coupled theory, the Cognitive Geometry itself:

®->0+36.

The response of the system can therefore be studied through the
sensitivity mapping

(3E, 83U, 8N) — (3v, 5G).

A well-adapted cognitive system would be expected to exhibit
bounded responses and recovery toward an admissible region of
the Cognitive Geometry. Conversely, persistent amplification, loss
of constraint compatibility, or irreversible geometric deformation
may characterize regimes of maladaptive dynamics.

This interpretation does not assume that any particular geometric
quantity is a clinical biomarker. Rather, it provides a mathematical
language in which stress response and adaptation can be operation-
alized and subsequently compared with empirical measurements.

10.5 Geometric Interpretation of Dysregulation
The same formalism permits a qualitative distinction between sta-
ble adaptation and dysregulation.
Let
Qadm c g

denote a region of Cognitive Geometry in which epistemic, utili-
tarian, and normative constraints remain mutually compatible.

A cognitively stable regime may then be represented by
® (t) € Quam

with bounded trajectory perturbations and controlled geometric
evolution.

Dysregulation, in contrast, may correspond to one or more of the
following geometric conditions:

1. increased sensitivity of cognitive trajectories to small pertur-
bations;

2. loss of compatibility among epistemic, utilitarian, and norma-
tive constraint fields;

3. rapid or poorly controlled deformation of the Cognitive Ge-
ometry;

4. emergence of unstable modes in the linearized coupled dy-
namics;

5. failure to return toward an admissible region following envi-
ronmental perturbation.

These conditions are mathematical hypotheses rather than diag-
nostic criteria. Their value lies in providing measurable quantities
that may be compared with behavioral or neural indicators of cog-
nitive stability and adaptation.

10.6 Recovery and Return Dynamics
An additional property relevant to wellbeing is recovery following
perturbation.

Suppose that at time
to
the cognitive system is perturbed away from a stable configuration
(v*, 6%).

Define the deviation

D(t) = dM (v(t), y*(t))+ ndG (O (2), B* (1)),

where

dm

and
dg

denote appropriate distances on trajectory and geometry spaces. A
recovery condition may then be expressed as

D(t) -0 as

or, for finite observation intervals, as a monotonic or bounded re-
duction in

t — oo,

D(t)
The associated recovery time,
Tr = inf {t >to: D(t) <e€ D (to)} ,

provides a possible quantitative measure of cognitive recovery.

This formulation suggests that resilience should not be measured
only by the magnitude of the immediate response to stress. The
temporal dynamics of return toward a stable cognitive regime may
provide an additional and potentially more informative measure.

10.7 Potential Experimental Program

The mathematical framework generates several empirical hypoth-
eses that can be tested using behavioral, neural, or artificial cog-
nitive systems.
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1. Latent representations inferred from neural or behavioral data
may exhibit measurable geometric structure, including locally
stable metrics, transport structure, and curvature.

2. Changes in task demands, environmental context, or social
conditions may produce measurable changes in the estimated
Cognitive Geometry.

3. Stable cognitive regimes may correspond to regions of reduced
sensitivity of the coupled trajectory—geometry dynamics.

4. Stressful perturbations may produce characteristic changes in
the estimated geometry and constraint fields.

5. Recovery from perturbation may be associated with a return
toward previously stable geometric regimes.

6. Individuals or artificial systems exhibiting greater behavioral
resilience may display lower perturbation sensitivity or short-
er geometric recovery times.

7. Persistent maladaptive behavior may correspond to unstable or
highly sensitive regions of the coupled variational dynamics.

These hypotheses suggest a concrete empirical workflow. First,
latent representations may be estimated from behavioral or neural
observations. Second, local geometric quantities may be recon-
structed from these representations. Third, perturbations in task,
sensory, or social conditions may be introduced experimentally.
Finally, the resulting trajectory and geometric responses may be
compared with the predictions of the coupled variational model.

Such experiments would allow the theory to be evaluated inde-
pendently of its interpretive claims: the central question would be
whether the proposed geometric quantities improve the prediction
of cognitive stability, adaptation, and recovery relative to appro-
priate non-geometric baselines.

10.8 Scope and Interpretation

The present formulation should be interpreted as a mathematical
framework for generating and testing hypotheses about cognition
relevant to mental wellbeing. It does not claim that

W, Rpr Twp
or any other geometric quantity introduced here is itself a validated
clinical measure.

In particular, the theory does not provide a diagnostic procedure
for neurological or psychiatric disorders. Establishing clinical
validity would require independent empirical studies, appropri-
ate population samples, validated psychological and neurological
measures, and careful comparison with existing clinical models.

The contribution of the present framework is instead to provide
a common mathematical language in which stability, adaptation,
perturbation response, and recovery can be studied as properties of
coupled cognitive dynamics.

Box Summary. Mental wellbeing is treated as an application do-
main of the Field Theory of Representations rather than as its defi-

nition. Epistemic evidence, utilitarian objectives, and normative
constraints interact through the potential V (E, U, N), generating
constrained cognitive trajectories on an evolving Cognitive Geom-
etry. Wellbeing-relevant regimes are hypothesized to combine sta-
bility, adaptability, constraint coherence, and recovery from per-
turbation. Stress can be modeled as a perturbation of the constraint
fields, while resilience can be quantified through the sensitivity
and recovery of the coupled trajectory—geometry system. These
constructions generate testable hypotheses for behavioral, neural,
and artificial cognitive systems, but should not be interpreted as
validated clinical measures without empirical validation.

11 Discussion

The contribution of this paper is mathematical rather than archi-
tectural. It proposes a common formalism in which representation,
reasoning, learning, and constraint evolution can be described as
coupled geometric dynamics.

11.1 Relation to Cognitive Architectures

Classical cognitive architectures such as ACT-R, Soar, Sigma, and
CLARION decompose cognition into interacting functional mech-
anisms [3,15].

The present framework addresses a different question. Rather than
proposing another computational architecture, it asks whether
these processes can be represented within a common mathemat-
ical language.

The correspondence is
representation — geometry,

reasoning — variational trajectory,
learning — geometry evolution,

decision — constraint evaluation.

The framework is therefore architecture-independent. Symbolic,
neural, hybrid, and embodied systems could potentially instantiate
different realizations of the same geometric formalism.

11.2 Relation to Active Inference
The framework is conceptually related to Active Inference and the
freeenergy principle [7, 8].

Both approaches use variational principles and emphasize adap-
tive interaction between internal states and the environment.

The principal distinction is the mathematical object being opti-
mized. Active Inference generally formulates variational free en-
ergy over probabilistic beliefs and generative models. The present
framework formulates action functionals over latent representa-
tion geometries.

The two perspectives may therefore be complementary. Probabi-
listic representation spaces can be treated as particular examples of
geometric structures, while variational free-energy objectives can
provide particular choices of cognitive functionals.
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11.3 Relation to Information Geometry

Information geometry provides a mathematical precedent for as-
signing metrics, connections, and curvature to spaces of statistical
models [1, 2].

The present framework differs primarily in its object of interpreta-
tion. The primary geometry is intended to represent latent seman-
tic organization rather than merely the parameter manifold of a
statistical model.

Nevertheless, information-geometric tools may provide practical
methods for constructing or estimating components of ®.

11.4 Relation to Representation Learning

Modern representation learning produces high-dimensional latent
spaces. The present theory proposes treating such spaces as empir-
ical candidates for M.

This creates an experimentally testable program:

trained representation — estimated geometry — trajectory analy-
sis — geometry evolution.

The theory therefore does not require a replacement of neural net-
works. Instead, neural networks may serve as computational reali-
zations from which geometric quantities can be estimated.

11.5 Theoretical Contribution
The main theoretical contribution is the explicit separation and
coupling of two variational levels:

yO)EMand ® (t) €G.

This allows representation learning to be formulated as geometry
evolution rather than simply parameter optimization.

The resulting product-space formulation,
(v.6)eMXg,

provides a common domain for reasoning and learning.

11.6 Practical Significance
The framework suggests practical directions in:

* geometric representation learning;
» continual learning;
* transfer learning;
 adaptive planning;
* interpretable latent-state models;
 alignment and constraint-aware learning;
* multi-agent representation sharing;
» computational models of cognitive resilience.
The practical significance is therefore prospective. The present

paper does not claim that these systems have already been imple-
mented or validated.

Box Summary. The framework is complementary to existing
cognitive architectures, Active Inference, information geometry,
and representation learning. Its distinctive proposal is to treat
the latent representation geometry itself as a dynamical object
coupled to reasoning trajectories.

12 Limitations
The framework is intentionally theoretical, and several limitations
must be made explicit.

First, the paper does not provide a general algorithm for estimating

®=(M,g,V,E, U, N).

from arbitrary empirical data.

Second, the relationship between neural representation spaces and
the proposed Cognitive Geometry remains an empirical question.

Third, the fields
E,U N

require operational definitions in concrete applications.

Fourth, the analytical results depend on assumptions concerning
admissibility, coercivity, compactness or reflexivity, differentia-
bility, and convexity. Real neural systems need not satisfy these
assumptions globally.

Fifth, stability of a variational minimizer is not automatically
equivalent to behavioral or clinical stability. Additional dynamical
assumptions are required to establish such a correspondence.

Sixth, the mental wellbeing interpretation is a theoretical applica-
tion program and should not be interpreted as a validated medical
or psychiatric model.

Finally, the theory does not yet establish that the proposed geo-
metric quantities improve empirical Al performance relative to
existing methods.

These limitations define rather than invalidate the research pro-
gram. They identify the measurements, algorithms, and experi-
ments required to test the framework.

13 Future Directions
Several research directions follow directly from the theory.

13.1 Differentiable Geometric Learning
A first direction is the construction of differentiable models in
which

g V, E, U, N

are learned jointly with task representations.

The optimization problem would take the form

min 7 [y, ®].
Y, ®
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This would provide a computational realization of the coupled
variational framework.

13.2 Empirical Geometry Estimation
A second direction is the estimation of geometric quantities direct-
ly from latent representations.

Given observations

n
{x 1}1:1 ’
one could estimate local metrics, connections, and curvature and

test whether these quantities predict reasoning trajectories or be-
havioral transitions.

13.3 Continual Learning
The geometry-evolution interpretation suggests algorithms that
constrain updates to preserve selected geometric invariants:

L (® 1) = 1 (G).

Such invariants could potentially reduce catastrophic representa-
tional drift.

13.4 Transfer and Meta-Learning
Geometric transfer maps could be learned between related tasks:
(Dij 6, -6 je

Meta-learning could optimize the class of permissible maps and
geometric adaptation laws rather than only task-specific param-
eters.

13.5 Embodied Agents
An embodied system naturally closes the loop:

environment — perception — M — y — action — environment.

The geometry may then evolve through experience, creating a
complete agent—environment variational loop.

13.6 Trustworthy Al
Future work should operationalize trustworthiness as measurable
properties of the coupled system.

Possible quantities include:
robustness — sensitivity of y to perturbations,
alignment — constraint preservation,
interpretability — recoverability of geometric structure,

safety — invariance of admissible regions.

13.7 Mental Wellbeing

For mental wellbeing, future studies could combine behavioral,
physiological, and neural data to estimate latent cognitive trajec-
tories and investigate whether changes in geometric stability cor-
relate with resilience, stress adaptation, or dysregulation.

Such studies would be necessary before making any clinical inter-
pretation.

Box Summary. The principal next step is empirical realization:
estimate Cognitive Geometries from data, implement coupled
geometry—trajectory optimization, and test whether geometric
quantities predict adaptation, robustness, decision-making, and
cognitive resilience.

14 Conclusion

We have developed a variational framework for adaptive cognition
in which reasoning trajectories and the representation geometry
supporting those trajectories evolve jointly.

The central mathematical distinction is

y() c M,
G()EG.

Reasoning is represented by variational evolution of y on a current
Cognitive Geometry, while learning is represented by variational
evolution of ® in the space of admissible geometries.

The complete cognitive state is therefore
C®) = (v(®), ©(t)).

The central feedback loop is

®, —> Y ®r-

This formulation provides a unified mathematical language for
representation, reasoning, learning, attention, memory, deci-
sion-making, and adaptation.

The epistemic, utilitarian, and normative fields
E,U,N

provide a mechanism through which different requirements can
interact without being reduced a priori to a single cognitive ob-
jective.

Several phenomena commonly treated as separate mechanisms
can then be interpreted as different regimes of the same coupled
system:
adaptation — geometry evolution,
transfer — geometric transport,

meta-learning — evolution of adaptation laws,
continual learning — continuous geometric evolution,

collective cognition — coupled product-space dynamics.

The framework also provides a possible mathematical foundation
for trustworthy Al Interpretability can be studied through explic-
it geometric structure, alignment through constraint fields, safety
through admissible geometry evolution, and robustness through
stability and sensitivity analysis.
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Mental wellbeing represents one important application domain
because it requires simultaneous consideration of epistemic ade-
quacy, goal-directed behavior, and normative or social constraints.
The present framework does not claim to provide a clinical theory;
rather, it identifies mathematical quantities whose empirical rela-
tionship to cognitive resilience and dysregulation can be investi-
gated.

The principal claim of the paper is therefore not that cognition is
already known to obey the proposed equations. It is that adaptive
cognition can be formulated as a mathematically coherent coupled
variational problem in which representation geometry and reason-
ing dynamics are treated as simultaneous objects of study.

In this sense, cognition is not merely dynamics within a repre-
sentation space. It is the coupled evolution of trajectories and the
geometric structure from which those trajectories emerge.

Final Box Summary.

Adaptive cognition = reasoning dynamics + evolving
representation geometry.

The framework provides a common variational language connect-
ing latent representation, reasoning, learning, epistemic evidence,
utility, normative constraints, trustworthy Al, and potential mod-
els of mental wellbeing. Its central empirical challenge is now
to determine whether the proposed geometric quantities can be
estimated from real cognitive and artificial systems and whether
they predict behavior beyond existing representation and learning
models.
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