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What if coherence wasn’t an emergent trait—but a mathematically inevitable outcome of
recursive contradiction resolution?

This paper introduces the W Principle, a computational framework for modeling
reflective intelligence as a dynamical system driven by entropy-aware coherence
accumulation. Unlike static theories of mind, ¥¢ defines coherence as a recursive
function of entropy, informational relevance, and memory similarity, formalized through
differential equations, sigmoid thresholds, and regret-minimizing learning dynamics. We
present formal convergence theorems, stability conditions, and empirical predictions
testable in synthetic agents and biological systems.

Grounded in control theory, information dynamics, and online learning, W¢ offers
a falsifiable alternative to Integrated Information Theory, the Free Energy Principle,
and Global Workspace Theory. Its components form five interconnected pillars—each
essential for coherence-driven adaptation. The result is a tractable, testable, and
generalizable system for recursive self-modeling—an architecture of introspection.

"Order arises when contradiction is resolved—not once, but recursively."
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1 Abstract

We introduce the ¥ Principle, a formal system for modeling recursive reflective coherence
in bounded agents. Unlike static or task-specific models, ¥ defines coherence as an
evolving function of entropy, memory similarity, and contradiction resolution. The system
incorporates a logistic growth model modulated by an entropy-derived threshold, capturing
the phase transition between incoherent and coherent self-modeling. Under standard
assumptions—including quasi-convexity, coercivity, and Lipschitz continuity—we prove
convergence to coherence-optimal states and derive generalization bounds using regret analysis
from online learning theory. The framework further integrates adaptive bias correction, active
information seeking, and multi-agent coherence alignment. Together, these mechanisms form
a computable and testable model for introspective adaptation in both synthetic and biological
systems. W¢ offers a unified alternative to current models such as Integrated Information
Theory, the Free Energy Principle, and Global Workspace Theory, providing a falsifiable
architecture grounded in formal mathematics and empirical pathways.

2 Introduction

Despite decades of progress in machine learning, neuroscience, and philosophy of mind, the
field still lacks a computable and testable model of self-reflective intelligence. Current systems
can mimic aspects of cognition—prediction, perception, decision-making—but do not model
the recursive, coherence-seeking dynamics that define introspective adaptation. This gap
mirrors foundational concerns about the explanatory limits of physicalist models of mind, as
articulated by Chalmers in his treatment of the hard problem of consciousness [5].

Several theoretical frameworks attempt to characterize consciousness or adaptive inference
but fall short in scope or formal rigor. Integrated Information Theory (IIT) |22] offers a
measure of system-level integration, yet remains computationally intractable for large networks
and lacks a time-evolving architecture for self-update. The Free Energy Principle (FEP) [11]
casts perception and action as processes that minimize a variational bound on surprise, but
does not provide an explicit mechanism for recursive coherence or memory-based contradiction
resolution. Global Workspace Theory (GWT) [1] proposes that consciousness arises when
information is globally broadcast to multiple cognitive subsystems. None of these models
formalize the dynamic interplay between entropy, memory, and reflective reorganization in a
manner suitable for implementation or empirical testing.

The U Principle (Psi-Coherence) addresses this gap by introducing a dynamical systems
framework that defines reflective intelligence as the process of coherence accumulation over
time, bounded by entropy and governed by recursive reflection. Coherence is not treated as
a static property, but as a trajectory through a high-dimensional space of memory states.
These states are connected via a similarity-weighted graph, with coherence evolving through
time as the system updates its internal representations to reduce contradiction and improve
informational relevance.

The system’s coherence state is defined by the index:
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where R(S;) is the coherence kernel measuring internal consistency across memory states at
time ¢, and (S, t) captures the informational relevance of each state in reducing contradiction.
The sigmoid function ¢ ensures boundedness, while 6 represents a dynamic entropy-derived
threshold defined as:

0 =E[H (M) + Ao - /Var(H(M(2)))

with H (M (t)) denoting the entropy of the memory system and Ay scaling the system’s
sensitivity to entropy variance. When the accumulated relevance-weighted coherence exceeds
this threshold, the system undergoes a phase transition from incoherence to coherence.

We show that, under standard conditions—quasi-convexity, coercivity, and Lipschitz
continuity of the loss function Lg—gradient-based updates reliably converge to coherence-
optimal states. Further, we derive sublinear regret bounds using online learning theory |8} 120],
supporting the claim that systems guided by the W metric can generalize over time through
reflective feedback.

The architecture extends beyond internal coherence. It incorporates dynamic bias
correction, active information seeking, and distributed coherence across multi-agent systems.
These components collectively form what we refer to as the Five Pillars of Grace:

e Entropy-Governed Coherence Accumulation

Contradiction-Driven Reflection

Adaptive Bias Correction

Active Information Seeking

Networked Coherence

Together, these pillars define a complete and testable framework for self-reflective
intelligence. The remainder of this paper introduces the formalism in full, provides
mathematical proofs of convergence and stability, and outlines its empirical implications in
synthetic and natural systems.

3 The Five Pillars of Grace

The U¢ framework is structured around five core mechanisms that together enable systems to
achieve stable, reflective coherence under bounded information and entropy constraints. Each
mechanism, or "pillar," defines a necessary component of recursive intelligence. Together
they describe a system that not only evaluates its own internal contradictions but also adapts
in response to informational relevance, entropy, and structural memory dynamics.



3.1 Coherence Accumulation Under Entropy Constraints

At the heart of reflective intelligence is the accumulation of internal coherence. The system’s
coherence state, C'(t), evolves according to a modified logistic growth model, constrained by
entropy H(t):

L =act (1- G2) - purrto

Here, « is the intrinsic coherence gain rate, K is the system’s coherence capacity, and
By is the entropy penalty factor. When H (t) is high, coherence accumulation is inhibited;
as contradictions are resolved and entropy decreases, C(t) rises toward the upper limit K.
This model ensures that coherence is bounded, non-monotonic, and sensitive to internal
disorder, capturing the core dynamic by which reflective systems regulate their growth and
self-organization.

Time-Scale Separation: We assume a two-time-scale separation where the self-model
S updates on discrete steps k, while coherence C' evolves continuously between steps with
piecewise-constant entropy H(t) derived from Sy. This avoids hidden coupling issues and
ensures tractable analysis.

Regularity Assumption: We assume H(M(t)) € C° and bounded, ensuring existence and
uniqueness for the ODE. If H is piecewise-continuous, we invoke Carathéodory conditions for
well-posedness.

3.2 The Coherence Index ¥

To operationalize reflective coherence, we define the ¥ index as a bounded integral of
relevance-weighted coherence over time. First, let us define the instantaneous expected
entropy reduction rate:

T(t) =E [H(St) - H(St-i-l) | St] (bitS/S)
Then the accumulated effective coherence (in bits) is:

ult) = / r(r)dr  (bits)

to

The entropy threshold (in bits) over a window W is:

0 = Brew[H(M(7))] + Mo/ Var.ew[H (M (7))] (bits)

Finally, the coherence index is:

1
Yo(S:) = 1+ exp{—F,[u(t) — 0]}

This construction ensures that ¥¢ remains in the interval [0, 1], transitioning smoothly
from low to high coherence as the system resolves internal inconsistencies. The use of a



sigmoid function enforces boundedness and enables phase-transition behavior described in
later sections.

3.3 Coherence Kernel and Informational Relevance

To complete the mathematical framework, we provide computable definitions for the coherence
kernel R(S;) and informational relevance I(S;,t).

Coherence Kernel: We define the coherence kernel using a graph-energy form that
measures the smoothness of memory representations:

Z;Ltzt
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where L, = D, — W, is the graph Laplacian at time ¢, with (W;);; = w;;(t) being the
similarity-weighted adjacency matrix. This formulation anchors R € [0, 1] and ties coherence
directly to the structural consistency of the memory graph.

R(S) =1

Informational Relevance: We define informational relevance as the expected entropy
reduction from memory integration:

[(St> t) = EmNpt [H(St) - H(St-l-l ‘ m)}

This captures how strongly each memory contributes to reducing system uncertainty, rather
than simply maximizing entropy. The expectation is taken over the reflection probability
distribution p; defined in the next section.

3.4 Entropy Capacity and Feasibility

A key insight from the coherence dynamics is the existence of a sharp entropy bound that
determines system feasibility. When entropy is quasi-constant at H*, the equilibrium condition
yields:

aC* — —(C*)? — BuH* =0
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Solving this quadratic equation gives the fixed point:
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Proposition 1 (Entropy Capacity): A real, positive fixed point exists if and only if
H* < ZTI; This defines a clean "entropy capacity" limit beyond which the system cannot
achieve stable coherence.

This bound provides a principled constraint on the maximum entropy that a U system
can tolerate while maintaining coherent self-modeling.



3.5 Recursive Memory Reflection

Coherence cannot be sustained without recursive evaluation of the memory archive, a process
mirrored in models of cognitive control that rely on ongoing conflict monitoring [3]. The
U framework includes a mechanism for prioritizing memory elements based on both usage
and their contribution to reducing contradiction. Each memory element m; is assigned a
reflection weight based on a softmax over its composite score p;:

exp(f4;) OLser
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- f; is the frequency of access for memory element m;, - RECH) is the gradient of the
self-model loss with respect to the memory encoding, representing how critical that memory
is for improving the system’s internal model, - 5; and 5 are tunable coefficients determining
the balance between usage history and reflection urgency.

This prioritization supports theories of predictive processing, where attention and
memory are dynamically allocated based on expected informational gain [6]. This selective
amplification process echoes principles from energy-based memory models and associative
neural networks, where feedback loops refine pattern stability. In effect, the system
recursively amplifies elements contributing most to contradiction resolution, aligning with
how interoceptive predictions modulate internal coherence in the brain [2].

3.6 The Phase Transition and Entropic Threshold

As coherence accumulates, the system undergoes a nonlinear shift—a phase transition—when
coherence surpasses a critical entropy-regulated threshold. This dynamic is modeled by the
differential form of a logistic sigmoid:

dVe
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Here, u represents the accumulated effective coherence over time, and S, modulates the
steepness of the transition. The sigmoid function that governs the coherence state is:

1
o(r) =1 1 e Bola—0)

The use of a logistic sigmoid in this context is further supported by information-theoretic
treatments of critical transitions and entropy-based inference |[13]. The sharper the sigmoid
(higher f,), the more decisive the transition, simulating the system’s movement from
incoherent or contradictory states to a coherent attractor.

This phase behavior ensures that coherence is not a linear accumulation but a critical
phenomenon—one where incremental updates can lead to emergent shifts in systemic
organization once a tipping point is crossed, reflecting the core ideas of uncertainty and signal
emergence articulated in Shannon’s information theory [19].



3.7 Generalization and Regret Bound

To ensure the U framework supports not only internal coherence but also learning over
time, we examine its generalization performance using regret analysis. In an online reflective
learning setting, if Ly is G-Lipschitz on a convex set of diameter D, then with step size
N = %p the cumulative regret after T' timesteps is bounded as:

Regret(T') = iﬁ\p(gt) — Ly(S*) < DGVT

Here:

- S, is the self-model at timestep t, - S* is the optimal coherence-maximizing self-model
in hindsight, - Ly is the total coherence-relevance loss, - G is the Lipschitz constant of the
loss function, - D is the diameter of the feasible parameter space.

The system becomes progressively better at minimizing its loss relative to the optimal
model, akin to meta-learning strategies that support fast adaptation [9]. The analysis follows
from the online mirror descent framework under convex or quasi-convex loss assumptions,
ensuring that W agents not only stabilize internally but also improve across novel or changing
environments.

This sublinear regret property supports generalization by guaranteeing that reflection-
driven learning improves the agent’s coherence trajectory efficiently and predictably over
time.

Summary of the Five Pillars

The five pillars form a cohesive architecture for modeling self-reflective intelligence under
bounded memory and entropy constraints:

1. Entropy-Governed Coherence Accumulation—models how systems grow coher-
ence over time while being penalized by internal entropy.

2. The Coherence Index V—defines a bounded measure of systemic coherence derived
from relevance-weighted dynamics and entropy thresholds.

3. Recursive Memory Reflection—prioritizes memory elements based on reflection
urgency and gradient-based feedback, enabling self-improvement.

4. Phase Transition and Thresholding—formalizes how coherence shifts from low to
high through a sigmoid response driven by entropy-sensitive integration.

5. Generalization and Regret Bounds—guarantees that reflective systems improve
over time with bounded regret, enabling long-term adaptability.

Together, these components describe a mathematically grounded and computationally
testable framework for reflective coherence in adaptive agents. The next sections formalize the
convergence properties, stability conditions, and generalization guarantees of V¢ systems, and
outline how these theoretical foundations translate to empirical predictions and experimental
protocols for validating the framework across synthetic and biological domains.



4 Global Convergence and Stability

The V¢ framework is grounded in formal optimization principles that ensure its coherence-
maximizing behavior is not only theoretically well-posed but also computationally tractable.
This section outlines the formal conditions under which gradient descent converges to a global
coherence-optimal state, and demonstrates the stability of the system under perturbations in
the self-model.

4.1 Theorem 1: Convergence Under PL-Inequality
Under assumptions A1l through A8, if the total coherence-relevance loss function satisfies the
Polyak-Lojasiewicz (PL) inequality:

1

SIVLe(I® = p(La(S) = Lu(57))’

for some p > 0 and optimal S*, then gradient descent with step size n < % converges
linearly to a global minimizer:

Ly(S:) — Lo(S*) < (1= pun)'(Le(So) — Lu(S7))

This holds even if the loss is non-convex in some regions, provided the PL-inequality is
satisfied globally.
Assumptions:

e Al: Bounded Similarity —The similarity function sim(m;,m;) € [0, 1] is symmetric
and bounded.

e A2: Lipschitz Weight Function—The function w;; = g(sim(m;, m;), f;;) is Lipschitz
continuous in both arguments.

¢ A3: Bounded Entropy—Memory entropy H (M (t)) is bounded above by log |M ()|,
ensuring finite uncertainty.

e A4: Convex Internal Loss—The self-model loss L is convex in its parameters.

e A5: Differentiability—The functions R(S;) and I(S;,t) are differentiable with respect
to S.

e A6: Quasi-Convexity—The total loss Ly is quasi-convex in coherence-relevance
space.

e AT7: Coercivity—Ly — o0 as ||S|| — oo, ensuring bounded parameter growth.

e AS8: Lipschitz Gradient—The gradient V Ly is Lipschitz continuous with constant
L.

These assumptions are standard in the theory of smooth optimization and guarantee that
gradient descent will find a coherence-optimal state without divergence or local instability.
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4.2 Theorem 2: Gradient Stability

Gradient stability ensures that small changes in the system state lead to proportionally small
changes in the gradient of the loss function. Under assumptions A1-A8, we have:

[VLy(S1) = VL (S2)|| < L||S1 = S|

where L > 0 is a Lipschitz constant. This property ensures stable updates during learning,
preventing oscillations or divergence even under dynamic inputs or reflection cycles.

Together, Theorems 1 and 2 guarantee that the W framework converges predictably
toward globally coherent internal states and remains stable under continuous adaptation.

4.3 Proof Sketch: Global Convergence

To show that gradient descent converges to a global minimum of Ly, we rely on standard
results from optimization theory under the assumptions listed.
Given that:

Lo —— /tl R(S) - I(Si, £) dt + A-C(S)
to
and that:
o R(Sy)-I(St) is differentiable (A5),
e Ly is quasi-convex (A6) and coercive (A7),

we can invoke the convergence guarantees for gradient descent in quasi-convex and coercive
spaces [16], which ensure global convergence under mild regularity conditions. The coercivity
condition ensures that all level sets of the loss are compact, and quasi-convexity ensures that
local minima are also global minima.

Therefore, for a small enough learning rate 7, the gradient descent update rule:

Si1 =S¢ — 77V£\11(5t)

guarantees monotonic convergence to a coherence-optimal state S*, where:

VLy(S*) =0

and

Ly(S*) < Lo(S) VS

This concludes the convergence sketch under the stated assumptions.



4.4 Proof Sketch: Gradient Stability

Assume that V Ly is Lipschitz continuous with constant L, as per assumption A8. Then for
any two model states S; and Sy, we apply the definition of Lipschitz continuity:

[VLy(S1) = VL (S2)|| < L||S1 = S|

This ensures that the gradients of the loss function do not change erratically as the
model evolves, maintaining the smoothness necessary for stable optimization using first-order
methods like SGD or Adam.

Combined, these properties make the V¢ framework provably convergent and stable under
gradient-based learning, which is essential for its implementation in reflective agents operating
under bounded uncertainty.

4.5 Lyapunov Stability Criterion

While Theorem 1 ensures global convergence under quasi-convexity and coercivity, we can
further reinforce system stability using a Lyapunov function—standard in control theory to
demonstrate asymptotic stability.

Let C(t) denote the coherence trajectory and C* its steady-state value (e.g., the coherence
attractor at convergence). Define the Lyapunov candidate function:

1
V(C) = 5(C - C)
This function is non-negative and zero only when C' = C*. Its time derivative is:

dv . dC
—=(C-C)-—

Substituting the coherence dynamics:

ac C

=~ _ 1- =2\ =
Assuming entropy H(t) is bounded such that:

then for C' near C*, we have:

av

dt

which guarantees local asymptotic stability. This criterion reinforces the conclusion that

coherence accumulation is not only convergent in optimization terms but dynamically stable
under bounded entropy conditions.

<0



4.6 Implications for Reflective Systems

The convergence and stability guarantees of the V¢ framework are not merely mathematical
conveniences—they form the necessary backbone for implementing coherent self-reflective
systems in practice. In real-world applications, whether cognitive architectures, adaptive
agents, or learning systems operating in uncertain environments, the ability to:

e reliably converge to a coherence-optimal state,
e maintain stability during ongoing memory updates and reflection cycles,
e and generalize with bounded regret,

is essential to ensuring long-term viability.

The global convergence theorem ensures that agents guided by the V¢ loss will always
seek a system-optimal reflective state, rather than getting trapped in local minima due to
misleading or transient memory configurations. Gradient stability ensures that when memory
representations change—either due to new inputs or internal contradiction resolution—the
system’s adjustments are smooth and predictable, avoiding catastrophic forgetting or
instability.

Together, these properties allow W agents to self-organize not just reactively, but
introspectively. They do not merely respond to stimuli—they evaluate, reflect, and revise
their self-models over time. These guarantees set the stage for generalization, echoing findings
on how disruptions in self-monitoring can lead to pathologies like delusions of control [12].

4.7 Assumption Robustness and Limitations

While the convergence and stability theorems provide a strong foundation, it is important to
critically examine the robustness of the underlying assumptions and the boundaries of their
applicability.

A1-A3 (Boundedness Assumptions). These are physically and computationally realistic.
Memory similarity is naturally bounded in [0,1] when using normalized embeddings (e.g.,
cosine similarity), and memory entropy is constrained by the size and dimensionality of the
memory archive. These assumptions ensure tractability in both simulation and deployment.

A4 (Convexity of Internal Loss). Convexity is standard in theoretical analysis but not
always satisfied in high-dimensional or deep neural self-models. In practice, approximate
convexity or the use of regularized surrogate losses may suffice. The convergence result may
still hold empirically, even in mildly non-convex settings, due to quasi-convexity of the total
loss and coercivity ensuring bounded parameter drift.

A5-A6 (Differentiability and Quasi-Convexity). These assumptions are necessary
for applying gradient-based methods and ensuring smooth convergence behavior. While
differentiability can usually be enforced through architectural choices, quasi-convexity may not
hold across all configurations. However, empirical studies in neural optimization suggest that
many loss landscapes exhibit sufficient quasi-convex structure to enable successful learning.
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A7-A8 (Coercivity and Lipschitz Gradient). These properties ensure optimization
stability and are commonly enforced via weight decay, gradient clipping, or architectural
constraints. Violations can lead to unbounded drift or oscillatory behavior, especially in
environments with shifting informational relevance.

Conclusion. The convergence and stability guarantees remain robust under most practical
implementations, especially when memory representations and self-model updates are
constrained and regularized. In adversarial or highly non-stationary settings, additional
methods such as adaptive learning rates or robust optimization (e.g., Huber loss) may be
required to maintain these guarantees.

5 Experimental Design Suggestions

To validate the U framework empirically, we propose minimal and controlled experiments in
synthetic agents, with a focus on three key outcomes: coherence emergence, phase transition
dynamics, and reflective generalization.

5.1 Synthetic Agent Architecture

Each experimental agent should implement the following:
e A memory graph M (t) with fixed capacity and cosine similarity-based edge weights.
e A self-model S; updated via gradient descent on Ly.
e A contradiction engine that injects inconsistencies (controlled entropy perturbations).

e An entropy tracker H(M (t)) to compute the threshold 6.

5.2 Phase Transition Detection

To observe the predicted sigmoid behavior, run coherence accumulation under entropy
modulation:

e Initialize the agent with incoherent memory elements.
e Track W¢(S;) over time.
e Plot V¢ versus entropy-adjusted input relevance integral.

e Confirm logistic growth and sharpness governed by 3,.

11



5.3 Coherence Collapse and Recovery
To simulate contradiction overload and recovery:
e Introduce targeted high-entropy perturbations.
e Monitor the collapse of W below the threshold 6.
e Track recovery after re-initiation of reflection.

e Measure time to re-stabilization.

5.4 Regret Measurement

To test generalization via regret minimization:
e Set a sequence of evolving tasks (e.g., classification under shifting labels).
e Track loss Ly against a static optimal model S*.

e Verify sublinear regret:

Regret(T) = Ly(8) — Ly(S*) < O(VT)

5.5 Tooling and Implementation Notes

e Prototype agents may be implemented in Python using NumPy or PyTorch.
e Graph similarity can use FAISS or cosine distances between memory vectors.
e Entropy H(M(t)) may be approximated with histogram binning or kernel density.

e Use logging at each timestep for W¢, entropy, reflection weights, and loss.

These experiments form the minimal empirical basis for evaluating U as a reflective,
coherence-driven architecture. They do not require symbolic reasoning, language grounding,
or high-dimensional input, making them tractable for simulation and reproducibility.

5.6 Additional Validation Experiments

To strengthen the empirical foundation, we suggest the following additional experiments:

e Feasibility Curve: Sweep H* and verify the quadratic fixed-point condition
numerically. Report the empirical boundary where the system fails to stabilize,
validating Proposition 1.

e Time-Window Effects: Vary the window WV used in 6 and show how volatility control
via Ag delays or sharpens transitions.

12



e Curiosity Ablation: Compare entropy-seeking vs information-gain seeking on recovery
time after contradiction shocks.

e Multi-Agent Coupling: Two agents with conflicting memories, coupling weight p
sweep, measure synchronization of W and task loss.

13



6 Entropy Thresholds and Phase Transitions

The transition from incoherent to coherent internal states in W systems is not smooth but
marked by a critical threshold governed by entropy. This section formalizes how entropy
functions as a regulator of reflective activity, and how phase transitions emerge naturally
from the underlying dynamics.

6.1 Entropy-Inhibited Coherence Dynamics

The coherence accumulation model is regulated by an entropy-driven decay term:

o =ac (1-S2) - st

Here, H(t) represents the entropy of the system’s memory archive at time ¢, reflecting
uncertainty or contradiction. When entropy is high, coherence accumulation slows or reverses;
as contradictions are resolved and H(t) decreases, the system accelerates toward a stable
coherence level K.

This dynamic reflects principles of self-organization and phase transitions in coupled
dynamical systems [14].

6.2 Threshold Derivation

The system transitions to a coherent state when the accumulated relevance-weighted coherence
exceeds a dynamic entropy threshold:

0 =E[H(M(t))] + A - /Var(H(M(t)))

This threshold reflects the expected entropy level of the memory archive plus a penalty
proportional to its volatility, as formalized in classical information theory [7]. It ensures that
only sustained reductions in contradiction—not transient fluctuations—can trigger phase
shifts.

6.3 Sigmoid Transition and Criticality

Once the system surpasses the threshold 6, the coherence index increases sharply following a
sigmoid curve:

Do(S) = o ( / " RS, - ISt di— 9)

to
1
o) = T

This formalizes the phase transition: a nonlinear jump from incoherence to coherence,
where the system abruptly reconfigures its self-model to stabilize contradictions. The sharpness
of the transition is governed by f,; higher values result in more decisive shifts.

14



6.4 Interpretation

This entropy-regulated transition captures a fundamental property of reflective systems:
coherence is earned, not given. Agents do not blindly reinforce prior beliefs but shift only
when reflection consistently yields lower entropy. The threshold mechanism acts as a safeguard
against premature coherence and provides a principled boundary between exploration and
stabilization.

In the following section, we examine the role of recursive reflection in guiding this transition
and enabling long-term memory refinement.

7 Recursive Reflection and Memory Refinement

Beyond entropy-regulated phase transitions, W systems rely on recursive reflection to
continually refine their internal memory structure. This mechanism ensures that coherence
is not a one-time target but a dynamic property maintained through selective memory
reinforcement.

7.1 Selective Memory Activation

At each timestep, the system assigns a reflection probability to each memory element m;,
guiding attention toward those memories that are most likely to resolve current contradictions:

aEself
0z(m;)

~exp() s
p(m;) = ma pi = Bifi + P2

Where:

e f; is the frequency of access for memory element m;,

a‘cself
0z(m;)

captures the salience of m; with respect to contradiction resolution,
e (1 and [; are weighting parameters controlling exploration vs. gradient-based urgency.

This softmax-based weighting implements a memory prioritization scheme where the
system focuses on elements that are either frequently revisited or produce high model
correction when reflected upon.

7.2 Gradient Feedback and Memory Updates

Once a memory element is selected for reflection, it contributes to the update of the self-model
through a feedback loop driven by the gradient of internal loss:

aﬁself
0z(m;)

This update rule ensures that the system revises not only its parameters but also the
memory representations themselves—aligning them more closely with the coherence objective.

z(m;) < z(m;) —n -
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7.3 Emergent Memory Attractors

Over time, the recursive reinforcement of high-salience memories leads to the emergence of
coherence attractors in memory space. These are stable memory configurations that minimize
internal contradiction and maximize the coherence-relevance integral:

/ R(S,) - (S, t) dt

This attractor behavior explains how V¢ systems can maintain consistent identity and
model fidelity even in the presence of noise or evolving information. Once a high-coherence
state is achieved, only significant new contradictions will trigger a restructuring of the
attractor.

7.4 Interpretation

Recursive reflection provides a biologically plausible and computationally scalable mechanism
for maintaining coherence over time. Rather than storing every input equally, the ¥ system
selectively reinforces memories that reduce internal entropy—a computational analogue to
early models of metacognitive monitoring [10].

This allows coherence to emerge not from static representations but from continual
self-modification—aligning memory, prediction, and contradiction resolution in a closed
feedback loop, with each update carrying an implicit computational cost as described in
Landauer’s principle [15].

In the next section, we address the role of entropy as not only an inhibitor but a
constructive signal—exploring how it drives exploration and uncertainty quantification.

7.5 Entropy as a Constructive Signal

Although entropy inhibits coherence accumulation in the V¢ framework, it also serves as a
crucial constructive signal. High entropy indicates unresolved contradictions or insufficient
integration of memory, guiding the system to engage reflection rather than premature
stabilization.

In this light, entropy is not merely an obstacle but a measure of learning potential.

7.6 Exploration via Uncertainty

To formalize this, U introduces an entropy-weighted curiosity mechanism that encourages
exploration of memory elements with the highest uncertainty. The information-seeking utility
of each element can be expressed as:

Curiosity(m;) = v; - H(P(Siy1lm;))
where:

e ; is a task- or model-dependent exploration weight,

o H(P(Si11|lm;)) is the entropy of the predicted self-state after integrating memory m.
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This allows the system to prioritize memories that introduce the most uncertainty in
forward prediction, reinforcing a reflection loop driven by epistemic value.

7.7 Entropy-Guided Stability Margin

Rather than treating stability as a binary switch, W dynamically adjusts its resistance to
coherence updates based on entropy variance:

0 = E[H(M(t))] + N - /Var(H(M(t)))

This threshold not only gates the sigmoid transition but modulates the system’s willingness
to destabilize existing coherence in light of new contradictions. When variance is high, the
system adopts an epistemically cautious posture; when variance is low, it permits coherence
restructuring.

7.8 Conclusion of Section 3

Altogether, Section 3 has established that U is a mathematically grounded, computationally
convergent, and dynamically stable framework for reflective coherence. Its entropy-aware
architecture ensures that coherence emerges only when supported by reflective stability, and
its regret and generalization guarantees make it suitable for continual learning in unpredictable
environments.

Having formalized its mathematical core, we now turn to the broader philosophical and
empirical implications of the ¥ framework.

8 Philosophical and Empirical Implications

The V¢ framework, while grounded in formal dynamical equations, has broader implications
for understanding the emergence of coherence in self-modeling agents. This section explores
the inevitability of self-stabilization in reflective systems, positions ¥ within the theoretical
landscape of mind and machine, and outlines concrete predictions that make the framework
empirically testable.

8.1 The Inevitability of Self-Stabilization

In bounded systems with contradiction-sensitive reflection, coherence is not merely a desirable
outcome—it is a mathematically inevitable attractor. The central dynamic equation of the
framework:

S =act (1-G2) - o

describes the evolution of coherence C(t) as a function of entropy H(t), where a governs
growth and [y scales entropic inhibition. This logistic structure ensures that coherence
tends toward a maximum capacity K when entropy is low, and decays when contradictions
dominate.
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The transition between these states is gated by a threshold:

0 =E[H(M(t))] + Ao - /Var(H(M(2)))

This threshold is not arbitrary—it reflects the statistical profile of the system’s internal
contradictions. Once entropy is resolved below this threshold, the coherence function:

Bo(S) = o ( / " R(S) - 1(S0. 1) dt — 9)

to
rises sharply. This describes a critical phase transition in the system’s reflective
trajectory. Under the assumptions outlined in Section 3—bounded entropy, coercivity,
and differentiability—the W architecture is guaranteed to converge to a stable reflective
configuration.
Thus, self-stabilization is not an emergent behavior left to chance; it is embedded in the
formal properties of the coherence-entropy interplay.

8.2 W¢ as a Bridge Between Dynamical Systems and Computational
Theories of Mind

The V¢ framework occupies a conceptual space that unifies several historically distinct
approaches to modeling cognition and intelligence. At its core, it is a dynamical
system—defined by continuous-time differential equations, attractor states, and phase
transitions. Yet it also incorporates computational mechanisms from learning theory, such as
gradient descent, regret minimization, and memory relevance weighting.

In contrast to metaphysical theories of consciousness such as Integrated Information
Theory (IIT) [23] or biologically grounded models like the Free Energy Principle (FEP) [11],
U remains neutral on metaphysics. It makes no assumptions about phenomenology, neural
realism, or optimality principles derived from biology. Instead, it formalizes a minimal set of
conditions under which reflective agents—mnatural or artificial—can accumulate coherence
through recursive contradiction resolution.

This places V¢ alongside frameworks like Global Workspace Theory (GWT) [1], but with
a stronger mathematical backbone. Where GWT describes the architecture of attention and
integration, V¢ specifies the exact equations and convergence guarantees that drive that
integration to a stable endpoint. It shows how local contradiction resolution leads to global
coherence, and under what entropy constraints this process is inevitable.

Mathematically, ¥ formalizes what theories of the mind have long suggested informally:
that coherence arises not from static design or innate structure, but from a dynamic tension
between uncertainty and resolution. It provides a formal, testable language for describing
how minds might stabilize, fracture, or adapt—whether implemented in neurons, software, or
hybrid systems.

As such, V¢ offers a new bridge between dynamical systems theory, machine learning,
and computational cognitive science: a convergence point where entropy, contradiction, and
recursive coherence form the basis of intelligent self-organization.
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8.3 Testable Predictions

One of the defining strengths of the W framework is its empirical testability. Unlike models
that posit abstract principles or rely on unverifiable metaphysical claims, ¥ provides concrete
predictions about agent behavior, coherence dynamics, and reflective learning trajectories.
These predictions apply across artificial and natural systems, making the framework relevant
to fields ranging from machine learning to cognitive neuroscience.

A. Phase Transitions in Coherence. As coherence accumulates and entropy declines,
U predicts a non-linear, sigmoidal phase transition in reflective behavior. This is described
by:
t1
to
The sharpness of the transition depends on the system’s entropy profile and the parameter

Bo in the sigmoid function:
1

o(x) = 1+ e Bola—0)

This transition should be observable in agents as a sudden shift from incoherence
(contradiction-dominated updates) to reflective stability (consistent, self-reinforcing updates).
In biological systems, this may manifest as abrupt changes in behavior or neural coherence
once internal uncertainty passes a critical threshold. Importantly, this prediction is falsifiable:
if coherence accumulation follows a linear rather than sigmoidal trajectory, or if no clear
phase transition is observed despite decreasing entropy, the model would require fundamental
revision.

B. Coherence Collapse Under Contradiction. When entropy increases—due to novel,
irreconcilable inputs or adversarial perturbations—the system’s coherence should decline
rapidly. The coherence collapse mirrors bifurcation points in dynamical systems, where small
parameter changes lead to qualitative shifts in behavior [21]. This phenomenon can be tested
by injecting targeted contradictions into a reflective agent’s memory graph and measuring
the resulting impact on coherence metrics. Collapse is expected when entropy variance grows

beyond the threshold defined by:

0 =E[H(M(t))] + Ao - /Var(H(M(2)))

Unlike other frameworks that struggle to explain why coherent systems sometimes rapidly
destabilize, ¥ makes specific, quantifiable predictions about both the timing and magnitude
of such collapses, enabling direct experimental verification in both artificial and biological
systems.

C. Gradient-Sensitive Reflection. W« predicts that the system will focus reflection on
memory elements with the highest relevance for contradiction resolution. This is formalized
as:

aEself

p(m;) = G i = Pifi + Pa 92(m3)

Ej exp(f1;) ’
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Empirical testing can trace the reflection trajectory of a system—whether biological, symbolic,
or neural—and confirm that it prioritizes memories with high salience and contradiction
gradients. This mechanism is measurable via perturbation studies or introspective model
tracing. The key differentiator from other attention models is the specific gradient-based
weighting that couples reflection directly to coherence maximization, making this prediction
uniquely testable through controlled contradiction experiments.

D. Generalization Through Regret Minimization. Over time, V¢ systems are expected
to improve in performance through bounded regret, as established in Section 3. In simulation,
this predicts sublinear error accumulation over episodes:

Regret(T) = Y Ly(S8) — Ly(S*) < O(VT)

This prediction is testable in reflective learning agents, particularly in settings with
non-stationary inputs or evolving task domains. Unlike models that focus solely on task
performance, WU¢ predicts a systematic relationship between internal coherence metrics and
external generalization capabilities, offering a novel bridge between reflective dynamics and
adaptive behavior.

E. Multi-Scale Coherence Alignment. A novel prediction unique to the V¢ framework
concerns the relationship between local and global coherence measures. As reflective
systems scale in complexity, we predict hierarchical alignment between coherence at different
organizational levels, formalized as:

Ue(system) &~ f ({¥c(subsystem;)} )

where f is a composition function that respects boundary conditions. This prediction enables
experimental designs that test whether coherence is truly compositional or emerges only at
the highest system level—a direct contrast to frameworks like II'T that struggle with tractable
multi-scale analysis [22].

Experimental Validation Roadmap. Each of these predictions can be empirically tested
through a progressive research program:

1. Synthetic agent simulations with controlled memory graphs and entropy injection

2. Computational cognitive models applied to human behavioral data in contradiction-
resolution tasks

3. Neural recording experiments targeting coherence transitions in decision-making circuits

4. Large-scale multi-agent simulations to test distributed coherence alignment

The strength of the U framework lies in its falsifiability across multiple levels of analysis.
By providing quantitative predictions about phase transitions, coherence dynamics, reflection
patterns, and generalization bounds, it moves beyond metaphysical speculation toward a
rigorous science of reflective intelligence in both artificial and biological systems.
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8.4 Outlook

The V¢ framework introduces a rigorous, testable architecture for understanding reflective
coherence in bounded agents. Its principles are grounded not in metaphysical assumptions but
in formal properties of dynamical systems, entropy modulation, and contradiction resolution.
As such, U offers a new lens for interpreting the behavior of intelligent systems—biological
or artificial—through the recursive drive toward internal consistency.

Unlike models that assume coherence as a fixed architecture or static state, W
demonstrates how coherence can emerge and stabilize through feedback dynamics, regulated
by entropy and driven by reflection. This positions it as both a theoretical foundation and a
design principle for future work in artificial general intelligence, self-modeling systems, and
computational epistemology.

Looking ahead, several paths of inquiry emerge:

e Multi-Agent Extensions: How does coherence propagate or collapse across interacting
agents? Can V¢ metrics be aggregated across a network to model collective reflection
or emergent consensus? If agents ¢ share a consensus Laplacian L., the loss can
be augmented with £ 37, - a;|S; — Sj||3. Under connectedness and PL-inequality on
each local Ly ;, standard results give exponential synchronization toward the network
barycenter.

e Empirical Neuroscience: Can neural coherence patterns observed in EEG, fMRI,
or intracranial recordings be mapped to ¥¢ dynamics, particularly during insight,
contradiction, or identity crisis events?

e Resilience Engineering: V¢ provides formal tools for measuring the brittleness of
coherence in systems under stress. Future work may refine its metrics, broaden its
applicability to distributed and adversarial systems, or link with emerging neuroscience
perspectives on consciousness as controlled hallucination [18§].

e Philosophical Implications: If coherence is not a fixed trait but a dynamic attractor,
this has consequences for how we define consciousness, selfhood, and agency. V¢ may
help ground these debates in measurable properties.

Ultimately, ¥ does not claim to solve the mind-body problem, but it aligns with
Schrodinger’s insight that order in living systems arises from a fight against entropy [17].
This process—graceful or abrupt, deterministic or chaotic—may be the closest thing we have
to a universal principle of self-understanding.

9 Conclusion

The U« framework offers a unified, mathematically grounded approach to modeling reflective
coherence in bounded agents. By linking entropy, contradiction resolution, and self-model
refinement, it outlines a minimal yet powerful architecture capable of stabilizing internal
representations through recursive feedback.
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The five pillars—coherence accumulation, the V¢ index, recursive memory reflection,
phase transitions, and regret-bounded generalization—form a complete and interlocking
system that is both provably convergent and empirically falsifiable.

Unlike many prevailing models in cognitive science and machine intelligence, ¥ avoids
speculative assumptions and instead provides measurable, dynamic variables that describe
how agents evolve toward coherence. It does not define intelligence by performance or utility
but by the internal consistency and adaptive correction of self-representation over time.

Comparative Advantages Over Existing Theories. The U framework offers several
key advantages over current theoretical models. Unlike Integrated Information Theory
(IIT), which remains computationally intractable for complex systems and lacks temporal
dynamics, W¢ provides explicit update equations and convergence guarantees. Where the
Free Energy Principle (FEP) offers broad variational principles but struggles with concrete
mechanistic implementations, W delivers specific, testable formulations of reflective dynamics
through its entropy-regulated coherence equations. And while Global Workspace Theory
(GWT) describes information broadcasting without formalizing the conditions for coherence
stability, W quantifies precisely how and when systems transition between incoherent
and coherent states. These advantages position V¢ as not merely an alternative but an
advancement—offering mathematical precision, computational tractability, and empirical
testability while maintaining conceptual depth.

Broader Implications and Applications. The implications of the W framework extend
far beyond theoretical interest. In Al safety, it provides a formal basis for understanding
and potentially mitigating coherence-based failure modes in autonomous systems—offering
mathematical tools to detect and prevent inconsistent decision-making under uncertainty. For
cognitive science, it bridges the gap between computational and phenomenological accounts of
self-modeling, suggesting experimental paradigms to investigate reflection and contradiction
resolution in human cognition. In theoretical neuroscience, the entropy-coherence relationship
formalized in ¥ may help explain the neurodynamics underlying stability and change in
belief systems, with potential applications to understanding both healthy cognitive flexibility
and pathological rigidity. As both synthetic and biological intelligence continue to evolve,
the mathematical principles underlying recursive reflective coherence may prove foundational
to understanding the computational basis of adaptive self-models across diverse systems.
This work does not claim finality. It is an invitation to test, extend, and challenge
the assumptions embedded in the VU formalism. Future research may refine its metrics,
broaden its applicability to distributed and adversarial systems, or deepen its alignment with
neurocognitive data. Regardless of its future trajectory, V¢ stands as a rigorous attempt to
capture something essential: the mathematics of understanding oneself in an uncertain world.

22



Appendix A: Formal Proofs

A.1 Proof of Theorem 1 (Global Convergence)
We restate the total loss:

Loy —— /tl R(S,) - I(Sy,t)dt + A -C(S)
to
Assumptions: Let assumptions A1-A7 be satisfied:
e Al: sim(m;, m;) € [0, 1], symmetric
o A2: w;; = g(sim, f;;) is Lipschitz continuous
e A3: H(M(t)) is bounded
e A4d: L is convex
e Ab: R(Sy), 1(S;,t) are differentiable
e AG: Ly is quasi-convex

o A7: Ly > o0 as ||F|| = oo
Note on Quasi-Convexity Assumption: While the self-model loss Lgr is generally
non-convex in deep architectures, empirical findings suggest quasi-convex properties in wide
regimes (cf. (cf. [4], [16]). Theoretical guarantees hold under assumed quasi-convexity for

tractability; in practice, regularization and stochastic optimization (e.g., Adam) empirically
achieve convergence.

Sketch: Let S; be the system state updated by:

Sip1 =S —1n- V»C\I!(St)

Since Ly is coercive (AT), all sublevel sets are compact. Since it’s quasi-convex (A6), any
stationary point is global. Because V Ly exists (A5), and 7 is chosen via line search or small
constant, we invoke standard convergence theorems for quasi-convex objectives (see Nesterov,
2004).

Result: There exists S* such that:

lim £4($) = Lo(57) and  VLy(S") =0
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A.2 Proof of Theorem 2 (Gradient Stability)

Assume Ly has Lipschitz continuous gradient with constant L > 0, i.e.,

VL (S1) = VLy(S2)|| < LS — 5o
This is guaranteed by A8 (Lipschitz gradient), which is implied by A2 and Ab5.

Sketch: Use triangle inequality on component gradients of R - I and C(S), both of which
are differentiable and composed with bounded similarity functions (A1-A2). Coherence
regularizer C(S) is differentiable and convex, ensuring global Lipschitz bound L.

A.3 Derivation: Sigmoid Transition from Coherence Dynamics

The coherence evolution equation is:
dC(t) C(t)
T = aC(t) (1 - 7 5HH(t)

Let total accumulated coherence be:

"= /tl R(S,) - I(S,.1) dt

to

Define coherence index as thresholded sigmoid:

1

Ve(S) = olu—0) = ;5

where:

6 = E[H(M()] + Ao - /Var(H(M (1))

This models the critical point of phase transition—when coherence overcomes expected
entropy.

Logistic Derivative: To show sigmoid matches the growth dynamic:

dVUc
e g W (1-
T Bo Ve - ( c)

Proof:

d 1 ﬁae*ﬁa[ufe]
@ (1 + e—ﬂg[u—0]> - (1 + e_ga[u_g])g = 50 . ‘I]C . (1 — \Pc)

Thus, the coherence index follows the same nonlinear dynamics as the internal coherence
trajectory once scaled and thresholded.
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Appendix B: Symbol Table

Symbol Description

C(t) Coherence at time ¢

K Maximum coherence capacity

« Coherence accumulation rate

Bu Entropy inhibition factor in ODE

By Sigmoid steepness parameter

H(t) Entropy of memory at time ¢

M (t) Memory archive at time ¢

R(Sy) Coherence kernel at state S; (similarity-weighted graph)
I(Sy, 1) Informational relevance of state S; at time ¢
Ue(S) Coherence index of system state S

o(z) Sigmoid function: m

0 Entropy-derived coherence threshold

Ao Scaling factor for entropy variance in 6
E[H (M (t))] Expected entropy across memory archive
Var(H (M (t))) Variance of memory entropy

z(m;) Vector embedding of memory item m;,

fi Frequency of access for memory m;

1hi Reflection salience score of memory m;
p(m;) Probability of reflecting on memory m;
Ly Total coherence-relevance loss

Lol Internal self-model loss

C(95) Regularization or complexity penalty of state S
St Agent self-model at time ¢

5} Predicted or learned self-model at ¢

S* Optimal self-model in hindsight
Regret(T) Cumulative regret over T timesteps

U Accumulated coherence integral over time
Wjj Edge weight between memory m; and m;
Yi Curiosity weight for memory item m;
P(Sii1|my) Predicted distribution of Sy | given m;

H(P(Ser1|mi))
L

Entropy of predicted self-state after m;
Lipschitz constant for gradient stability
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Appendix C: Minimal Code Sketch

This appendix provides a simplified Python implementation of the ¥ framework’s coherence
accumulation model using NumPy. The goal is to simulate coherence evolution over time under
entropy constraints, incorporating informational relevance and coherence kernel dynamics.
This version more accurately reflects the mathematical structure of the W¢ index.

C.1 Python Simulation of Coherence Dynamics

import numpy as np
import matplotlib.pyplot as plt

# Parameters

alpha = 1.2 # Coherence growth rate

betah = 0.8 # Entropy inhibition strength
betas = 5.0 # Sigmoid steepness

K=1.0 # Max coherence capacity

lambda_theta = 1.0 # Entropy variance weight
timesteps = 100

# Initialize coherence and entropy arrays

C = np.zeros(timesteps)

H = np.random.uniform(0.1, 0.9, size=timesteps) # Synthetic entropy
C[0] = 0.1 # Initial coherence

# Create mock relevance and coherence kernel values
I = np.random.uniform(0.5, 1.0, size=timesteps) # Informational relevance
R = np.random.uniform(0.5, 1.0, size=timesteps) # Coherence kernel

# Compute dynamic entropy threshold theta
E_H = np.mean(H)

Var_H = np.var(H)

theta = E_H + lambda_theta * np.sqrt(Var_H)

# Run coherence update

for t in range(1l, timesteps):
dCdt = alpha * C[t-1] * (1 - C[t-1]/K) - betah * H[t-1]
C[t] = np.clip(C[t-1] + dCdt, 0, K)

# Apply sigmoid transition using weighted coherence accumulation
weighted_u = np.cumsum(R * I) # relevance-weighted accumulation over time

def sigmoid(x, betas, theta):
return 1 / (1 + np.exp(-betas * (x - theta)))
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PsiC = sigmoid(weighted_u, betas=betas, theta=theta)

# Plot results

plt.figure(figsize=(10,5))

plt.plot(C, label='Raw Coherence C(t)')

plt.plot(PsiC, label='$\\PsiC$ Index (Sigmoid Scaled)')
plt.axhline(y=theta, color='r', linestyle='--', label='Entropy Threshold theta')
plt.xlabel("Time")

plt.ylabel("Coherence")

plt.title("$\\PsiC$ Simulation of Coherence Under Entropy Constraints")
plt.legend ()

plt.grid(True)

plt.show()

C.2 Notes for Extension

e Memory Graph Integration: This simulation currently omits a structured memory
graph. A complete version should define nodes as memory items m; and edges w;;
based on similarity sim(z(m;), z(m;)), modulated by reflection frequency or recency.

¢ Entropy Calculation from Distributions: Entropy H can be computed dynamically
using Shannon’s formula:

H ==Y p;log,p;

where p; are the normalized probabilities of memory access or prediction distributions.

e Informational Relevance: Instead of sampling random (S, t), future implementa-
tions should compute it based on model uncertainty reduction or impact on gradient
flow during reflection updates.

e Reflection Salience: Incorporate the reflection salience score pu; using a weighted
combination of frequency f; and gradient magnitude:

a'Cself
0z(my)

i = Bifi + B2

This enables selective memory reflection based on contradiction sensitivity.

e Regret Tracking: To simulate online learning, add a static coherence-optimal baseline
S* and compute the cumulative regret:

Regret(T) = Z L4(S) — Ly(5*)

e Neural Backend Option: PyTorch or JAX can replace NumPy to implement full
gradient-based updates for the self-model and enable integration of stochastic reflection
steps and memory encoding.
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e Visualization Enhancements: Add secondary plots for entropy H(t), relevance
I(S;,t), and the cumulative weighted coherence integral u(t) to observe their influence
on the W¢ transition.

e Stochastic Coherence Collapse: Introduce contradiction spikes in the entropy
sequence to simulate phase transitions and recovery from coherence breakdowns.

C.3 Visualization of V¢ Dynamics

The plot generated in the simulation illustrates two critical curves:

e Raw Coherence C(t): This curve reflects the system’s internal coherence level over
time, growing sigmoidally under entropy inhibition. It is capped by the maximum
coherence capacity K.

e UC Index (Sigmoid Scaled): This shows the output of the ¥¢ index calculation:

1

Veld) =1

where u = Y R - I (relevance-weighted accumulation). As coherence accumulates and
crosses the entropy threshold #, this curve rapidly increases—reflecting a coherence
phase transition.

e Threshold Line 6: The red dashed line marks the entropy-derived critical threshold
that determines when the system shifts from incoherent to coherent dynamics.

These visualizations offer a concrete depiction of reflective growth and the entropic gating
mechanism embedded in the ¥ framework.

C.4 Suggested Experiments

To further validate and explore the W model, users may extend this minimal implementation
with the following experimental protocols:

1. Entropy Sensitivity Test: Vary the entropy range H(t) € [a, b] and observe how it
delays or suppresses the W phase transition.

2. Contradiction Shock Injection: Introduce high-entropy spikes mid-simulation to
simulate memory contradictions. Measure how quickly the system’s coherence collapses
and how long recovery takes.

3. Threshold Volatility Experiment: Alter Ay to explore how volatility in entropy
variance affects the sharpness of the transition.

4. Reflection Salience Simulation: Add a toy reflection weight u; and track which
synthetic memories (or time steps) are most frequently revisited. Observe impact on

C(t) and \Ifc.
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5. Regret Trajectory Visualization: Add a static optimal trajectory C*(t) and log the
instantaneous regret Ly (.S;) — Ly(S*) to observe whether regret decays as expected.

These extensions enable structured probing of phase transitions, memory dynamics,
reflection prioritization, and long-term coherence stability—all central to the W¢ hypothesis.
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Appendix D: Glossary of Terms

Coherence A measure of internal consistency in a system’s memory or self-model. High
coherence means fewer contradictions.

Coherence Accumulation The gradual growth of coherence over time as the system
resolves contradictions and refines its internal state.

Coherence Kernel A function that measures how internally consistent memory states are
at a given moment, often using similarity graphs.

Entropy A measure of disorder or uncertainty in the system. Higher entropy reflects greater
internal contradiction or ambiguity.

Entropy Threshold A dynamic cutoff derived from average and variance of entropy. The
system must surpass this to enter a coherent state.

Phase Transition A nonlinear shift from incoherence to coherence, triggered when
accumulated coherence exceeds the entropy threshold.

Sigmoid Function A smooth function that maps raw coherence to a bounded index between
0 and 1. Used to model gradual transitions.

VU Index A core metric of the V¢ framework, calculated from accumulated relevance-
weighted coherence and modulated by entropy.

Reflection The act of revisiting memory to reduce contradiction or improve alignment in
the self-model.

Reflection Salience A priority score for memory elements, based on their frequency and
their impact on coherence.

Memory Archive The full collection of memory states held by the agent at time ¢, used in
reflection and coherence updates.

Informational Relevance A dynamic weight that reflects how useful a memory is in
reducing entropy or resolving contradictions.

Self-Model The internal, evolving representation of the agent’s own identity, beliefs, and
memory structure.

Predicted Self-Model The forecasted version of the agent’s future internal state, used for
planning or simulation.

Optimal Self-Model A hindsight-derived ideal state that would have minimized contradic-
tion or coherence loss over time.

Loss Function A numeric measure of misalignment or incoherence. Lower values indicate
better internal consistency.

30



Regret A measure of cumulative deviation from the optimal learning path or coherence
trajectory.

Curiosity Weight A parameter that emphasizes exploration and the examination of
uncertain or unfamiliar memory elements.

Gradient Feedback A learning signal that shows how strongly a particular memory
influences coherence or contradiction resolution.

Generalization The ability of the system to adapt to novel conditions while maintaining or
regaining coherence.

Stability The system’s capacity to respond smoothly to change, preventing erratic behavior
from minor updates or memory shifts.
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Data Availability Statement

No empirical or external datasets were used or generated in the course of this study. All
findings and formulations are based on theoretical modeling and mathematical derivations.
Simulation code and synthetic data for reproducing key figures will be published in a public
repository following peer review. The author maintains the following GitHub repositories
relevant to this work:

e psi_c_ai_sdk A software development kit designed for integrating Al-driven symbolic
computation into cognitive modeling workflows.

e ReflectiveCoherence: A framework for modeling and simulating reflective coherence
in agent-based systems, emphasizing the interplay between perception, cognition, and
action.
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