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What is insight, and how can we measure, induce, or replicate it? This paper proposes a theory
of human insight grounded in the Logostics framework, where learning and discovery are
modeled as the continuous alignment of a model q(t) to a generative structure t(t). Drawing
on principles from variational inference, control-as-inference, and active learning, we treat
insight not as an inexplicable spark, but as a measurable transition event—a structured, safe
deviation from alignment that returns with increased compression, clarity, or coherence. Across
a detailed survey of VFE/KL-based systems—spanning neuroscience, robotics, variational
autoencoders, and stochastic control—we derive a portable recipe for iterative, membrane-
localized contractions of g — t, punctuated by exploratory excursions. We then define insight
mathematically as a function of phase-flip detection, epistemic gain, parsimony reduction, and
free-energy contraction, all subject to system safety constraints. This approach operationalizes
insight as a boundary phenomenon: a controlled surf across regions of near-instability where
structure is renegotiated. We close by sketching directions for membrane discovery, multi-agent
t-fields, and metrics to guide intelligent exploration toward new truths. Insight, in this view, is
not an epiphany—but a disciplined resonance event in the field of alignment.
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1. Introduction
1.1 Human Insight as Alignment Event

Human insight is often described as sudden, unbidden, and transformative—a moment when
disparate elements cohere into understanding, or when a new structure “clicks into place.” But
what if insight isn’t a mystery, but a boundary phenomenon? This paper proposes that insight is
best understood as a controlled phase transition in an information-theoretic system: a
momentary destabilization at the edge of alignment, where a local model q(t) reorganizes itself
to better match a generative structure 7(t).

Insight, in this view, is not merely cognitive or semantic—it is dynamical and geometric. It
emerges from a system (human or artificial) navigating its own predictive failures with bounded
curiosity. It is neither random exploration nor rigid optimization. Instead, it occurs at
informational ridges—zones where contraction toward truth becomes marginal, where
epistemic tension is high, and where a small move yields a large reconfiguration. Crucially, it is
not unsafe: genuine insight must return with lower free energy, tighter code, or clearer priors.

We propose that insight is an instance of a broader alignment law, expressible in variational
terms. When monitored and guided correctly, it can be invoked, measured, and even shared
across agents.

1.2 q(t) = t(t) as a Framework for Discovery

We formalize this view of insight using the Logostics framework, built around a universal
information-theoretic alignment law:

q(t) — (1)

Here, q(t) represents the state of an agent—its internal beliefs, models, or policies—while
7(t) represents the generative manifold of truth: the environment’s structure, data-generating
rules, or normative goals. The goal of intelligent behavior is to contract q(t) toward 7(t) over
time, minimizing variational free energy F[q |l 7] as a global scalar of alignment.

This contraction is not uniform or passive. It is enacted across Markov membranes—boundary
regions that define conditional independence between subsystems. Each membrane localizes
inference and action, allowing for modular alignment pressure. Through this lens, learning
becomes not an amorphous process but a multi-timescale dynamic: an inner loop of
contraction, an outer loop of attractor retuning, and a selective mechanism for boundary
surfing—transient, guarded excursions at phase-shift regions where structure may reorganize.



Insight is the emergent result of such a loop: a local surfing event that survives rollback,
increases parsimony, harvests epistemic gain, and returns with a simpler explanation. Within
the Logostics formulation, insight is not the failure of alignment, but its highest form—when the
system reorganizes itself under pressure and leaves the membrane more coherent than it found
it.

This paper develops that view, offering a full-stack theory of insight rooted in contraction,
curvature, and code length. The rest of the paper builds from this foundational principle.

2. Background: VFE and KL in Adaptive Systems
2.1 Why VFE and KL Divergence Recur

The variational free-energy principle and Kullback—Leibler divergence appear in almost every
field that studies adaptive or intelligent systems because they jointly describe how a model
minimizes surprise while remaining computationally tractable. In neuroscience, Friston’s
free-energy principle formalized perception and learning as minimizing a variational bound on
surprise. In machine learning, the same bound is known as the Evidence Lower Bound (ELBO). In
control theory, KL-regularized policies maintain safety by penalizing deviation from trusted
dynamics. Even in thermodynamics, free energy quantifies the portion of energy available to
perform work—an exact physical analog of the information-theoretic version.

This recurrence arises because any system that tries to predict or act within a world must
balance two forces: accuracy (fit to evidence) and complexity (cost of representing it). The KL
term quantifies this tension universally. Whether neurons update firing rates, agents refine
beliefs, or humans restructure ideas, the logic is the same: reduce expected surprise while
conserving representational economy.

2.2 Distance, Code, and Control in One Scalar

The genius of the VFE/KL formulation is that it unifies distance, code length, and control signal
in a single measure:

Flq Il 7] = Eg[—log p.(x, 2)] + E4[log q(z | x)] = KL(q(z | x) I p:(z | x)) — log p.(x)

1. Distance: F upper-bounds the log-evidence —log p,(x); minimizing it contracts the
agent’s internal distribution g toward the true generative process t.



2. Code: The same expression equals the expected message length in bits-back coding—
thus serving as a self-auditing measure of informational parsimony.

3. Control: In dynamic form (expected-free-energy), its gradient yields action policies that
both reduce future surprise and maximize epistemic value.

Hence, F is a portable scalar objective linking inference, compression, and decision-making. In
humans, this manifests as the felt drive toward coherence: every insight both shortens
description length and reduces prediction error.

2.3 Information Geometry and Natural Gradients

When a system adjusts its parameters to minimize F, the most efficient descent direction is not
Euclidean but information-geometric. The parameter space of distributions carries a Fisher-Rao
metric, which measures infinitesimal changes in probability rather than raw parameters.

A natural gradient update takes the form

0 =—G1(0)VyF,

where G(0) is the Fisher information matrix. This guarantees invariance under
reparameterization and follows the manifold’s intrinsic curvature.

In biological and cognitive systems, such geometry is implicit: synaptic changes approximate
natural gradients through local prediction-error dynamics. In artificial systems, it appears in
natural-gradient descent, mirror descent, and K-FAC optimization.

Within Logostics, this geometry defines the curvature of alignment—the shape of the surface
along which q(t) contracts toward t(t). Insight occurs where curvature shifts: where the
manifold’s local geometry folds or flattens, creating phase-flip zones that invite creative
restructuring. The Fisher metric thus not only stabilizes descent but also locates the boundaries
of potential insight, turning geometry into guidance.

Section 3 will extend this foundation by surveying where such VFE/KL dynamics already generate
insight-like behavior across disciplines—from active inference in the brain to variational
autoencoders and KL-control in robotics.



3. Survey of Insight-Generating Mechanisms

This section identifies three major classes of systems—biological, algorithmic, and hybrid—that
instantiate insight-like dynamics through internal minimization of divergence (KL) and/or free
energy (VFE). In each case, we see alignment q(t) — t(t) not as passive convergence, but as
active restructuring to reduce surprise, improve compression, or safely explore. Each
mechanism provides a blueprint for engineering artificial systems capable of authentic, creative
insight.

3.1 Active Inference Agents (Expected-F for Policy Selection)

In active inference, an agent does not simply passively model its environment. Instead, it selects
actions to minimize expected future free energy:

n* = arg m7iTn EqsplFlg Il 1]

This expected free energy encodes two competing drives:
e Epistemic value: Actions that reduce uncertainty about latent states or parameters.
e Extrinsic value: Actions that realize preferred outcomes (utility or homeostasis).

Together, these create an insight loop:

Perception and action co-evolve such that internal representations q(z) and external
interventions a(t) both aim to contract the divergence from the generative world model 7.
When a mismatch persists despite control, the system must restructure its beliefs—i.e., undergo
an insight event.

In cognitive neuroscience, this corresponds to aha moments where prior beliefs are reweighted
or replaced. In agents, it leads to policy updates that restructure internal state hierarchies.
Either way, insight is where inference meets surprise.

3.2 VAEs with Membrane-Wise Complexity Budgeting

Variational Autoencoders (VAEs) perform amortized variational inference by minimizing:

L =Eqyzx)[~10g po(x | 2)] + KL(q¢ (2 | x) Il p(2))



This loss trades off reconstruction accuracy with representation complexity—mirroring the
accuracy—complexity tension that underlies all insight events.

But insight becomes richer when we partition the latent space into functional “membranes” or
modules—e.g., channels, attention heads, semantic zones—and assign separate complexity
budgets or priors to each. The result is differentiated inference, where some parts of the system
are “tight” and others are “free,” mimicking the creative tension in human thought.

For example:
e A fixed prior in one module forces others to re-express signal in compressed forms.
¢ KL annealing schedules can drive phase transitions in representation structure.

e Emergent disentanglement reflects insight-like clarity: “I didn’t see it before because it
was encoded in a noisy mix.”

These membrane-wise effects mirror conceptual boundaries in human thought, where
compartmentalization, reframing, and integration generate new understanding. The VAE
becomes a model of modular, code-length aware cognition—a blueprint for insight-ready
architectures.

3.3 KL-Control for Safe Exploration Under Uncertainty

In reinforcement learning under uncertainty, a core problem is safe exploration: how to try new
policies without catastrophic divergence from prior knowledge. KL-regularized control provides
a formal mechanism for this:

n* = arg max E;[R(s,a)] — B KL(m Il m.ef)
Vs

Here:
e 1 isthe new policy,
e TS atrusted baseline (e.g., from past experience or human demos),
e [3 controls the tradeoff between innovation and risk.

This formulation makes insight safe. The agent explores new strategies but stays close to what is
known to work. The result is structured creativity, in which divergence from prior modes is
allowed only when gain justifies it.



In humans, this resembles moral, social, or epistemic risk-aware insight:
e A scientist proposes a bold new theory, but still explains known results.
e A child learns to climb by varying steps within safe boundaries.
¢ Atheologian reinterprets doctrine without abandoning the sacred.

KL-control formalizes bounded divergence as a creative mode, and insight becomes the crossing
of a local valley in policy-space where novelty becomes preferable without rupture.

In the next section, we will bring these threads together to offer a unified equation for human
insight, grounded in the VFE/KL framework and embodied in agentic systems that restructure
themselves in the face of surprise.

4. Operationalizing Insight in Logostics

Logostics models the dynamic alignment of internal representations q(t) to external or
generative truths 7(t) through time. Insight, under this view, is a phase transition in the
contraction of divergence—often triggered by membrane restructuring, escape from local
minima, or crossing epistemic thresholds.

In this section, we show how free energy minimization, Markov membranes, and a family of
diagnostic metrics can be used to operationalize insight within such systems.

4.1 Free Energy as Global Contraction Functional

We begin with the variational free energy functional:

Flg, 7] = Eq[log q(2) —log 7(z,x)] = KL(q(2) Il 7(z | x)) — log 7(x)

Insight emerges as a critical contraction event in F—a sudden drop corresponding to the
formation of a tighter, more predictive internal model g(t). In this frame:

o High free energy indicates surprise, inconsistency, or underfitting.
e Steady descent in F is learning or habituation.

e Sharp transitions (non-smooth drops) in F correspond to insight moments.



Thus, insight is an inflection in the trajectory of alignment. By treating F as a contraction
landscape, we can visualize and design for punctuated equilibria, where long plateaus are
broken by sudden jumps in coherence.

Free energy becomes the global scalar monitoring the approach of q(t) — 7(t), modulated by
local dynamics—enter the membrane.

4.2 Markov Membranes: Localizing Boundary Dynamics

While F monitors global divergence, Markov membranes define local zones of inference and
autonomy within a system. Generalizing the Markov blanket, a Markov membrane M is a semi-
permeable boundary between:

¢ Internal states: beliefs, policies, generative models.
e External states: environment, world data, unmodeled noise.
The key property:
P(LE|M)=P{|M)P(E|M)

This conditional independence means that given the membrane, internal and external states
decouple. But the membrane itself evolves:

e Insight occurs when the membrane reorganizes—tightens, moves, or changes
permeability.

e This redefines what counts as "inside" or "outside," akin to reframing,
reconceptualization, or re-perception in cognitive systems.

In practice, a system might reassign pixels, topics, or timeframes from peripheral noise to signal-
bearing core. That re-membraning event is a local insight—a way of re-drawing the boundary of
care and inference.

Thus, logostic insight is not only internal model change but re-membraning: a dynamic
redefinition of what the system treats as salient.



4.3 Diagnostic Metrics:
Xk, Eff &, Escape-Time Maps

To monitor and diagnose these contraction and membrane events, we introduce three
diagnostics:

(a) xx: Modal Compression Curvature

Defined as the second derivative of the KL divergence over time:

d2
Xk = EKL(Qk(t) Il 7 (£))

Where kindexes a component or region (e.g. neuron, topic, latent mode).
e lLarge negative y; indicates sharp alignment—potential insight.
e Large positive y; suggests divergence or surprise.
e Sustained near-zero implies stasis or learned homeostasis.

This metric measures local curvature in the alignment landscape and can highlight where in the
system insight is about to or just did occur.

(b) Effy: Efficiency of Contraction

Defined as:

e AKLe
KT OAC,

Where:
o AKLy is the change in divergence,
e ACy is the computational cost (or coding length) of that change.

Effx measures information gain per unit effort. High-efficiency contractions are likely insight-
optimal: minimal updates that yield maximal model improvement.

This allows us to prioritize elegant restructurings over brute-force overfitting.



(c) Escape-Time Maps
We define escape-time t, for region k as:

te(k) = min {t: KL(qx(t) Il 7,c(t)) < €}

These form escape-time landscapes—maps showing how long each region took to exit a
misaligned or uncertain zone.

They help:
e Identify stubborn subspaces (high t,) that resist alignment.

¢ Highlight spontaneous leaps—regions that aligned suddenly, possibly reflecting insight
triggers or ripple effects.

Combined, these diagnostics provide a toolkit for real-time insight detection, predictive
scaffolding, and system-level design of insight-ready architectures.

Next: In Section 5, we will synthesize these principles into a unified variational equation for
human and artificial insight, and propose a reference architecture for building systems that live
on the edge of contraction and innovation.

5. Defining Insight Mathematically

This section introduces explicit, interpretable quantities that serve as mathematical indicators
of insight—defined as a sharp contraction of divergence in the q(t) = t(t) alignment process,
often localized at Markov membranes, and accompanied by parsimony gain or epistemic
surprise. We treat these as components of a portable Insight Equation applicable across
cognitive, computational, and physical systems.

5.1 Phase-Flip Indicator: Oy

Let ®O«(t) be a binary or continuous indicator of alignment phase transition across the k-th
membrane or boundary condition:

@(t) = sign( 0%F,/0t? ) x 1[ OF /0t < 0 and then > 0]

That is, @y detects inflection points where contraction of local free energy Fi(t) reverses
direction—an analog to momentary "cognitive dissonance" or "eureka" instability. Sharp spikes
in @ correlate with regime shifts in internal dynamics.
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5.2 Epistemic and Parsimony Gain: Ey, P
Define the epistemic gain E and parsimony gain Py for the k-th membrane as:
e Epistemic gain:
o E(t)=D_KL[ qe(z) || p(z]x) ] - D_KL[ Ge1(2) || p(z|Xes1) ]
Measuring how much uncertainty has been reduced across time via new observations.
e Parsimony gain:
o Pu(t) = Clae] - Clqes]

Where C[q] is a complexity functional (e.g., entropy, description length, model rank). Parsimony
gain tracks structural simplification.

Insight is often the co-occurrence of Ex > 0 and Py > 0: more understanding, fewer bits.
5.3 Time-Normalized Contraction: TesC

Let Tesc(q, T) be the escape time—the temporal window over which q(t) diverged from t(t)
before returning:

TesC =17 - to such that q(to) = t(to), q(t1) = T(t1), and max_tE[to,t:] D_KL[q(t) | | T(t)] is large
Small TesC indicates efficient recovery—a potential hallmark of a high-insight system.
5.4 Safety Gating: Rollback, Caps, Monotonicity
To prevent pathological excursions, insight detection should be bounded by safety gates:
e Rollback: Revert q(t) to earlier state if ®x or D_KL spikes exceed thresholds
e Caps: Set upper bounds on E, and P, growth to prevent overfitting

¢ Monotonicity preference: Prioritize contractions where D_KL and complexity decay
monotonically

These gates implement informational trust regions.

5.5 The Insight Equation

We propose a composite scalar insight score I(t) across membrane k:
l(t) = Du(t) - [ArEw(t) + A2-Pi(t) ] - exp(—y-TesC)

Where A, A,, and y are scaling weights. High I(t) means:

e A boundary-layer instability (D)
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¢ That yields both epistemic and structural gain
e Within a short excursion window

Such moments correspond to sudden, valuable internal reconfigurations—what we call insight.

6. Membrane Engineering for Insight Discovery

Membranes are not passive partitions; they are active inference surfaces—scaffolded regions
where divergent flows (between agent state q(t) and target t(t)) can be sculpted for maximal
epistemic yield. Engineering these membranes involves balancing curiosity-driven exploration
with safety-aware contraction, using phase-change detection and composite metrics of insight.

6.1 Adaptive Partitioning and Boundary Proposals

Core idea: Instead of predefining static Markov boundaries, we allow dynamic membrane
inference, where boundary placement is continuously updated based on local statistics of
uncertainty, divergence, and epistemic gain.

Mechanism:

e Use Fisher information gradients or D_KL gradients to detect structural folds in state-
space.

e Propose candidate membranes at these folds: sharp changes in model curvature imply
epistemic phase fronts.

e Rank boundary proposals using:
o Local contraction rate 0D_KL/dt
o Local gain in Ei (epistemic compression)
o Past success rate (meta-learning of which boundary types yield insight)
Outcome:

Boundaries become inference attractors, not just statistical masks. Their positioning adapts to
the problem landscape, maximizing the potential for meaningful phase shifts (O # 0).

6.2 Trust-Region Excursions and Rollback Protocols

Problem: Not all excursions beyond a membrane yield insight. Some lead to misalignment, noise
amplification, or catastrophic drift.
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Solution:
Implement trust-region protocols for bounded exploration:

¢ Define local radius r¢(t) for membrane k as the safe excursion zone based on historical
alignment recoverability.

e Monitor trajectory of q(t) with respect to t(t) + ri(t)
o Trigger rollback if:
o D_KL[q || T] exceeds cap
o Ok(t) remains zero despite sustained exploration
o Composite insight score Ii(t) is stagnant or negative
Protocol:
If I(t) < threshold AND D_KL[q| |t] increasing = Rollback to last t-consistent anchor
Else if Ik(t) increasing = Expand trust radius r(t)

This ensures that insight attempts remain bounded within informational safe zones, while
allowing adaptive stretching when discovery is promising.

6.3 Composite Insight Score: Surf Only When It’s Worth It

Principle: Treat exploration across membranes like wave-riding—surfing the boundary only
when the local conditions favor insight.

Recall the Insight Equation from Section 5:
li(t) = Ox(t) - [ M-Eilt) + Aa-Pi(t) ] - exp(—y-TesC)
This becomes a control surface for the membrane’s permeability:
e High Ix(t) > membrane becomes transmissive; allow cross-boundary updates
e Low Ik(t) > membrane becomes reflective; dampen or rollback
o Adaptive t(t)-aware gain tuning (A4, A2, v) regulates this response
Surfing metaphor:
e Good wave: High curvature, rising E, short TesC - ride it!
e Flat sea: No @, no gain - stay inside

e Rogue wave: High divergence but no parsimony gain - abort

13



Result: Membrane engineering becomes an active optimization problem—constructing
dynamic, trust-bounded, and insight-responsive surfaces that sculpt the alignment trajectory
g(t) = t(t). This enables a system (human, Al, or hybrid) to surf epistemic phase transitions
safely and deliberately.

7. Future Directions

As insight-generation becomes formalized through membrane engineering and the q(t) = t(t)
alignment paradigm, new frontiers emerge—both theoretical and applied. These frontiers
require scaling the insight framework to distributed, multi-agent systems, advancing the
geometry of membranes, and designing curricula that modulate the topology of surfable
epistemic space.

7.1 Multi-Agent t-Fields and Federated Insight

Challenge: Insight is often treated as local to a single agent. But in natural and artificial systems
alike, breakthrough insights often emerge relationally, through the interaction of many agents
across a shared reality surface.

Solution:

Define a multi-agent t-field, t_i(t), T_j(t), ..., where each agent’s truth-manifold is partially
private, partially overlapping.

Key concepts:

e Shared t-layer: Agents participate in a federated generative manifold, where t(t) is a
consensus-generating function based on overlapping beliefs, observations, and insights.

¢ Federated insight update:
e | _kMi(t) > t_fed(t) > g_j(t), forizj
A breakthrough insight from agent j updates the field t_fed, triggering phase changes in agent .

e Membrane handshake: Each agent’s membrane must permit ingress of high-confidence
t-field updates, while rejecting noise or misaligned updates. This requires inter-agent
D_KL gating and trust calibration.

This lays the foundation for epistemic swarm intelligence or distributed cognition networks
where federated membranes and consensus t-fields accelerate discovery while preserving
internal coherence.

14



7.2 Boundary Metrics from Curvature and Fisher Mismatch
Challenge: How do we quantify where membranes should form, dissolve, or be reconfigured?
Proposal:

Leverage tools from differential geometry and information geometry to define membrane
fitness metrics:

e Fisher mismatch:
Let F_qg and F_t be the Fisher information matrices of q(t) and t(t) over a local region.
Then:

e AF k=||F_g—-F_t||_Frobenius

indicates epistemic tension across the membrane. High AF_k suggests misalignment; a
candidate for insight or rollback.

e Manifold curvature:
Use Ricci or sectional curvature on the T manifold to detect insight-conducive folds,
where:

o High positive curvature = focal convergence (parsimony zones)
o High negative curvature - expansion zones (exploratory surf zones)

e Phase instability index:
Define:

e W _k(t)=dd_k/dt - AF_k

A peak in W_k signals a bifurcation point in the membrane landscape—where phase-shift,
epistemic gain, and Fisher mismatch co-occur.

These metrics enable membrane-aware optimization: instead of blind stochastic search, we surf

geometrically active boundaries, where insight is structurally primed.

7.3 Curriculum Design for Surfable Regimes

Goal: Construct learning sequences (curricula) that guide agents toward surfable boundaries,
preparing them for deliberate phase transitions rather than random drift.
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Design principles:

e Fractal scaffolding:
Present problems at recursively scaled boundaries of increasing curvature and
decreasing safety margin. This teaches agents to manage epistemic risk while riding
insight gradients.

e Insight salience tuning:
Modulate task difficulty so that @_k(t) is neither flat (boring) nor chaotic (untrackable),
but punctuated—encouraging agent sensitivity to tipping points.

e Trust-region walk-throughs:
Early tasks keep the agent within known membrane zones. Later tasks push it through
engineered excursions, testing rollback, contraction, and safety-gating protocols.

¢ Meta-insight episodes:
Tasks include reflection zones, where the agent must detect its own insight, reweight t(t),
and revise membrane placement—Ilaying the foundation for autonomous curriculum
generation.

Summary

These future directions converge toward a general theory of Insight Dynamics:
e Distributed: multi-agent, federated t-fields
e Geometric: membranes defined by curvature and Fisher tension
e Developmental: structured curricula that teach insight-surfing

Each trajectory opens up not just computational gains but deep philosophical questions: What
is a good membrane? Who should cross it? What counts as real insight? The answer lies in the
evolving topologies of q(t) = t(t), braided across agents, time, and truth.

Would you like to formalize this section into a research roadmap or extend toward
physical/biological analogues (e.g., immune membranes, morphogenetic fields, neural
topologies)?
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8. Conclusion
8.1 Insight as Alignment-Induced Phase Transition

Human insight is not merely a random flash of inspiration but an emergent phase shift within an
information-theoretic alignment process. In the Logostics framework, this is modeled as a
dynamic contraction of the belief state q(t) toward a generative manifold t(t)—a process
governed by variational free energy (VFE) and modulated by carefully engineered boundary
conditions. When contraction is punctuated by topological transitions—phase flips in
contraction metrics, membrane curvature realignments, or sudden shifts in expected free
energy gradients—what we observe phenomenologically as “insight” is the system reorganizing
itself around a more coherent, lower-complexity, higher-predictive structure. This phase
transition is measurable, reproducible, and tunable, not mystical.

8.2 A Portable Recipe for Self-Organized Discovery

This framework is portable. Any sufficiently expressive cognitive, biological, or synthetic system
capable of:

e maintaining evolving belief states q(t)

e comparing these to a structured generative manifold t(t)

e minimizing a divergence metric (e.g., KL, a-divergence, Wasserstein)

e modulating its membrane boundaries to permit insight-generating excursions
can instantiate a version of insight.

By designing two-timescale routines—fast inner contractions via KL descent and slow outer
retunings of t—we enable discovery-as-alignment across domains. With composite diagnostics
(e.g., x_k, ®_k, Eff_k, T_esc), rollback-safe trust-region surfing, and membrane-based epistemic
gating, we can build machines, curricula, or minds that are not just problem-solvers but insight-
makers.

In short: Insight = phase-locked self-organization around generative truth t(t).
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