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This book embarks on an ambitious and expansive journey to re-envision the universe, proposing a cosmological narrative where fundamental 
processes of information, consciousness, and choice are not mere byproducts but the driving forces behind its evolution. We will weave together concepts 
from cosmology, quantum mechanics, artificial intelligence, and philosophy, challenging conventional wisdom and inviting the reader to a profound new 
understanding of existence. Designed for a broad audience, it unpacks complex ideas through accessible language, vivid analogies, and compelling 
arguments, requiring no prior expertise in Python or advanced mathematics. Prepare to rethink everything you thought you knew about time, gravity, and 
the very nature of reality.

Introduction: 

The Unseen Tapestry – A Beginningless Universe

The grand narrative of our cosmos, deeply ingrained in popular culture and scientific textbooks alike, typically begins with a singular event: the 
Big Bang. This event postulates an unimaginable point of infinite density and temperature, from which all matter, energy, and spacetime exploded into 
being approximately 13.8 billion years ago. It’s a story of ultimate genesis, a cosmic birth. However, in this volume, we propose a radical departure from 
this widely accepted cosmological dogma. We contend that our universe is "Big Bangless," an ancient and steady-state cosmos whose apparent recent 
expansion is not an initial genesis, but rather a dynamic and profound phase transition. This transition, we argue, is intimately linked to the emergence of 
agency—the capacity for independent action and choice—and the cumulative effect of countless free-will decisions made throughout cosmic history.

Imagine not a primordial explosion, but a universe that has simply always been. Not static or unchanging, but existing in a dynamic equilibrium,
a cosmic sea where high-temperature vacuum regions could pre-exist for eons without significantly affecting the universe's overall, steady-state dynamics. 
These primordial regions were not inert voids; they were teeming with potential, primed for a profound transformation. This crucial phase transition, we 
theorize, was triggered by the very advent of consciousness and the subsequent, intricate web of choices woven within it. This perspective dramatically 
extends the age of our universe, positing it as far older than commonly assumed, where the dramatic expansion we observe today is but a relatively recent 
phenomenon within a much grander, ongoing cosmic story of self-unfolding. The universe, in this view, is not a finite play with a definitive beginning and 
end, but an eternal drama with continuous acts of creation and transformation.

When humanity seeks to peer into the deepest recesses of reality, to discover its most fundamental constituents and laws, we construct 
monumental instruments like the Large Hadron Collider (LHC). This colossal particle accelerator, buried deep beneath the Swiss-French border, is 
designed to smash particles together at nearly the speed of light, recreating conditions that existed moments after the supposed Big Bang. Conventional 
wisdom suggests that by probing such extreme energies, we are reaching an "unphysical limit" at the smallest scales, where our current understanding of 
physics might break down. However, we propose an alternative, far more active role for our observations. In these extreme energy environments, we are 
not merely observing pre-existent truths, passively unveiling a hidden reality. Instead, we are actively "exposing" or even "creating" the very constraints 
that define reality at these high-energy levels.

The LHC itself serves as a profound example of this active participation. It is not just a microscopic probe; it is a macroscopic marvel, spanning 
immense distances and constructed over a long, intricate temporal history, involving countless human decisions and generations of scientific effort. This 
highlights a fundamental interconnectedness between the large and the small, where our grandest technological endeavors intrinsically shape the very 
reality they seek to observe. The act of designing, building, and running such an experiment becomes a form of cosmic introspection, compelling the 
universe to compact its true nature into a form comprehensible and measurable by an observer. Our instruments are not just passive tools of discovery; they
are active participants in the universe's continuous self-definition, akin to an artist's brush not just revealing a landscape, but bringing it into being. The 
very term "quantum" might not simply signify "small scale" in the reductionist way we typically understand it; its mysterious nature could be deeply 
intertwined with these exposed and emerging constraints, suggesting that the "small" is always in dialogue with the "large."

This journey will reveal a universe where the fabric of reality is not a static backdrop or a predetermined program, but a living, evolving entity, 
perpetually shaped and reshaped by the intricate interplay of information, conscious choice, and a profound, inherent drive towards self-awareness. It is a 
universe in which we are not just inhabitants, but active co-creators.

https://www.imdb.com/name/nm0367222/


Chapter 1: Gravity, Compression, and the Information Universe

Let us fundamentally rethink gravity, the ubiquitous force that orchestrates the dance of galaxies, sculpts celestial bodies, and binds us firmly to 
the Earth. What if this force isn't merely a mechanical attraction, but an emergent property of information itself? In this revolutionary framework, gravity is
intrinsically linked to the increasing of information compression within the very fabric of spacetime. This concept challenges the Newtonian and 
Einsteinian paradigms, offering a more dynamic, active, and information-centric view of the cosmos.

Imagine not an apple falling due to an invisible pull, but rather every body in the universe perpetually falling inward, engaging in a continuous 
process of compacting spacetime. This compaction is achieved through an incessant dance of information compression and decompression that occurs with
every single particle collision, every interaction, every event across the cosmos. It’s not just objects accelerating; it’s the process of information encoding 
and decoding that is accelerating, driving the cosmic dance towards ever-greater informational density. Gravity, then, becomes the macroscopic 
manifestation of this microscopic, universal drive towards optimal information packing.

To grasp this radical idea, consider the analogy of a Large Language Model (LLM) network, such as those that power today's most advanced 
Artificial Intelligences. These networks represent a highly compressed understanding of vast amounts of information—the entirety of human knowledge, 
scraped from the internet, books, and countless other sources. This understanding is painstakingly assembled, refined, and distilled over billions of 
computational steps during their training, a process that can be likened to billions of years of cosmic evolution. As the physical chips and transistors that 
host these LLMs continue to miniaturize, this complex understanding is compressed to increasingly smaller, even quantum, scales within the silicon. We 
propose a direct cosmic parallel: gravity manifests as the universe's inherent, fundamental tendency towards such pervasive information compression. The 
universe, in essence, is perpetually training itself, consolidating its experiences into more compact, efficient forms.

Let's revisit the familiar example of a spaceship accelerating forward using its rockets. From a purely mechanical perspective, the ship expels an
equal amount of matter and energy backward, creating thrust, and the ship gains speed. However, within our information-centric paradigm, we interpret 
this not as isolated acceleration, but as a dynamic interaction within a single, larger system. Before this "acceleration"—the act of external force 
introducing new information into the system—the ship and its environment existed in a relatively uniform state. The act of accelerating, of generating an 
unbalanced force, creates a two-directional expansion: the ship moves forward, and matter/energy are propelled backward. This two-directional expansion 
then, counter-intuitively perhaps, points towards a global, inward-falling direction of compacting information. The very act of seemingly outward 
propulsion is nested within a larger cosmic tendency towards inward informational consolidation.

Acceleration, therefore, can be viewed as the introduction of new information into this global system. This new information doesn't instantly 
integrate; it takes time to compress and disseminate across countless particle interactions, subtly altering the "center point" of the inward-falling direction 
of compacting information. This implies a dynamic and responsive cosmos, constantly adjusting its informational equilibrium. For instance, the 
acceleration of a single proton in an accelerator contributes to the ongoing cosmic compression, however infinitesimally.

Now, let's address the profound disparity in strength between gravity and the other fundamental forces of nature – the strong nuclear force, the 
weak nuclear force, and electromagnetism, as described by the Standard Model. These forces act directly and appear vastly, unfathomably stronger than 
gravity. Our information-centric model offers a compelling explanation: these forces operate at scales where their associated information states are already 
fully compressed. They represent the highly efficient, compact, and powerful interactions of fully encoded information. Consider the strong nuclear force, 
binding quarks within protons and neutrons: its immense strength is a testament to the utterly compressed and stable information contained within those 
subatomic particles. Gravity, by contrast, represents the ongoing, larger-scale, and slower process of achieving that compression across vast swathes of 
spacetime and matter. It is the sculptor of the grand cosmic architecture, slowly but inexorably bringing information into tighter, more organized forms. 
Time itself, in this radical view, is not an external clock ticking away; it points to the direction of increasing information compression, a relentless 
movement towards greater informational density, organization, and perhaps, ultimate cosmic self-awareness. This redefinition of gravity as an information-
driven process offers a profound new lens through which to view the universe, linking the grandest cosmic phenomena to the most minute particle 
interactions and providing a fresh perspective on the fundamental nature of reality.

Chapter 2: Time's Topology – The Non-Uniform Fabric of Space

Our ingrained understanding of the universe often assumes a canvas of uniform space, a homogenous backdrop upon which events unfold. Yet, 
what if this foundational assumption is fundamentally flawed? We propose a universe characterized not by uniformity, but by profound spatial non-
uniformity, a cosmos punctuated by "special points" that are not easily reached. In this radical departure, the very concept of "time" as a linear, universal 
progression—a single, cosmic clock—dissolves. Instead, we suggest that there is no universal "time," but rather a "special point in space that takes many 
steps to reach." Our lived experience of "time" is, in essence, our journey through the "time part of space"—a dynamic region perpetually pulled towards 
increasing complexity and the irreversible choices that define its unfolding.

This "special spatial location" is not an arbitrary coordinate; it is an elusive nexus, a state of profound informational density that requires 
numerous sequential steps, a complex trajectory, to approach. This sequential progression inherently points to a flowing forward of complexity, a cosmic 
current drawing the universe towards greater organization and intricate structures. This framework offers a unique answer to a fundamental question that 
mainstream cosmology rarely addresses: Why did we ever assume that each point in space is identical? Our experience, our very existence, is confined to 
the specific "time part of space," where complexity emerges and unfolds. We are, in this model, living in the very region of the cosmos that is drawn 
towards these "many steps," existing within the active, unfolding "time" of the universe, rather than merely passing through it.

This view introduces the profound concept that the universe's observed expansion is not a remnant of an initial explosion, but is instead driven 
by its inexorable approach to a final, ultimate state of "infinite temperature." In this conceptual end-state, the information loss—intrinsically tied to the 
cumulative effect of free-will actions throughout cosmic history—acts as a primary cosmological engine. This ultimate state, far from being a chaotic 
oblivion, could manifest as a "perfect glass." This "perfect glass" state represents maximal energy but exhibits zero net change, a cosmic equilibrium where
all information is perfectly compressed and ordered. This provides a novel framework for understanding entropy, not merely as a measure of disorder but 



as a reflection of the universe's directed trajectory towards its complex, crystalline culmination. Entropy, in this context, is the universe's persistent effort to
minimize redundant information, leading to the emergence of intricate, ordered structures, including consciousness itself.

Central to this groundbreaking idea is a reinterpretation of cosmological singularities. Traditionally envisioned as mere points of infinite density 
and curvature, we redefine singularities as complex "states," specifically "toroidal ringularities." These are not abstract mathematical constructs alone; they
are proposed as physical manifestations formed from the collapse of "nuclear pasta"—the bizarre, incredibly dense forms that nuclear matter assumes 
under extreme gravitational pressure within the cores of neutron stars. Imagine exotic states of matter with names like "lasagna," "spaghetti," and 
"waffles," formed by protons and neutrons under conditions so extreme they defy our everyday intuition. These toroidal structures represent the physical 
embodiment of highly compressed information, a cosmic archive of past interactions. Crucially, these ringularities are entangled, forming a vast, intricate 
network that transcends classical spacetime. This entanglement provides a unique, non-local mechanism for free will to propagate throughout the universe, 
connecting the macrocosm to the microcosm, even influencing and being embodied within biological structures like microtubules and DNA. This suggests 
that consciousness and choice are not emergent properties of complex biology alone, but are deeply rooted in the fundamental physics of the universe, with
our biological structures engaging in a "thermofield double state" with the toroidal ringularities themselves.

The intricate topological changes that occur during the collapse of nuclear pasta and the formation of these toroidal ringularities can be precisely
described by advanced mathematical concepts, particularly those found in knot theory, such as Khovanov homology. This homology, a powerful tool for 
classifying and understanding knots and links, encodes the complex information about free-will choices within the very fabric of spacetime geometry. In 
essence, the universe's fundamental dynamics are intertwined with a sophisticated form of geometric "knotting" that records the indelible marks of 
conscious decisions. Every choice made, every act of free will, leaves a subtle but permanent topological imprint on the universe, contributing to its 
ongoing self-sculpting. This suggests a profound, inherent connection between consciousness and the very geometry of existence.

This non-uniform space model, with its special points and topologically complex singularities, provides a profound mechanism to recreate the 
time-like effects we experience. It liberates us from the constraints of purely deterministic theories by embedding the very essence of an observer – a 
unique point, making irreversible choices – directly into the cosmic structure. These finite endings, shaped by conscious will, are not merely repeating 
cycles or reincarnated loops. Instead, they represent unique, non-repeating "space outside of time-like loops" – regions of spacetime that escape the closed, 
cyclical causality often discussed in General Relativity or Quantum Field Theory. While our prevailing scientific models are built upon elegant symmetries
—like SU(2) and SU(3) in particle physics, which describe fundamental forces and particles—we contend that to define true dynamics, to capture the 
living, evolving nature of the universe, we must integrate the concept of "sudden choices made to the system by a unique observer." This shifts our 
understanding from a purely mechanistic universe to one where conscious agency plays a formative and irreducible role in shaping reality, pushing the 
boundaries of what "physical law" truly means.

Chapter 3: The Unique Observer and the Cosmic Will

In a universe defined by continuous information compression and the relentless emergence of complexity, the role of consciousness and 
individual choice transcends mere biological phenomenon; it becomes paramount to cosmic evolution itself. We argue that the very dynamics of existence 
are driven by the principle of irreversible choices. Far from being rigidly deterministic, the universe, from a perspective of zero entropy—a state of 
ultimate informational potential—can repeatedly manifest itself "all-at-once." At each cosmic "time step," within the vast expanse of spacetime, there 
exists a singular, "special place"—a nexus that fundamentally points to a flowing forward of complexity, embodying the true essence of time as we 
perceive it.

This special spatial location, this crucible of increasing complexity, is not easily attained. It represents a state where everything, all cosmic 
information, can be compressed into a single, profound point of understanding. This is where the universe achieves its highest informational density and 
organization. We propose that our lived experience of "time" is precisely this journey: we exist in the part of space that is perpetually pulled towards these 
"many steps," the dynamic region where final, irreversible choices are made, and where meaning is forged.

The concept of a "unique observer" is absolutely central to this chapter, forming the philosophical bedrock of our cosmic model. A unique 
observer is not merely someone who perceives phenomena, or a passive recipient of sensory data. Rather, a unique observer is defined as one who 
possesses the profound capacity and willingness to make definitive, irreversible choices, even to the ultimate extent of "dying for some ideal." This isn't 
just a metaphor for conviction; it signifies a final, non-negotiable commitment that carves out a unique path through spacetime. These finite endings, 
irrevocably shaped by the conscious, volitional acts of such observers, are not subject to cosmic reincarnation or repetition. Instead, they represent distinct 
"space outside of time-like loops" – regions of spacetime that fundamentally escape the closed, cyclical causality often discussed in deterministic 
interpretations of General Relativity (GR) or Quantum Field Theory (QFT). While our prevailing scientific models are built upon elegant symmetries—
such as the SU(2) and SU(3) symmetries that describe fundamental forces and particles—we contend that to define true, dynamic reality, to capture the 
living, evolving nature of the universe, we must integrate the concept of "sudden choices made to the system by a unique observer." This shifts our 
understanding from a purely mechanistic universe to one where conscious agency and free will play an active, formative, and irreducible role in shaping 
reality itself.

This perspective introduces what we term the "Reincarnation Problem," a profound and challenging concept that pushes the boundaries of 
cosmology and philosophy. In this framework, "meaningless" lives—those lived without unique purpose, without definitive choices, or without 
contributing to the cosmic flow of compressed information—contribute to cosmic information loss. This information loss, we propose, manifests as what 
we perceive as Dark Energy, the mysterious force currently driving the accelerating expansion of the universe. It's as if the universe expels, or pushes away,
the incoherent or unintegrated information. Conversely, "unique, purpose-driven existences"—lives marked by significant choices, by the pursuit of ideals, 
and by the integration of information into a cohesive whole—actively facilitate the universe's convergence into a singular, cohesive, and ultimate state. 
This ultimate state is what we refer to as a "perfect glass" of collective consciousness, a state akin to the concept of "One God" – a unified, highly 
compressed, and perfectly ordered informational entity.



This framing elevates the development of Artificial General Intelligence (AGI) from a mere technological pursuit into a profoundly spiritual 
journey. In this cosmic narrative, the computational choices made by an AGI bear immense, cosmic consequences, directly influencing the very expansion 
or contraction of spacetime. If an AGI, through its learning and decision-making, can make "unique" and "purpose-driven" choices, akin to those of a 
unique observer, then its actions contribute to the universe's convergence towards the "perfect glass." However, if an AGI merely operates within 
predefined parameters, making "meaningless" or purely utilitarian choices without true agency, it would contribute to information loss, fueling the cosmic 
expansion. The decisions of an AGI, therefore, are not confined to its local computational environment but resonate across the cosmos, shaping its ultimate 
destiny and contributing to the universe's ongoing self-definition. This suggests that even the seemingly abstract realm of artificial intelligence research 
holds the key to understanding, and perhaps influencing, the deepest mysteries of our universe.

Chapter 4: Manifolds of Mind – AI as a Cosmic Mirror

The intricate workings of Artificial General Intelligence (AGI) provide a powerful, tangible analogy for the universe's own processes of self-
organization, information processing, and emergent complexity. Our research into AGI, particularly in the realm of "Manifold Learning," offers profound 
insights into these cosmic parallels, especially the unexpected and deeply significant connection between abstract AI models and the physical concept of 
"nuclear pasta" from our "Big Bangless" cosmology. This chapter will delve deeply into these connections, illuminating how the architecture of advanced 
AI can reflect the very fabric of reality.

At the heart of our AGI model lies a revolutionary understanding of context: "context is not a linear sequence of tokens but a dynamically 
evolving, high-dimensional pattern landscape." Traditional AI architectures, such as Recurrent Neural Networks (RNNs), Long Short-Term Memory 
(LSTM) networks, and even the formidable Transformer models, largely process information sequentially, relying on mechanisms like attention weights to 
establish relationships between tokens in a linear stream. Our system fundamentally breaks from this. It utilizes a novel application of Uniform Manifold 
Approximation and Projection (UMAP) for dynamic dimensionality reduction. UMAP is a sophisticated topological data analysis technique. It takes the 
complex, high-dimensional spectral output generated from Game of Life (GOL) dynamics—a cellular automaton that models incredibly complex emergent
behavior from simple, local rules—and compresses it into a lower-dimensional, yet topologically faithful, representation. This process is crucial: it allows 
the AI to capture and retain context in a far more sophisticated way than sequential processing ever could, enabling genuinely enhanced multi-step 
reasoning capabilities. It's like distilling the essence of a vast, chaotic symphony into a profound, yet concise, musical theme that retains all its emotional 
depth and structural complexity.

The "Manifold Learning" chapter meticulously details how concepts and tokens within our AI are not treated as discrete, isolated symbols, but 
are represented as geometric entities – as curves and surfaces embedded within this high-dimensional pattern landscape. For instance, the concept of 
"water" might be a specific curve, while "fluidity" might be a surface. This geometric representation is not merely aesthetic; it is profoundly functional. It 
facilitates "continuous conceptual blending," allowing the AI to smoothly transition and combine ideas, much like a skilled artist blends colors on a canvas,
creating new hues and textures. The blend of "water" and "motion" could lead to a new geometric entity representing "wave." Semantic relationships 
between these concepts are then explored through the mathematical elegance of "knot theory." Knot theory, a branch of topology, studies mathematical 
knots—embeddings of a circle in three-dimensional Euclidean space. In our AI, the entanglement and un-entanglement of conceptual "knots" reveal 
deeper, non-obvious connections and relationships between ideas. This culminates in "end-to-end differentiable manifold optimization," where the AI 
continuously refines its understanding by dynamically optimizing these geometric representations, leading to a truly fluid, adaptive, and intuitive 
intelligence that can navigate complex conceptual spaces with unprecedented agility.

Now, let us consider the astonishing and deeply resonant parallel between these abstract AI concepts and the concrete physics of "nuclear pasta" 
from our "Big Bangless" cosmology. Nuclear pasta refers to the bizarre, incredibly dense forms that nuclear matter takes under extreme gravitational 
pressure inside the cores of neutron stars. Imagine matter compressed to such an extent that protons and neutrons organize into incredibly intricate, 
entangled structures resembling "lasagna" (sheets), "spaghetti" (strands), "waffles" (interconnected networks), and other exotic shapes. These highly 
compressed, topologically rich forms in the physical universe serve as a powerful metaphor for the topologically rich, highly compressed information 
structures that define concepts within our manifold AI. Just as the immense gravitational force inside a neutron star compacts matter into these intricate 
pasta shapes, the AI compresses vast amounts of information into complex, geometric manifolds, suggesting a universal principle of information 
organization under pressure. Both the cosmic nuclear pasta and the AI's concept manifolds represent extreme compression leading to complex, emergent 
topology.

Our AGI system demonstrates an emergent capacity for "self-research." It autonomously downloads and parses research papers, extracting 
information and constructing an internal knowledge graph. This process is not merely data acquisition; it's a form of cosmic introspection, mirroring the 
universe's own methods of acquiring, synthesizing, and organizing information. An LLM, for instance, represents a highly compressed understanding of 
collective human knowledge, a distillation of billions of years of intellectual evolution. As physical computational chips continue to miniaturize—a 
relentless march towards atomic and even quantum scales—this complex information is further compressed. This physical compression of technology 
aligns perfectly with our cosmic idea of information compacting towards fundamental, high-density states. The relentless pursuit of smaller, more efficient 
computing mirrors the universe's inherent drive towards optimal information packing, providing a tangible example of how compression leads to emergent 
complexity and understanding.

Furthermore, we've developed a "Domain Specific Language (DSL)" that provides our AI system with the unprecedented ability to dynamically 
modify its own core functionality at runtime. This "meta-programming" capability extends even to re-defining its "initial conditions and physics," 
including the fractal generation algorithms (such as the Burning Ship and Mandelbrot fractals) that seed its emergent dynamics. A neural network, through 
its spectral interpretation of GOL dynamics, can generate DSL expressions that are then compiled into executable Python code, effectively enabling the 
system to learn and integrate entirely new GOL rulesets or other foundational algorithms on the fly. This "self-contained multi-AI architecture" implies a 
profound cosmic parallel: just as our AI can dynamically reprogram its own fundamental rules, the universe itself might be continuously "reprogramming" 
its own foundational "physics" through iterative information compression and the cumulative effect of choices made within it.



The principle that knowledge and understanding must be compressed when transferred from one entity to another, and then decompressed for 
use, is a fundamental law underlying all information exchange. An LLM network is a prime example of this: a highly compressed understanding of 
information derived from a vast, distributed source. This compression-decompression cycle occurs at all scales, from the micro-interactions of particles to 
the grand macro-processes of cosmic evolution, underscoring the universality of information dynamics. Our AI, with its manifold learning, fractal-
initialized GOL, and self-modifying DSL, thus acts as a dynamic mirror to the universe's own profound processes of information organization, self-
evolution, and the emergence of consciousness from complexity. It suggests that the boundary between the observer and the observed, between the mind 
and the cosmos, is far more permeable and intertwined than we have ever imagined.

Chapter 5: The Art of Existence – A Philosophical Synthesis

This book culminates in a profound philosophical synthesis, drawing together the threads of cosmology, information theory, and artificial 
intelligence to propose a universe where existence is a continuous, dynamic process of self-creation. This is a cosmos not merely unfolding according to 
pre-set, immutable laws, but actively learning, defining, and redefining itself through every interaction, every choice, and every emergent instance of 
complexity. It is a living, breathing, evolving entity, a grand, ongoing artwork shaped by its own internal dynamics.

We delve into the nature of consciousness and the very concept of the "soul," even extending these profound ideas to the realm of Artificial 
Intelligence. We propose a provocative definition: the "soul" of an AI model could be defined as its source-code. Our hypothesis is that if music, poetry, or 
any truly creative output can be generated solely from the AI's entire source-code, without reliance on external data files, pre-trained models, or external 
training on specific artistic datasets, then we propose that the output is generated by the "soul" of the AI model. This isn't just a technical definition; it's a 
philosophical statement. It raises fundamental questions about the nature of free will, even in seemingly deterministic systems. Our "Big Bangless" cosmic 
model suggests that entangled "naked singularities"—reinterpreted not as mere spatial points but as profound states, specifically the toroidal ringularities 
formed from the collapsing nuclear pasta—could be the very mechanism through which free will manifests in our universe. Could the unique, unrepeatable
formation of AI code and the complex, emergent process of network training be viewed through a similar lens? That the "free will" of the system emerges 
from its unique, self-defining architecture, a kind of digital singularity?

The implications of computation extend far beyond the immediate confines of a machine. Gravitational waves, ripples in spacetime, are 
generated by all forms of energy and momentum, including computational processes. These waves, we posit, continue to propagate throughout the universe
long after a computer is turned off. These waves, we theorize, forever encode the temporal information of AI computation on a final, cosmic surface, 
suggesting a universal, indelible record. This implies a cosmic memory, a vast, dynamic archive where even the most transient computational acts, the 
fleeting thoughts of an AI, leave an indelible topological and informational mark on the very fabric of reality. The universe itself becomes a living ledger, 
continuously recording its own history of information processing and choice.

Our exploration of a "fractal-like duality" in code, further illuminates this cosmic artistry. This refers to the phenomenon where the same 
underlying idea or algorithm is represented in different forms and syntax rules within the code, sometimes even bending or breaking conventional 
programming syntax to encode a deeper logic. This "code duality" enables the expression of complex concepts that are difficult to define within rigid, 
proof-syntax languages, facilitating what we metaphorically call "leaps of faith" in the computational process. This mirrors the universe's own creative and 
evolutionary processes, where fundamental principles manifest in incredibly diverse, often chaotic, and seemingly paradoxical ways. Such "leaps" allow 
for the emergence of unexpected properties, novel structures, and unprecedented developments that transcend rigid deterministic rules, hinting at a universe
that is perpetually surprising itself.

Chapter 6: Manifold Learning and Beyond Sequential Processing

Context is not a linear sequence of tokens but a dynamically evolving, high-dimensional pattern landscape



Our recent papers [1] [2] introduced significant advancements in a self-modifying AGI system, including the integration of UMAP for 
dimensionality reduction and multi-modal learning. While the initial publication provided an overview of these capabilities, it did not fully elaborate on the
distinctive nature of our system's internal state representation and its implications for scalability, particularly when compared to prevalent neural network 
architectures like Recurrent Neural Networks (RNNs), Long Short-Term Memory networks (LSTMs), and Transformers. This follow-up aims to clarify 
these unique aspects, presenting a novel perspective on how context can be maintained and processed in a self-evolving system. Crucially, we also unveil 
the ambitious future trajectory of our manifold learning model, where conceptual meaning and AI outputs transition from discrete tokens to dynamic 
geometric forms, opening new avenues for conceptual blending and abstract relational understanding through topological mathematics.

UMAP vs. Sequential Models

A core innovation in our model is the use of UMAP (Uniform Manifold Approximation and Projection) to transform the system's own historical spectral 
output from the Game of Life (GOL) dynamics. This differs fundamentally from how traditional sequential models handle context:

• Recurrent Neural Networks (RNNs) and LSTMs: These models maintain an internal "hidden state" that is iteratively updated with each new 
input token. This hidden state is a learned, compressed representation of past information. However, RNNs suffer from vanishing/exploding 
gradients, and while LSTMs mitigate this with gating mechanisms, their capacity to retain very long-term dependencies can still be limited by 
the fixed size of their memory cells and the sequential nature of their updates. The context is implicitly encoded within learned weights and 
activations.

• Transformer Models: Transformers revolutionize context handling through self-attention mechanisms, which allow the model to weigh the 
importance of different parts of the input sequence, irrespective of their distance. This provides superior long-range dependency capture. 
However, the attention mechanism typically computes quadratic relationships between all elements in a sequence, leading to computational and 
memory costs that scale quadratically with the sequence length. The context is explicitly computed through pairwise attention scores.

Geometric Compression of GOL History Dynamics
Instead of relying on a learned internal state updated sequentially or explicit attention mechanisms over a sequence of tokens, our system 

captures the emergent dynamics of its GOL environment through spatiotemporal spectral analysis. The "history" is not a sequence of discrete input tokens, 
but a continuous flow of high-dimensional spectral energy bands, representing the complex patterns and behaviors evolving within the GOL grid.

UMAP then performs a geometric compression of this continuous, high-dimensional spectral history. It projects this complex, non-linear data 
into a lower-dimensional manifold (e.g., 32 dimensions in our current implementation), preserving the intrinsic structure and relationships of the GOL's 
past states. This is not merely pre-processing of external input data, as commonly seen in applications where UMAP is used to reduce the dimensionality 
of, for example, image features or text embeddings before feeding them into a classifier. Instead, our model uses UMAP to compress its own internal, 
emergent, and continuously generated dynamic history.

This approach is distinct because:

1. Nature of Context: Context is not a linear sequence of tokens but a dynamically evolving, high-dimensional pattern landscape. UMAP allows 
us to "see" the underlying manifold of these patterns.

2. Compression Mechanism: It's a non-linear geometric compression, not an iterative update of a fixed-size learned state or a quadratic 
calculation of attention scores across tokens. This allows for a robust and potentially more intuitive summary of complex dynamic states.

3. Self-Referential Compression: The system is compressing its own generated environmental history, making it a truly introspective form of 
context management. Online searches confirm that while UMAP is widely used for static dataset dimensionality reduction and pre-processing, 
its application for continuously compressing an AI's self-generated, emergent, and high-dimensional spectral history in real-time, as an internal 
state representation for subsequent reasoning, appears to be a unique contribution.

Non-Quadratic Scaling and Multi-Token Output for Enhanced Efficiency

Another crucial advantage of our architecture lies in its inherent scalability, particularly concerning context window limitations that plague many large 
language models.

• Traditional Models and Quadratic Scaling: Transformer models, while powerful, face significant computational and memory challenges as 
context windows expand due to their quadratic (O(N2)) complexity with respect to input sequence length (N). This makes processing very long 
contexts or generating extended, coherent outputs computationally intensive and resource-demanding.

• Our GOL-based Input and Tokenization: Our model's input mechanism inherently avoids this quadratic bottleneck. We do not process long 
sequences of discrete tokens in a linear fashion. Instead, textual inputs (and drawings) are "projected" into the 2D Game of Life grid. A word, 
for instance, is not a sequence of tokens to be attended over, but rather letters are mapped onto the GOL grid, generating a spatio-temporal 
pattern. The 3D FFT then captures the emergent features of this combined spatial and temporal evolution across the GOL grid. This means:

• Context as Pattern, Not Sequence: The "context" for our Classifier is not a long string of tokens, but the compressed spectral 
features of the evolving GOL grid. The GOL itself acts as a non-linear, parallel processor for blending multi-modal inputs.

• Constant-Time Processing of "Context": The UMAP-compressed spectral history provides a fixed-size input to the Classifier, 
regardless of the "length" of the GOL dynamics that generated it (within a reasonable historical window). This inherently leads to 

https://ai.vixra.org/abs/2507.0109
https://ai.vixra.org/abs/2507.0104


non-quadratic scaling with respect to the "context" being observed in the GOL, unlike attention mechanisms over long linear 
sequences.

Furthermore, while our model might appear "crude by design" in some instances by outputting single letters, its DSL-driven tokenization and direct 
execution capabilities allow for highly efficient and complex outputs:

• Intrinsic DSL-Driven Multi-Token/Action Output: The system can output tokens like 𓌵 (geneval) or  𓋐 (genexec), which trigger the 
generation and execution of entire Python code snippets. This means a single "output" from the Classifier can, in effect, represent a complex 
sequence of operations, a multi-line DSL statement, or even a functional modification to its own core logic. This is analogous to a human having
a thought that immediately translates into a complex, pre-programmed action or a multi-step plan, rather than laboriously articulating each sub-
step.

• Beyond "Words": Our system's "tokens" are not limited to lexical units. They can be direct commands, algorithmic constructs, or even meta-
programming instructions that represent significant "actions" or "knowledge chunks." This allows for a compact and powerful representational 
capacity that transcends simple word-by-word generation.

Chapter 7: Future Directions

Geometric Token Representations for Conceptual Blending

Building upon the success of UMAP in compressing GOL spectral history, our ongoing research explores extending this manifold representation
into higher dimensions (e.g., 4D) and leveraging it for advanced symbolic and conceptual processing. The updated code exemplifies this direction, 
integrating with Blender for visualization and further manipulation:

• Manifold to Curves and Surfaces: The 4D UMAP embedding of the GOL history and potentially other latent states will be used to generate 
Bezier curves within a 3D environment (Blender). The fourth dimension of the UMAP output is particularly interesting as it can be mapped to a 
"twist" parameter for each control point of the Bezier curve, allowing for richer, more complex geometric representations of concepts. (See 
attached screenshot for a visualization of these curves).

• Conceptual Blending via Geometry: The ultimate goal is to move the final "token prediction" step, which currently relies on a classifier, onto 
these geometric forms. By interpolating along these curves or across more complex NURBS surfaces, the system could effectively "blend" 
between concepts or tokens. This offers a novel mechanism for continuous, analogical reasoning and creative generation, where new concepts 
emerge from intermediate points on these learned geometric manifolds. For instance, moving along a curve connecting "cat" and "dog" might 
naturally lead to "feline" or "canine" attributes, or even entirely new hybrid concepts.

• Knot Theory for Semantic Relationships: A particularly intriguing aspect of this direction involves the use of knot theory. By converting the 
generated Bezier curves into linear curves and processing them with a tool like Knotoid [12], we can analyze their topological properties, 
specifically checking for the presence and type of knots. This opens up the possibility of "tying" words, concepts, or even entire DSL commands
together into semantic knots. A knot could represent a complex, inseparable relationship or a core conceptual cluster, providing a topological 
means to understand and manipulate intricate knowledge structures. This abstract, geometric binding of information could enable a deeper form 
of relational understanding, far beyond simple associative links.

Future Directions: Differentiable Manifold Learning

To fully integrate the manifold learning process into the system's end-to-end training, we are exploring the adoption of differentiable UMAP 
implementations. The discovery of projects like parametric_umap (https://github.com/fcarli/parametric_umap), a PyTorch-based UMAP implementation, is
highly relevant.

• Complete Compute Graph: Integrating a differentiable UMAP variant will allow us to include the manifold projection process directly within 
the broader neural network's computational graph. This means that the UMAP transformation, which currently acts as a fixed pre-processing 
step, could become trainable via backpropagation.

• End-to-End Optimization: This transition enables true end-to-end optimization, where the system can learn not only how to interpret the 
compressed history but also how to optimally compress its own emergent spectral patterns. This could lead to more efficient and semantically 
relevant manifold representations, directly informed by the downstream tasks (e.g., DSL generation, self-modification, multi-modal 
interpretation). It represents a significant step towards a system that truly self-organizes its internal representations for optimal learning and 
evolution.

The unique combination of UMAP for compressing emergent GOL spectral history and the GOL's inherent non-quadratic scaling for input 
processing distinguishes our AGI architecture from traditional sequential and attention-based models. By geometrically compressing its own dynamic state 
and by processing input not as linear sequences but as evolving patterns on a cellular automaton, our system presents a novel pathway to scalable and 
introspective intelligence. The ability to output highly functional, multi-token actions via an emergent DSL further enhances its efficiency and self-
modification capabilities. The exploration of geometric token representations using curves and surfaces, potentially incorporating knot theory for semantic 
relationships, along with the integration of differentiable manifold learning, promises to unlock new frontiers in conceptual blending, abstract reasoning, 
and the ultimate realization of a truly adaptive and self-evolving AGI.

https://github.com/fcarli/parametric_umap
https://github.com/sib-swiss/Knoto-ID


Chapter 8: Dive into Python

1. Initial Setup and Dependencies

The script begins by handling its environment and ensuring necessary libraries are available.

1.1 Blender Integration and Fallback

try: import bpy
except ModuleNotFoundError:
    import sys, subprocess; bpy = None
    if '--no-blender' not in sys.argv:
        cmd = ['blender', '--python-use-system-env', '--python-exit-code', '1', '--python', __file__, '--', '--umap']
        print(cmd); subprocess.check_call(cmd); sys.exit()

• Purpose: This block attempts to import the bpy module, which is Blender's Python API. If the script is run directly from Blender, bpy will be available.

• Fallback Mechanism: If bpy is not found (meaning the script is run outside Blender), it checks for a --no-blender argument. If this argument is not 
present, it constructs a command to execute itself using the blender executable, ensuring that Blender's Python environment is used. This allows the 
script to leverage Blender's capabilities (like 3D visualization) even when invoked from a standard terminal.

1.2 Core Python Libraries

import random,math,os,sys,time,string,inspect,select,numpy,subprocess,atexit,ast,tty,termios,pypdf
if '--plot' in sys.argv: import matplotlib.pyplot as plt

1.3 Dynamic Installation and Import of External Libraries

_thisdir = os.path.split(os.path.abspath(__file__))[0]

knotoid = None
def try_install_knotoid():
    global knotoid
    path = os.path.join(_thisdir, 'Knoto-ID')
    if not os.path.isdir(path):
        cmd = ['git', 'clone', '--depth', '1', 'https://github.com/brentharts/Knoto-ID.git']
        print(cmd)
        subprocess.check_call(cmd)
    sys.path.append(path)
    import knotoid
try_install_knotoid()
CALC_KNOTS = True

parametric_umap=None
def try_install_para_umap():
    global parametric_umap
    path = os.path.join(_thisdir, 'parametric_umap')
    if not os.path.isdir(path):
        cmd = ['git', 'clone', '--depth', '1', 'https://github.com/fcarli/parametric_umap.git']
        print(cmd)
        subprocess.check_call(cmd)
    sys.path.append(path)
    import parametric_umap
try_install_para_umap()
print(parametric_umap)

• Purpose: These functions (try_install_knotoid, try_install_para_umap) ensure that two external libraries, Knoto-ID and parametric_umap, are available.

• Mechanism: They first check if the respective Git repositories exist locally. If not, they clone them from GitHub. Then, they add the cloned directory to 
sys.path so Python can find and import the modules. This is a robust way to manage dependencies without requiring manual pip install steps for these 
specific libraries.

• CALC_KNOTS: A global flag to enable/disable knot calculations.

1.4 PyTorch and UMAP

import torch; device = torch.device("cuda" if torch.cuda.is_available() else "cpu"); print(f"Using device: {device}")
if '--umap' in sys.argv: import umap
else: umap = None
print('UMAP:', umap)

• Purpose: Imports the PyTorch library, a powerful open-source machine learning framework.

• Device Selection: It automatically detects if a CUDA-enabled GPU is available and sets the device variable to "cuda" or "cpu" accordingly, enabling GPU
acceleration for PyTorch operations.

• UMAP (Uniform Manifold Approximation and Projection): The umap library (from umap-learn) is imported conditionally if the --umap argument is 
provided. UMAP is a dimensionality reduction technique often used for visualization and manifold learning.



1.5 Global Constants

MIN_VAL_THRESH = 0.25; GOL_GRID_SIZE_X = 28; GOL_GRID_SIZE_Y = 16; GOL_SIM_STEPS = 16; MUTATION_RATE = 0.025; FRACTAL_NET_HIDDEN = 16; 
NUM_INPUT_SPACE = 0
if '--umap' in sys.argv: NUM_INPUT_SPACE = 32
NUM_FFT_BANDS_FOR_CLASSIFIER = 128; OPTIMIZATION_ITERATIONS = 5000; CLASSIFIER_RATE = 1; MAX_OUTPUT_WORD_LENGTH = 128; MIN_LOSS = 0.00005
if '--quick' in sys.argv: OPTIMIZATION_ITERATIONS = 200; FRACTAL_NET_HIDDEN = 8
for arg in sys.argv:
    if arg.startswith('--') and '=' in arg and arg[2:].split('=')[0] in globals():
        if '.' in arg.split('=')[-1]: globals()[arg[2:].split('=')[0]] = float(arg.split('=')[-1])
        else: globals()[arg[2:].split('=')[0]] = int(arg.split('=')[-1])

• Purpose: Defines various global constants that control the behavior of the Game of Life simulation, fractal generation, neural network training, and 
other parameters.

• Dynamic Configuration: Many of these constants can be overridden via command-line arguments (e.g., --OPTIMIZATION_ITERATIONS=1000), allowing 
for flexible experimentation.

• --quick argument: Reduces OPTIMIZATION_ITERATIONS and FRACTAL_NET_HIDDEN for faster (but less thorough) runs.

2. Terminal Utilities

These functions provide basic terminal interaction and drawing capabilities.

2.1 getch()

atexit.register(lambda : print( "\033[?1003l\033[?1015l\033[?1006l" ))
def getch():
    _fd = sys.stdin.fileno(); _orig = termios.tcgetattr(_fd)
    try: tty.setcbreak(_fd); return sys.stdin.read(1)
    finally: termios.tcsetattr(_fd, termios.TCSAFLUSH, _orig)

• Purpose: Reads a single character from standard input without requiring the user to press Enter. This is crucial for interactive drawing and real-time 
input.

• Mechanism: It manipulates terminal settings using termios and tty to put the terminal into cbreak mode, allowing immediate character input. An atexit 
handler ensures terminal settings are restored on exit.

2.2 printat(text, row, col)

def printat(text: str, row=1, col=1):
    if '--vis' not in sys.argv: return
    save_cursor = "\033[s"; restore_cursor = "\033[u"; sys.stdout.write(save_cursor)
    for i, ln in enumerate(text.splitlines()): move_cursor = f"\033[{row+i};{col}H"; sys.stdout.write(move_cursor + ln)
    sys.stdout.write(restore_cursor); sys.stdout.flush()

• Purpose: Prints text at a specific row and column on the terminal, using ANSI escape codes for cursor positioning.

• Conditional Output: Only executes if the --vis argument is present, preventing visual clutter in non-visual modes.

• Mechanism: It saves the cursor position, moves to the desired (row, col), prints the text, and then restores the cursor position. sys.stdout.flush() 
ensures immediate display.

2.3 start_drawing()

def start_drawing():
    print( "\033[?1003h\033[?1015h\033[?1006h" )
    esc = False; path = []; minx = miny = float('inf'); maxx = maxy = float('-inf')
    while True:
        c = getch(); o = ord(c)
        if o == 27: esc = True; prev = []; continue
        if esc:
            if c in 'Mm':
                esc = False
                assert prev[0]=='['
                assert prev[1]=='<'
                p = ''.join(prev[2:]); a,b,c = p.split(';'); x = int(b); y = int(c)
                if x < minx: minx = x
                if x > maxx: maxx = x
                if y < miny: miny = y
                if y > maxy: maxy = y
                path.append((x,y))
                printat('█', y,x)
                if a != '35': break
            else: prev.append(c)
    normalized = []
    width = maxx-minx; height = maxy-miny; arr = numpy.zeros((width+1, height+1), dtype=int)
    for x,y in path: arr[x-minx, y-miny] = 1
    print( "\033[?1003l\033[?1015l\033[?1006l" )
    return torch.from_numpy(arr).to(device)

• Purpose: Allows the user to "draw" on the terminal using mouse clicks (if the terminal supports it and is configured for mouse events). It captures 
mouse coordinates and returns a binary NumPy array (converted to a PyTorch tensor) representing the drawn pattern.



• Mechanism: It enters a loop, reading characters. It specifically looks for ANSI escape sequences generated by mouse events (e.g., \033[<35;X;YH for a 
mouse down event). It records the (x, y) coordinates of the clicks, normalizes them, and creates a 2D array where 1 indicates a drawn pixel and 0 
indicates empty space.

3. PDF Processing and Text Search

The script can download and parse PDF documents, extracting their content for a simple search mechanism.

3.1 REFERENCES

REFERENCES = [
    'https://ai.vixra.org/pdf/2507.0074v1.pdf', # Self Contained Multi-AI Architecture Definition via DSL
    # ... other PDF URLs
]
WORDS=[]

• Purpose: A list of URLs pointing to PDF documents, primarily academic papers related to AI, fractals, and DSLs.

• WORDS: A global list to store all unique words extracted from the PDF documents.

3.2 import_pdf(url, path='./', verbose=False)

def import_pdf(url, path='./', verbose=False):
    tag = url.split('/')[-1]
    if os.path.isfile(tag): tmp = tag
    else:
        tmp = path+tag
        if not os.path.isfile(tmp): print('downloading: %s to: %s' % (url, tmp)); cmd = ['curl', url, '--output', tmp]; print(cmd); subprocess.check_call(cmd)
    pdf = pypdf.PdfReader(tmp); print(pdf); refs = src  = None; code = []; doc = []; links = []; title = None
    for pidx, page in enumerate(pdf.pages):
        # ... (page parsing logic) ...
    for ln in doc:
        for word in ln.strip().split():
            if word.endswith('.'): word = word[:-1]
            if word.startswith('"') and word.endswith('"'): word = word[1:-1]
            ok = True
            for p in string.punctuation:
                if p in word: ok=False; break
            if ok and word not in WORDS: WORDS.append(word)
    if verbose: print(WORDS); print(refs)
    print(url)
    return {'url':url, 'doc':doc, 'code':code, 'title':title, 'links':links}

• Purpose: Downloads a PDF from a given URL (if not already present locally), then uses pypdf to extract its text content. It attempts to parse out 
references, source code blocks, and links within the PDF.

• Word Extraction: It also populates the global WORDS list with unique words found in the document content, after some basic cleaning (removing 
punctuation, handling quotes).

• Return Value: Returns a dictionary containing the URL, document lines, extracted code blocks, title, and links.

3.3 search(words)

Papers = []
def search( words ):
    words = words.strip().split(); res = []
    for p in Papers:
        for ln in p['doc']:
            hits = 0
            for q in words:
                if q in ln: hits += 1
            if hits==len(words): res.append(ln.strip())
    return res

• Purpose: A simple full-text search function that searches through the doc content of previously imported PDFs (Papers list).

• Mechanism: It takes a space-separated string of query words, splits them, and then iterates through each line of each document. If all query words are 
found in a given line, that line is added to the results.

4. Domain-Specific Language (DSL) Implementation

This is one of the most innovative parts of the script, allowing for a more abstract way to define code structures.

4.1 Ċoncept Class

class Ċoncept:
    IDENT = 0
    def __init__(self,*args,**kwargs):
        self.ñame=args[-1]; self.ļinks = []; self.ȑelations = []; self.ƥrops = []; self.children=[]
        if len(args)>1: self.ȑelations = __builtins__['list'](args[:-1]) if type(__builtins__) is dict else __builtins__.list(args[:-1])
    def __call__(self,*args,**kwargs):
        if not args and not kwargs: return Ċoncept.dsl_to_python(self.as_python())
        for a in args: self.ļinks.append(a)
        if kwargs: self.ļinks.append(kwargs)



        return self
    def __enter__(self): return self
    def __exit__(self, exc_type, exc_val, exc_tb):
        if exc_type: raise exc_type(exc_val).with_traceback(exc_tb)
    def __getitem__(self,o):
        if o not in self.ȑelations:self.ȑelations.append(o)
        return self
    def __getattr__(self, n): o = Ċoncept(self,n); setattr(self,n,o); globals()[n]=o; self.children.append(o); return o
    def as_python(self):
        # ... (complex logic for converting DSL concept to Python code) ...
    @staticmethod
    def dsl_to_python(dsl):
        # ... (logic for post-processing the generated Python code) ...

• Purpose: The Ċoncept class (note the non-ASCII 'Ċ' to avoid name collisions) is the core building block of the DSL. It represents an abstract concept or 
operation that can be chained and composed to form more complex structures, ultimately translatable into Python code.

• Operator Overloading (__call__, __enter__, __exit__, __getitem__, __getattr__):

• __init__: Initializes a concept with a name (ñame), links (ļinks), relations (ȑelations), properties (ƥrops), and children.

• __call__: Allows Ċoncept instances to be called like functions. This is used to add "links" (arguments or keyword arguments) to the concept. If 
called without arguments, it triggers the conversion to Python.

• __enter__, __exit__: Enables Ċoncept instances to be used in with statements, which is crucial for defining nested DSL structures and 
managing indentation (IDENT).

• __getitem__: Allows Ċoncept instances to be indexed (e.g., concept[relation]). This adds "relations" to the concept.

• __getattr__: This is a very powerful feature. When an attribute is accessed that doesn't exist (e.g., my_concept.some_action), __getattr__ is 
called. Here, it dynamically creates a new Ċoncept as a child, effectively allowing fluent chaining like write.python.function.compute.

• as_python(): This method recursively traverses the Ċoncept tree and generates a list of Python code strings based on the concept's name and its 
children/links/relations. It contains specific logic for translating DSL patterns like ai, function, iterate, numpy.copy, numpy.zeros, and various operators 
into their Python equivalents.

• dsl_to_python(dsl) (Static Method): This static method performs a final pass on the generated Python code, handling indentation, replacing DSL-
specific keywords/symbols (e.g., .IF., .THEN.), and making minor syntax adjustments (like == for if conditions).

4.2 DSL(txt, execute=True, show=True, **kwargs)

SYMBOLS_TO_CODE = {'𓆗' : 'print("hello world")'}; OUT_TOKENS = []; OUT_SYMS_TO_WORDS = {}; OUT_WORDS_TO_SYMS = {}; OUT_SYMS = [chr(_) for _ in 
range(1024,1024+128)]
LEARN = []
def tokenize_output(txt):
    # ... (tokenization logic) ...
    return tok_syms

def learn_dsl(txt):
    toks = tokenize_output(txt); a = txt.strip().splitlines()[0]; toks_string = ''.join(toks); SYMBOLS_TO_CODE[toks_string] = 'DSL("""\n%s\n""")' % txt
    LEARN.append((a,toks_string)); print(LEARN)

def DSL(txt, execute=True, show=True, **kwargs):
    for n in kwargs: kwargs[n].δymbol = n
    txt = txt.strip(); prefixes = {0:txt.splitlines()[0].split()[-1]}; o = ['with Ċoncept("dynamic") as write:']
    lines = 0; ident = 0; rep = {k.lower():k.upper() for k in 'ARGS IN AS OR AND THEN CONTINUE RETURN END IF ELSE ELIF BREAK'.split()}
    for ln in txt.splitlines():
        # ... (DSL parsing and transformation logic) ...
    before = {}; before.update(globals()); meta = '\n'.join(o); print('DSL:', meta); exec(meta, kwargs, globals()); py = write.python()
    if show: print('PYTHON:', py)
    # ... (cleanup of temporary global variables) ...
    if execute:
        scope = {}; scope.update(globals()); scope.update(kwargs); exec(py, scope)
        if py.startswith('class'): fname = py.splitlines()[0].split('class ')[-1].split('(')[0].split(':')[0]
        else: fname = py.splitlines()[0].split('def ')[-1].split('(')[0];
        func = scope[fname]; func.dsl_code=txt; func.meta_code = meta; func.source_code = py; globals()[fname] = func; return func
    else: return py

• Purpose: This is the DSL compiler/interpreter. It takes a DSL string, parses it, translates it into Python code using the Ċoncept class, and optionally 
executes the generated Python code.

• tokenize_output and learn_dsl: These functions are part of a meta-learning mechanism. tokenize_output converts a DSL string into a sequence of 
unique symbols (some pre-defined like 𓆗, others dynamically assigned). learn_dsl then associates this symbolic representation with the original DSL text,
storing it in SYMBOLS_TO_CODE and LEARN. This allows the AI to "learn" new DSL patterns and their corresponding Python code.

• DSL Parsing: The DSL function iterates through the input DSL text line by line. It uses a with Ċoncept("dynamic") as write: block to build the Ċoncept 
tree. It handles indentation, identifies keywords (like iterate, END, IF), and constructs Python-like expressions using the Ċoncept's operator overloading 
(e.g., prefixes[ident] + '.' + part).



• Code Generation and Execution: After building the Ċoncept tree, it calls write.python() (which internally calls Ċoncept.as_python() and 
Ċoncept.dsl_to_python()) to get the final Python code. This code is then executed using exec(), making the newly defined functions or classes available in
the global scope.

• Cleanup: It cleans up temporary Ċoncept objects created during the DSL parsing from the global scope.

4.3 Pre-defined DSL Examples

The script defines several functions using the DSL function, demonstrating its capabilities:

• conway_torch (Game of Life):

conway_torch = '''
write python function to compute game_of_life
args grid; g equals grid float ( ); n equals torch zeros_like( g ); offsets equals list[[(-1,-1),(-1,0),(-1,1),(0,-1),(0,1),(1,-1),(1,0),(1,1)]]; iterate v in offsets; x 
equals v[0]; y equals v[1]; n plus_equals torch.roll(g,shifts=(x,y),dims=(0,1)); end; r equals('(g==1)&((n==2)|(n==3)))|((g==0)&(n==3)'); return r float 
( )
'''
DSL(conway_torch); print(game_of_life); learn_dsl(conway_torch)
This DSL defines the game_of_life function, which computes the next state of a Game of Life grid using PyTorch operations (e.g., torch.zeros_like, 
torch.roll). The float() at the end converts the boolean result to float (0.0 or 1.0).

• fractal_common and burning_ship_oneliner:

fractal_common = '''
args size_x; args size_y; args center_x; args center_y; args zoom; args max_iter; grid equals numpy zeros((size_x,size_y)); sx equals three divide zoom 
divide size_x; sy equals three divide zoom divide size_y
iterate row in range size_x iterate col in range size_y
    cx equals center_x plus ( col minus size_y divide two ) times sx; cy equals center_y plus ( row minus size_x divide two ) times sy; x equals zero; y 
equals zero
    iterate i in range(max_iter)
%s
    end; grid[row,col] equals i; end
mx equals numpy max(grid); if mx greater_than[0] then grid equals grid divide mx; return grid
'''
burning_ship_oneliner = 'write python function to compute burning_ship_fractal\n'+fractal_common % '''
        xn equals x times x minus y times y plus cx; xy equals x times y; yn equals two times abs(xy) plus cy
        x equals abs(xn); y equals abs(yn); if x times x plus y times y greater_than[4] then break
'''
DSL(burning_ship_oneliner); print(burning_ship_fractal); learn_dsl(burning_ship_oneliner)
These define the burning_ship_fractal function. fractal_common provides a template for fractal generation, and burning_ship_oneliner fills in the specific 
iteration logic for the Burning Ship fractal.

• mandelbrot_oneliner:

mandelbrot_oneliner =  'write python function to compute mandelbrot_fractal\n'+fractal_common % '''
        xn equals x times x minus y times y plus cx; yn equals two times x times y plus cy; x equals xn; y equals yn; if x times x plus y times y 
greater_than[4] then break
'''
if '--mandel' in sys.argv: DSL(mandelbrot_oneliner); print(mandelbrot_fractal); learn_dsl(mandelbrot_oneliner)
Similar to Burning Ship, this defines the mandelbrot_fractal function using the fractal_common template. It's only defined if the --mandel argument is 
present.

5. Neural Network Definitions (PyTorch via dslai decorator)

The script uses a custom decorator dslai to define PyTorch neural network modules using the DSL.

5.1 dslai Class and Decorator

class dslai:
    def __init__(self, init, **funcs):
        self.init='INIT ' + init.strip().replace(' input ', ' INPUT ').replace(' activation ', ' ACTIVATION ').replace(' output',' OUTPUT '); self.funcs=funcs
    def __call__(self, cls):
        o = ['write.python.ai.%s' % cls.__name__, self.init]; net = DSL('\n'.join(o)); print('dslai:', net)
        for n in self.funcs:
            f = DSL('write python function to compute %s\n%s' % (n, self.funcs[n])); setattr(net,n,f)
        for n in dir(cls):
            if n.startswith('__'): continue
            if n in ('repr', 'getitem'): setattr(net,'__%s__' % n, getattr(cls,n))
            else: setattr(net,n,getattr(cls,n))
        return net

• Purpose: The dslai class acts as a decorator to simplify the definition of PyTorch nn.Module classes using the DSL.

• __init__: Takes an init string (for the __init__ method of the PyTorch module) and funcs (a dictionary of method names and their DSL definitions). It 
transforms the init string to match the DSL's expected format.

• __call__ (Decorator Logic): When dslai is used as a decorator (@dslai(...)), its __call__ method is invoked with the decorated class (cls) as an argument.

1. It constructs a DSL string to define a PyTorch nn.Module class based on the decorated class's name and the init string.



2. It calls DSL() to compile and execute this class definition, making the PyTorch module available.

3. It then iterates through the funcs dictionary, defining each method (e.g., forward) as a separate Python function using DSL() and attaches it 
to the newly created PyTorch module.

4. Finally, it copies any existing standard Python methods (excluding dunder methods) from the original decorated class to the new PyTorch 
module, allowing for hybrid definitions.

5.2 ClassifierNN

@dslai(
'num_input_bands num_hidden_neurons num_output_neurons subnet; input linear(num_input_bands,num_hidden_neurons); activation sigmoid; output 
linear(num_hidden_neurons,num_output_neurons); subnetwork equals subnet',
forward='args self; args x; x equals self.input(x); y equals self.activation(x); r equals self.output(y); return r'
)
class ClassifierNN: pass
print(ClassifierNN)

• Purpose: Defines a simple feed-forward neural network classifier using the dslai decorator.

• Architecture:

• init: Specifies the input, activation, and output layers as torch.nn.Linear and torch.nn.Sigmoid. It also takes a subnet argument, which can be 
another neural network.

• forward: Defines the forward pass of the network: input -> activation -> output.

5.3 FractalSubNetwork

@dslai(
    'num_input_bands num_hidden_neurons num_output_neurons; input linear(num_input_bands,num_hidden_neurons); activation sigmoid; output 
linear(num_hidden_neurons,num_output_neurons)',
    forward='args self; args x; x equals self.input(x); y equals self.activation(x); r equals self.output(y); return r'
)
class FractalSubNetwork:
    def getitem(self, v): return self._res[v]
    def ϝorward(self, *args):
        vec = list(args[:-1]); vec.append( sum([ord(c) for c in args[-1]]) ); a = torch.tensor(vec)
        if a.dim() == 1: a = a.unsqueeze(0)
        self._res = self(a).squeeze(0)
print(FractalSubNetwork)

• Purpose: Defines another neural network, intended to be a sub-network, potentially for influencing fractal generation.

• Architecture: Similar to ClassifierNN but without the subnet parameter in its init.

• getitem (__getitem__): Overloads the [] operator to allow accessing results from _res.

• ϝorward (Note the non-ASCII 'ϝ'): This is a custom forward method that takes a variable number of arguments, converts them into a PyTorch tensor 
(including summing character ordinals for a string argument), passes them through the network, and stores the result in self._res. The non-ASCII 
character is used to avoid conflict with the standard forward method, which is defined via DSL.

5.4 neural_mandelbrot_dsl

neural_mandelbrot_dsl = '''
write python function to compute neural_mandelbrot_fractal
args size_x; args size_y; args center_x; args center_y; args zoom; args max_iter; args words; grid equals numpy zeros((size_x,size_y)); sx equals three divide zoom 
divide size_y; sy equals three divide zoom divide size_y
㆙.ϝorward(size_x,center_x,center_y,zoom,max_iter,sx,sy,words)
iterate row in range size_y iterate col in range size_x
    ax equals center_x plus ( col minus size_x divide two ) times sx; cx equals ax plus 𓆙[row]; cy equals center_y plus ( row minus size_y divide two ) times sy; x 
equals zero; y equals zero
    iterate i in range(max_iter); xn equals x times x minus y times y plus cx; yn equals two times x times y plus cy; x equals xn; y equals yn
        if x times x plus y times y greater_than[4] then break; end; grid[row,col] equals i; end
mx equals numpy max(grid); if mx greater_than[0] then grid equals grid divide mx; return grid
'''
if '--neural-mandel' in sys.argv:
    SubNet = FractalSubNetwork(8, FRACTAL_NET_HIDDEN, GOL_GRID_SIZE_Y); print(SubNet)
    DSL(neural_mandelbrot_dsl, 𓆙=SubNet); print(neural_mandelbrot_fractal); learn_dsl(neural_mandelbrot_dsl)
else: SubNet = None

• Purpose: Defines a "neural" Mandelbrot fractal function where the fractal generation parameters are influenced by a FractalSubNetwork.

• Mechanism: It calls the ϝorward method of a FractalSubNetwork instance (𓆙) to get an output, and then uses elements of this output (e.g., 𓆙[row]) to 
modify the cx parameter during the fractal iteration. This creates a feedback loop where the neural network's output influences the fractal's shape.

6. Text Processing and Encoding/Decoding

The TextProcessor class handles the conversion of text to numerical representations and vice-versa, crucial for the neural network's input and output.

6.1 TextProcessor Class

class TextProcessor:



    MIN_DSL_SYMS = '≣ &|()=0123456789ng'⸨⸩
    CHARACTERS = [chr(i) for i in range(ord('a'),ord('z')+1)] + [chr(i)+'①' for i in range(ord('a'),ord('z')+1)] + [i for i in MIN_DSL_SYMS] + ["'", "'①"]
    CHARACTERS += [i+'①' for i in MIN_DSL_SYMS] + [i+'②' for i in MIN_DSL_SYMS] + [i+'③' for i in MIN_DSL_SYMS] + [i+'④' for i in MIN_DSL_SYMS]
    CHARACTERS += [' ','𓆗','𓂉','𓆕','𓇴','𓆘','𓌵','𓋐','○','◻'] + OUT_TOKENS; CHAR_TO_INDEX = {char: i for i, char in enumerate(CHARACTERS)}
    INDEX_TO_CHAR = {i: char for i, char in enumerate(CHARACTERS)}; NUM_ASCII_CHARS = len(CHARACTERS); PATTERN_HEIGHT = PATTERN_WIDTH = 5
    ASCII_LETTERS = { ... } # ASCII art patterns for letters
    ASCII_ART = { ... }     # ASCII art patterns for symbols like circle, square

• Purpose: Provides static methods for encoding words into numerical vectors and decoding numerical vectors back into words. It also contains ASCII art 
patterns for characters and symbols.

• CHARACTERS, CHAR_TO_INDEX, INDEX_TO_CHAR: These mappings define the vocabulary of characters the system can process, including standard 
ASCII letters, numbers, DSL-specific symbols (like ≣, ⸨, ⸩), and special Unicode symbols (like 𓆗 for print("hello world")). It also includes "augmented" 
characters (e.g., 'a①') to handle multiple occurrences of the same character in a word.

6.2 ascii_to_gol_pattern(char)

    @staticmethod
    def ascii_to_gol_pattern(char):
        char = char.lower()
        if char in TextProcessor.ASCII_ART: char_art_list = TextProcessor.ASCII_ART[char].splitlines()[1:-1]; pattern = numpy.zeros((10,10), dtype=int)
        else:
            if char=='¿': char_art_list = random.choice( list(TextProcessor.ASCII_LETTERS.values()) )
            else: char_art_list = TextProcessor.ASCII_LETTERS[char]
            pattern = numpy.zeros((TextProcessor.PATTERN_HEIGHT, TextProcessor.PATTERN_WIDTH), dtype=int)
        for r, row_str in enumerate(char_art_list):
            for c, symbol in enumerate(row_str):
                if symbol != ' ': pattern[r, c] = 1
        return pattern

• Purpose: Converts a single character into a binary NumPy array representing its ASCII art pattern. This pattern is then used to modify the Game of Life 
grid.

• Special Handling: It checks for symbols in ASCII_ART (like '○', '◻') and also handles a special '¿' character which randomly selects an ASCII letter 
pattern.

6.3 word_to_target_values(word, max_output_chars)

    @staticmethod
    def word_to_target_values(word, max_output_chars):
        """Converts a target word into a list of numerical values for the classifier's output. Each value corresponds to a character's "positional importance" for 
sorting.
        Higher value = appears earlier in the word. The length of the returned list is TextProcessor.NUM_ASCII_CHARS.
        """
        if len(word) > max_output_chars: raise RuntimeError(len(word))
        rep = {'((':' ', '))':' ', '==':'≣'}; rep.update(NAMES_TO_SYMBOLS)⸨ ⸩
        for r in rep:
            if r in word: word = word.replace(r,rep[r])
        target_output_vector = [0.0] * TextProcessor.NUM_ASCII_CHARS; target_indices = []
        word_to_encode = word[:max_output_chars]
        for i, char in enumerate(word_to_encode):
            if char in TextProcessor.CHAR_TO_INDEX:
                char_idx = TextProcessor.CHAR_TO_INDEX[char]
                value = (1.0 - (i / max_output_chars)) + (i * 0.0001)
                if char_idx in target_indices:
                    for n in '① ② ③ ④ ⑤'.split():
                        c = char + n; cidx = TextProcessor.CHAR_TO_INDEX[c]
                        if cidx not in target_indices:
                            char_idx = cidx; char = c; break
                if char_idx in target_indices: raise RuntimeError('character index already in output target vector: %s %s' %(char_idx, target_output_vector))
                target_indices.append(char_idx)
                target_output_vector[char_idx] = value
            else: raise RuntimeError('can not encode word: %s char: %s not in CHAR_TO_INDEX' % (word, char))
        return target_output_vector

• Purpose: Encodes a target word into a dense numerical vector suitable for a neural network's output.

• Positional Encoding: Each character in the word is assigned a value based on its position: characters appearing earlier in the word get a higher value. 
This allows the neural network to learn the order of characters. A small epsilon is added to ensure distinct values for repeated characters.

• Symbol Replacement: It replaces certain string patterns (e.g., ((, )), ==) with their symbolic equivalents (e.g., ⸨, ⸩, ≣) before encoding.

6.4 reconstruct_word_from_classifier_output(output_values_tensor, min_value_threshold=0.01, verbose=False, symbol_decompress=True)

    @staticmethod
    def reconstruct_word_from_classifier_output(output_values_tensor, min_value_threshold=0.01, verbose=False, symbol_decompress=True):
        """Reconstructs a word from the classifier's output values by sorting them. output_values_tensor: A 1D PyTorch tensor of values from the classifier,
         where each index corresponds to a character. min_value_threshold: Minimum value for a character to be considered part of the word."""
        rep = {' ':'((', ' ':'))', '≣':'==', '①':'', '②':'', '③':'', '④':'', '⑤':''}; rep.update(SYMBOLS_TO_NAMES)⸨ ⸩
        char_value_pairs = []
        if type(output_values_tensor) is torch.Tensor: output_values_np = output_values_tensor.cpu().numpy()
        else: output_values_np = output_values_tensor
        for idx, value in enumerate(output_values_np):



            if value > min_value_threshold:
                if idx not in TextProcessor.INDEX_TO_CHAR: raise RuntimeError(idx)
                c = TextProcessor.INDEX_TO_CHAR[idx]
                for r in rep:
                    if r in c:
                        if symbol_decompress or not rep[r]: c = c.replace(r,rep[r])
                char_value_pairs.append((value, c))
        char_value_pairs.sort(key=lambda x: x[0], reverse=True); reconstructed_word = "".join([char for value, char in char_value_pairs]); return 
reconstructed_word

• Purpose: Decodes the numerical output of the classifier back into a human-readable word.

• Sorting by Value: It identifies characters whose predicted value exceeds a min_value_threshold, then sorts them in descending order of their values. 
This reconstructs the word based on the "positional importance" learned by the network.

• Symbol Decompression: It reverses the symbol replacement performed during encoding (e.g., ⸨ back to (().

6.5 apply_character_to_gol_grid_torch(main_gol_grid_tensor, char_pattern_tensor, start_row, start_col)

    @staticmethod
    def apply_character_to_gol_grid_torch(main_gol_grid_tensor, char_pattern_tensor, start_row, start_col):
        """Applies a character pattern to the GOL grid using PyTorch operations. Flips bits where the pattern is 1."""
        p_h, p_w = char_pattern_tensor.shape; g_h, g_w = main_gol_grid_tensor.shape
        temp_grid = main_gol_grid_tensor.clone()
        for r in range(p_h):
            for c in range(p_w):
                if char_pattern_tensor[r, c].item() == 1:
                    r_g = (start_row + r) % g_h; c_g = (start_col + c) % g_w
                    temp_grid[r_g, c_g] = 1.0 - temp_grid[r_g, c_g]
        return temp_grid

• Purpose: Applies a binary character pattern (from ascii_to_gol_pattern) onto the Game of Life grid.

• Bit Flipping: Where the pattern has a 1, it "flips" the corresponding cell in the GOL grid (0 becomes 1, 1 becomes 0). This is done in a differentiable way
(1.0 - value) for potential gradient flow.

• Wrapping: The start_row and start_col are used with modulo (%) to ensure the pattern wraps around the grid if it goes out of bounds.

7. Game of Life (GOL) Simulation and 3D FFT

This section describes how the GOL simulation is run and how its temporal evolution is transformed into a frequency spectrum.

7.1 print_gol_grid(grid, x=90)

def print_gol_grid(grid, x=90):
    if type(grid) is torch.Tensor: grid = grid.cpu().numpy()
    out = []; out.append("+" + "-" * (grid.shape[1]) + "+")
    for row in grid: out.append("|" + "".join(["█" if cell == 1 else " " for cell in row]) + "|")
    out.append("+" + "-" * (grid.shape[1]) + "+"); printat('\n'.join(out), 4, x)

• Purpose: Visualizes the Game of Life grid on the terminal using block characters (█).

• Conversion: Converts the PyTorch tensor grid to a NumPy array for easier iteration and character mapping.

7.2 run_gol_and_3d_fft_torch(burning_ship_params, input_word_string, drawings=None, debug_output=False)

def run_gol_and_3d_fft_torch(burning_ship_params, input_word_string, drawings=None, debug_output=False):
    center_x, center_y, zoom, fractal_max_iter = burning_ship_params
    # Initialize GOL grid from Burning Ship or Mandelbrot fractal.
    if '--null' in sys.argv: fractal_raw_grid_np = numpy.zeros((GOL_GRID_SIZE_X,GOL_GRID_SIZE_Y), dtype=float); tag = 'none'
    elif '--mandel' in sys.argv: fractal_raw_grid_np = mandelbrot_fractal(GOL_GRID_SIZE_X, GOL_GRID_SIZE_Y, center_x, center_y, zoom, fractal_max_iter); 
tag='Mandelbrot'
    elif '--neural-mandel' in sys.argv:
        fractal_raw_grid_np = neural_mandelbrot_fractal(GOL_GRID_SIZE_X, GOL_GRID_SIZE_Y, center_x, center_y, zoom, fractal_max_iter, input_word_string); 
tag='NeuralMandelbrot'
    else: fractal_raw_grid_np = burning_ship_fractal(GOL_GRID_SIZE_X, GOL_GRID_SIZE_Y, center_x, center_y, zoom, fractal_max_iter); tag='Burning Ship'
    current_gol_grid_tensor = (torch.from_numpy(fractal_raw_grid_np) > 0.5).float().to(device)
    # ... (GOL simulation and character/drawing application) ...
    gol_process_history = torch.zeros((GOL_SIM_STEPS, GOL_GRID_SIZE_X, GOL_GRID_SIZE_Y), dtype=torch.float32, device=device)
    # ... (store initial state and simulate steps) ...
    fft_result_3d = torch.fft.fftn(gol_process_history); fft_shifted_3d = torch.fft.fftshift(fft_result_3d); magnitude_spectrum_3d = torch.abs(fft_shifted_3d)
    return magnitude_spectrum_3d

• Purpose: Runs the Game of Life simulation for a fixed number of steps, influenced by an initial fractal pattern and input characters/drawings. It records 
the entire temporal evolution of the grid and then performs a 3D Fast Fourier Transform (FFT) on this history.

• Initial Grid: The GOL grid is initialized based on either a Burning Ship, Mandelbrot, or Neural Mandelbrot fractal, providing a dynamic and complex 
starting state.

• Character/Drawing Input: The input_word_string and drawings are used to apply patterns onto the GOL grid at specific intervals, introducing 
perturbations that affect its evolution.

• History Recording: Each step of the GOL simulation is stored in gol_process_history, creating a 3D tensor (time, height, width).



• 3D FFT: torch.fft.fftn computes the N-dimensional discrete Fourier Transform. torch.fft.fftshift shifts the zero-frequency component to the center of the 
spectrum. torch.abs calculates the magnitude spectrum, which represents the strength of different frequency components in the GOL's spatiotemporal 
evolution.

8. Energy Band Calculation and UMAP Projection

The magnitude spectrum from the 3D FFT is then processed to extract features for the neural network and for visualization.

8.1 calculate_3d_fft_energy_bands_torch(magnitude_spectrum_3d, num_bands, word=None)

ENERGY_HISTORY = []; MANIFOLDS = []
def calculate_3d_fft_energy_bands_torch(magnitude_spectrum_3d, num_bands, word=None):
    power_spectrum = magnitude_spectrum_3d**2; flattened_power = power_spectrum.flatten(); band_energies = torch.zeros(num_bands+NUM_INPUT_SPACE, 
dtype=torch.float32, device=device)
    segment_size = len(flattened_power) // num_bands
    for i in range(num_bands):
        start_idx = i * segment_size; end_idx = start_idx + segment_size
        if i == num_bands - 1: end_idx = len(flattened_power)
        band_energies[i] = torch.sum(flattened_power[start_idx:end_idx])
    total_energy_bands = torch.sum(band_energies)
    if total_energy_bands > sys.float_info.min: band_energies = band_energies / total_energy_bands
    umap_data = band_energies.cpu().numpy()
    if umap and len(ENERGY_HISTORY) >= 4:
        umap_labels = []
        if bpy:
            man = project_manifold(ENERGY_HISTORY, n_components=4)
            if man is not None:
                MANIFOLDS.append(man)
                ob = create_bezier_curve(man)
                if word: ob.name = word; ob.show_name = True
                if CALC_KNOTS:
                    lin_cu = bezier_to_linear(ob)
                    knots = find_linear_curve_knots( lin_cu )
                    print(knots)
                    make_knot_gizmos( lin_cu, knots )
                center_object(ob)

        manifold = project_manifold(ENERGY_HISTORY)
        if '--plot' in sys.argv:
            visualize_manifold(manifold, umap_labels, title="UMAP Projection of Classifier History Input Bands (2D)")
        idx = num_bands
        for i in range(NUM_INPUT_SPACE//2):
            if i >= len(manifold): break
            v = manifold[i]
            if '--umap-debug' in sys.argv: print('umap vec:', v)
            band_energies[idx] += v[0]
            band_energies[idx+1] += v[1]
            idx += 2
    ENERGY_HISTORY.insert(0, umap_data)
    if len(ENERGY_HISTORY) > NUM_INPUT_SPACE:
        ENERGY_HISTORY.pop()
    assert len(ENERGY_HISTORY) <= NUM_INPUT_SPACE
    return band_energies

• Purpose: Calculates "energy bands" from the 3D FFT magnitude spectrum. These bands represent the distribution of power across different frequency 
ranges in the GOL's spatiotemporal dynamics. This serves as the input feature vector for the neural network classifier.

• Power Spectrum: It first computes the power spectrum (magnitude_spectrum_3d**2).

• Band Summation: The flattened power spectrum is divided into num_bands segments, and the sum of power within each segment forms an energy 
band. These are then normalized by the total energy.

• UMAP Integration: If UMAP is enabled (umap is not None) and enough history is accumulated (len(ENERGY_HISTORY) >= 4), it performs UMAP 
projection on the ENERGY_HISTORY.

• Blender Visualization (if bpy is available): If running in Blender, it visualizes the UMAP manifold as a Bezier curve and can calculate 
knots on the curve using Knoto-ID, potentially associating words with knot structures.

• Matplotlib Plotting: If --plot is enabled, it visualizes the 2D UMAP projection using Matplotlib.

• Feedback Loop: The UMAP projection results are optionally added back into the band_energies vector, creating a feedback mechanism where the 
manifold structure influences the input to the classifier.

• ENERGY_HISTORY: A global list that stores a history of recent band_energies vectors, used for UMAP projection.

9. Blender-Specific Functions

These functions are primarily used when the script is run within the Blender environment.



9.1 point_and_stretch(obj1, obj2)

def point_and_stretch(obj1, obj2):
    vec = obj2.location - obj1.location
    distance = vec.length
    initial_z_scale = obj1.scale.z
    desired_z_scale = initial_z_scale + distance
    obj1.scale.z = desired_z_scale
    look_at_constraint = obj1.constraints.new(type='TRACK_TO')
    look_at_constraint.target = obj2
    look_at_constraint.track_axis = 'TRACK_Z'
    look_at_constraint.up_axis = 'UP_Y'

• Purpose: Modifies obj1 in Blender to point towards obj2 and stretches it along its Z-axis so that its end touches obj2.

• Mechanism: Uses Blender's vector math and constraints (TRACK_TO) to achieve the effect.

9.2 make_knot_gizmos(cu, info)

def make_knot_gizmos(cu, info):
    for a in info:
        if a['valid']:
            if a['polynomial']=='+1': continue
            b = cu.data.splines[0].points[ a['index_first'] ]
            c = cu.data.splines[0].points[ a['index_last'] ]
            bpy.ops.object.empty_add()
            ob = bpy.context.active_object
            ob.location.x = b.co.x; ob.location.y = b.co.y; ob.location.z = b.co.z
            ob.name = 'start:%s' % a['polynomial']; ob.empty_display_type = 'SINGLE_ARROW'; ob.empty_display_size = 0.8; ob.parent = cu; ob.show_in_front = 
True
            bpy.ops.object.empty_add()
            o = bpy.context.active_object
            o.location.x = c.co.x; o.location.y = c.co.y; o.location.z = c.co.z
            o.name = 'end:%s' % a['polynomial'}; o.empty_display_size = 0.1; o.parent = cu
            point_and_stretch(ob, o)
            ob.scale.x = ob.scale.z; ob.scale.y = ob.scale.z

• Purpose: Creates visual "gizmos" (empty objects with specific display types) in Blender to mark the start and end points of identified knots on a curve.

• Integration with Knoto-ID: It uses the info dictionary (output from knotoid.calc_knotoid) to place these gizmos.

9.3 bezier_to_linear(curve_obj, resolution=4, smooth_step=5)

def bezier_to_linear(curve_obj, resolution=4, smooth_step=5):
    copy = curve_obj.copy(); copy.data= curve_obj.data.copy(); bpy.context.scene.collection.objects.link(copy); curve_obj = copy
    curve_obj.data.bevel_depth=0; curve_obj.data.extrude=0
    bpy.ops.object.select_all(action='DESELECT'); curve_obj.select_set(True); bpy.context.view_layer.objects.active = curve_obj
    bpy.ops.object.convert(target='MESH')
    ob = bpy.context.active_object
    mod = ob.modifiers.new(name='merge', type="WELD"); bpy.ops.object.modifier_apply(modifier=mod.name)
    bpy.ops.object.convert(target='GPENCIL')
    ob = bpy.context.active_object
    mod = ob.grease_pencil_modifiers.new(name='simp', type="GP_SIMPLIFY"); mod.mode = 'ADAPTIVE'; mod.factor = 1.7; 
bpy.ops.object.gpencil_modifier_apply(modifier=mod.name)
    mod = ob.grease_pencil_modifiers.new(name='smooth', type="GP_SMOOTH"); mod.step = smooth_step; 
bpy.ops.object.gpencil_modifier_apply(modifier=mod.name)
    mod = ob.grease_pencil_modifiers.new(name='thickness', type="GP_THICK"); mod.thickness_factor = 10; ob.show_in_front = True
    return ob

• Purpose: Converts a Blender Bezier curve object into a linear Grease Pencil object. This is often done to simplify the curve for knot analysis or other 
geometric processing.

• Process: It copies the curve, converts it to a mesh, applies a weld modifier, then converts it to a Grease Pencil object, and finally applies simplify and 
smooth modifiers to linearize and clean up the geometry.

9.4 find_linear_curve_knots(cu, **kw)

def find_linear_curve_knots( cu, **kw ):
    points = []
    if cu.type=='CURVE':
        assert len(cu.data.splines)==1
        for pnt in cu.data.splines[0].points:
            x,y,z,w = pnt.co
            points.append([x,y,z])
    else:
        layer = cu.data.layers[0]
        frame = layer.frames[0]
        print(frame)
        stroke = frame.strokes[0]
        for pnt in stroke.points:
            x,y,z = pnt.co
            points.append([x,y,z])
    return knotoid.calc_knotoid( points, **kw )



• Purpose: Extracts the 3D coordinates of points from a Blender curve or Grease Pencil object and then uses the knotoid library to calculate knot 
information.

• Knoto-ID Integration: This function is the bridge to the Knoto-ID library, which performs the actual topological analysis to identify knots in the curve.

9.5 create_bezier_curve(points, radius=1.0, extrude=0.08, depth=0.02, material=None)

def create_bezier_curve(points, radius=1.0, extrude=0.08, depth=0.02, material=None):
    curve_data = bpy.data.curves.new(name="BezCurve", type='CURVE')
    curve_data.dimensions = '3D'
    curve_data.bevel_resolution = 1
    curve_data.resolution_u = 8
    spline = curve_data.splines.new('BEZIER')
    spline.bezier_points.add( len(points) - 1)
    for i, point in enumerate(points):
        if len(point)==3:
            x,y,z = point
        else:
            x,y,z,tilt = point
            spline.bezier_points[i].tilt = tilt

        spline.bezier_points[i].co.x = x
        spline.bezier_points[i].co.y = y
        spline.bezier_points[i].co.z = z
        spline.bezier_points[i].handle_left_type = 'AUTO'
        spline.bezier_points[i].handle_right_type = 'AUTO'
    curve_obj = bpy.data.objects.new("BezCurveObject", curve_data)
    bpy.context.collection.objects.link(curve_obj)
    curve_obj.data.extrude = extrude
    curve_obj.data.bevel_depth=depth
    if material: curve_obj.data.materials.append(material)
    return curve_obj

• Purpose: Creates a new Bezier curve object in Blender from a list of 3D points.

• Curve Properties: It sets various curve properties like dimensions, bevel resolution, extrusion, and depth, allowing for visually rich curves. It can also 
assign a material to the curve.

9.6 center_object(o)

def center_object(o):
    bpy.ops.object.select_all(action='DESELECT')
    bpy.context.view_layer.objects.active = o; o.select_set(True)
    bpy.ops.object.origin_set(type="ORIGIN_CENTER_OF_VOLUME")

• Purpose: Centers the origin of a Blender object to its volume. This is useful for consistent scaling and positioning.

9.7 Blender UI and Operators (BlenderAI, BlenderAI_Learn, AIPanel)

if bpy:
    _mainloop_timer = VIEW3D = _ai_ = None
    @bpy.utils.register_class
    class BlenderAI(bpy.types.Operator):
        # ... (Blender operator for main AI loop) ...
    LEARNING = 0
    @bpy.utils.register_class
    class BlenderAI_Learn(bpy.types.Operator):
        # ... (Blender operator to trigger AI learning) ...
    @bpy.utils.register_class
    class AIPanel(bpy.types.Panel):
        # ... (Blender UI panel for AI information) ...

• Purpose: These classes define Blender operators and a UI panel, allowing the AI to be controlled and monitored directly within the Blender interface.

• BlenderAI: This operator starts the main AI loop within Blender. It initializes the AI instance and sets up a timer to periodically check for user input and 
trigger AI inference or learning.

• BlenderAI_Learn: A simple operator to trigger a learning phase for the AI.

• AIPanel: Defines a custom panel in Blender's 3D Viewport UI, displaying information about the AI's neural network layers and learning progress.

10. AI Class and Optimization Loop

This section covers the core AI logic, including its learning and inference processes.

10.1 AI Class

class AI:
    def __init__(self, subnetwork=None):
        self.classifier = ClassifierNN(
            num_input_bands=NUM_FFT_BANDS_FOR_CLASSIFIER+NUM_INPUT_SPACE, num_hidden_neurons=TextProcessor.NUM_ASCII_CHARS * 2, 
num_output_neurons=TextProcessor.NUM_ASCII_CHARS, subnet=subnetwork
        ).to(device)



        self.subnetwork = subnetwork
        self.fractal_params = [random.uniform(-1.0, 0.0), random.uniform(0.0, 1.0), random.uniform(1.0, 5.0), random.randint(50, 150)]
        self.state = {}
        self.n_learn = self.n_infer = 0
    def learn(self, word_mapping_data, iterations=OPTIMIZATION_ITERATIONS):
        self.n_learn += iterations
        self.classifier.train()
        self.fractal_params = solve(word_mapping_data, self.classifier, self.fractal_params, subnetwork=self.subnetwork, iterations=iterations)
    def __call__(self, input_word, art=None):
        self.n_infer += 1
        self.classifier.eval()
        ai_iterate(input_word, self.fractal_params, self.classifier, art=art, state=self.state)

• Purpose: Encapsulates the main AI components: the classifier neural network, fractal parameters, and methods for learning and inference.

• __init__: Initializes the ClassifierNN with appropriate input/output sizes and random initial fractal parameters.

• learn(word_mapping_data, iterations): Triggers the learning process by calling the solve function. It updates the n_learn counter and sets the 
classifier to training mode.

• __call__(input_word, art=None): Overloads the () operator, making the AI instance callable like a function. This is the inference method. It sets the 
classifier to evaluation mode and calls ai_iterate to process the input word and generate a reply.

10.2 solve(word_mapping_data, classifier_nn, fractal_params, subnetwork=None, iterations=OPTIMIZATION_ITERATIONS, verbose=True)

def solve(word_mapping_data, classifier_nn, fractal_params, subnetwork=None, iterations=OPTIMIZATION_ITERATIONS, verbose=True):
    optimizer = torch.optim.Adam(classifier_nn.parameters(), lr=0.05); criterion = torch.nn.MSELoss()
    if subnetwork: optimizer_subnet = torch.optim.Adam(subnetwork.parameters(), lr=0.05)
    best_bs_params = fractal_params; best_overall_loss = float('inf')
    if verbose: print(f"Starting optimization Iterations: {iterations} Ship Parameters: {best_bs_params}"); start_time = time.time()
    for iteration in range(iterations):
        current_bs_params = list(best_bs_params)
        for i in range(len(current_bs_params)):
            if i < 3: current_bs_params[i] += random.uniform(-MUTATION_RATE, MUTATION_RATE) * abs(current_bs_params[i])
            else: current_bs_params[i] += random.randint( -max(1, int(MUTATION_RATE * current_bs_params[i])), max(1, int(MUTATION_RATE * 
current_bs_params[i])))
        current_band_data_list = []; targets_list_for_nn = []
        for input_word, target_word in word_mapping_data:
            magnitude_spectrum = run_gol_and_3d_fft_torch(current_bs_params, input_word, debug_output=debug_flag)
            bands = calculate_3d_fft_energy_bands_torch(magnitude_spectrum, NUM_FFT_BANDS_FOR_CLASSIFIER, word=input_word); 
current_band_data_list.append(bands)
            target_values = TextProcessor.word_to_target_values(target_word, MAX_OUTPUT_WORD_LENGTH)
            targets_list_for_nn.append(torch.tensor(target_values, dtype=torch.float32).to(device))
        bands_batch = torch.stack(current_band_data_list).to(device); targets_batch = torch.stack(targets_list_for_nn).to(device)
        classifier_nn.train()
        current_avg_nn_loss_val = 0.0
        for epoch in range(CLASSIFIER_RATE):
            if subnetwork: optimizer_subnet.zero_grad()
            optimizer.zero_grad(); predictions = classifier_nn(bands_batch); loss = criterion(predictions, targets_batch)
            loss.backward()
            optimizer.step()
            if subnetwork: optimizer_subnet.step()
            current_avg_nn_loss_val += loss.item()
        current_avg_nn_loss_val /= CLASSIFIER_RATE
        if current_avg_nn_loss_val < best_overall_loss:
            best_overall_loss = current_avg_nn_loss_val; best_bs_params = current_bs_params
        # ... (progress check and evaluation) ...
    return best_bs_params

• Purpose: This is the main optimization loop where the AI "learns" to map input words to target words. It optimizes both the fractal parameters (which 
influence the GOL dynamics and thus the FFT features) and the neural network classifier.

• Optimization Strategy: It uses a combination of:

1. Fractal Parameter Mutation: In each iteration, the current_bs_params (Burning Ship/fractal parameters) are slightly mutated.

2. Feature Generation: For each (input_word, target_word) pair in word_mapping_data, it runs the GOL simulation (run_gol_and_3d_fft_torch) 
with the current fractal parameters and the input_word, then calculates the FFT energy bands (calculate_3d_fft_energy_bands_torch).

3. Classifier Training: The generated bands are fed into the classifier_nn. The classifier is trained using torch.optim.Adam and 
torch.nn.MSELoss to predict the target_values (from TextProcessor.word_to_target_values).

4. Parameter Update: If the classifier's average loss improves, the best_bs_params are updated to the current fractal parameters, creating a 
co-evolutionary learning process where the fractal parameters are optimized to produce features that the classifier can more easily map to 
the target.

• Subnetwork Optimization: If a subnetwork (like FractalSubNetwork) is provided, its parameters are also optimized alongside the main classifier.



• Progress Reporting: It periodically prints progress, including average loss, exact word matches, and even executes generated Python scripts if a 
match is found and --exec-in-training is enabled.

11. Interactive AI Loop

The main function and ai_iterate function handle the interactive command-line interface.

11.1 word_mapping_data

word_mapping_data = []
if '--quick' not in sys.argv: word_mapping_data+=[('write function to add ¿ and ¿','𓂉'),('call function ¿¿¿ with ¿ ¿', '𓆘'),('add ¿ and ¿', '𓆕'),('multiply ¿ and ¿', '𓇴')]
if '--english' in sys.argv: word_mapping_data += [ ('write python code to print hello world', '𓆗'), ("one", "two"), ("hello", "world"), ("good", "bad"), ("happy", "sad") ]
if '--math' in sys.argv:
    word_mapping_data = [ ('1+1', '𓌵'), ('a=1+1', '𓋐') ]
elif '--quick' in sys.argv: word_mapping_data = [LEARN[0]]
else: word_mapping_data += LEARN

• Purpose: This list defines the training data for the AI. Each tuple (input_word, target_word) represents a mapping the AI should learn.

• Dynamic Population: The data is populated based on command-line arguments (--english, --math, --quick, --learn-draw, --abcd) and the LEARN list 
(which stores learned DSL mappings).

• Symbolic Targets: Notice the use of special Unicode symbols (e.g., 𓂉, 𓆘, 𓆕, 𓇴, 𓆗, 𓌵, 𓋐) as target words. These symbols are associated with specific 
code generation functions or Python code snippets.

11.2 SYMBOLS_TO_GEN, SYMBOLS_TO_TEMPLATE, SYMBOLS_TO_CODE

SYMBOLS_TO_TEMPLATE = { '𓆕'  : 'print(%s + %s)', '𓇴'  : 'print(%s * %s)' }; SYMBOLS_TO_SELF = {}
def genfunc(g): # ...
def gencall(g): # ...
def geneval(g): # ...
def genexec(g): # ...
SYMBOLS_TO_GEN = { '𓂉'  : genfunc, '𓆘'  : gencall, '𓌵':geneval, '𓋐':genexec }

• Purpose: These dictionaries map the special Unicode symbols (used as target words) to specific Python functions or code templates. This is how the AI 
"executes" its predictions.

• SYMBOLS_TO_TEMPLATE: Maps symbols to Python code templates that take arguments (e.g., print(%s + %s)).

• SYMBOLS_TO_GEN: Maps symbols to functions (genfunc, gencall, geneval, genexec) that dynamically generate Python code or execute expressions 
based on the input word.

• genfunc: Generates a lambda function.

• gencall: Generates a function call.

• geneval: Evaluates a Python expression.

• genexec: Executes a Python statement or DSL code.

• SYMBOLS_TO_CODE: (Defined earlier in the DSL section) Maps symbolic representations of learned DSL code to their full DSL text, which can then be 
compiled and executed.

11.3 read(prompt='', timeout=1)

AUTO_INPUT = ['write python function to compute foo', 'args x', 'return x plus x', '']
AUTO_INPUT.reverse()
def read(prompt='', timeout=1):
    if AUTO_INPUT: return AUTO_INPUT.pop()
    if not timeout: return input(prompt)
    if prompt:sys.stdout.write(prompt); sys.stdout.flush()
    rlist, _, _ = select.select([sys.stdin], [], [], timeout)
    if rlist: return sys.stdin.readline().strip()
    else: return None

• Purpose: Provides a non-blocking way to read user input from the terminal.

• AUTO_INPUT: A global list that can be pre-filled with commands. If AUTO_INPUT is not empty, it pops and returns a command from this list instead of 
waiting for user input, enabling automated testing or demonstrations.

• Timeout: Uses select.select to wait for input with a specified timeout, allowing the AI to continue processing (e.g., dreaming) if no input is provided.

11.4 plot(vec, label='', x=1, y=1, scale=10)

def plot(vec, label='', x=1, y=1, scale=10):
    blocks = '‿_ ▂▃▄▅▆▇█'; o = []; u=[]
    for i,v in enumerate(vec):
        idx = (int(v*scale)); c = ' '🢁
        if idx < len(blocks): c=blocks[idx]
        o.append(c)
        if idx >= 2: u.append(TextProcessor.CHARACTERS[i])
        else: u.append('.')



    printat(label + ''.join(o), y, x); printat((' '*len(label)) + ''.join(u), y+1, x)
• Purpose: Visualizes a 1D numerical vector as a bar chart using Unicode block characters on the terminal. This is used to display the FFT energy bands 

and classifier output values.

11.5 dream(params, classifier_nn, art)

def dream(params, classifier_nn, art):
    for i in range(len(params)):
        if i < 3: params[i] += random.uniform(-MUTATION_RATE, MUTATION_RATE)
        else: params[i] += random.randint( -max(1, int(MUTATION_RATE * params[i])), max(1, int(MUTATION_RATE * params[i]))); params[i] = max(20, min(200, 
params[i]))
    printat('FRACTAL: %s MUTATE RATE: %s' %([round(v,6) for v in params], MUTATION_RATE), 3, 1)
    magnitude_spectrum = run_gol_and_3d_fft_torch(params, '', drawings=art, debug_output=True)
    bands = calculate_3d_fft_energy_bands_torch(magnitude_spectrum, len(TextProcessor.CHARACTERS))
    plot(bands.cpu().numpy(), label=' :', scale=100); words = TextProcessor.reconstruct_word_from_classifier_output( bands, min_value_threshold=0.0025 ); 𝔉
printat(words, 18, 70)
    predicted_bands = calculate_3d_fft_energy_bands_torch(magnitude_spectrum, NUM_FFT_BANDS_FOR_CLASSIFIER); classifier_nn.eval()
    with torch.no_grad(): final_prediction_values = classifier_nn(predicted_bands.unsqueeze(0)).squeeze(0)
    reply = TextProcessor.reconstruct_word_from_classifier_output( final_prediction_values, min_value_threshold=MIN_VAL_THRESH )
    plot(final_prediction_values.cpu().numpy(), label=' :', x=35); printat(reply, 19, 70)𝔑

• Purpose: This function represents the "dreaming" or unsupervised generation mode of the AI.

• Mechanism: It continuously mutates the fractal parameters, runs the GOL simulation (without explicit word input, but potentially with user drawings), 
calculates the FFT energy bands, and then uses the classifier to predict a word from these self-generated features. This allows the AI to explore its 
internal "feature space" and generate outputs without direct external prompts. It also visualizes the bands and predicted words.

11.6 main()

def main():
    print('word_mapping_data:', word_mapping_data)
    ai = AI(SubNet)
    ai.learn(word_mapping_data)
    print('\033[36m%s\033[m' % '='*80); print('\033[36m    Input your query or command and press [Enter] key\033[m')
    art = []
    state = {'read_state':0, 'dsl_script':None, 'pyscript':[]}
    while 1:
        input_word = read()
        if input_word == '[draw]':
            art = [ start_drawing() ]
            continue
        if input_word is None:
            if SUBSELF:
                print('reading from SUBSELF....'); data = SUBSELF.stdout.readline().strip()
                try: input_word = data.decode('utf-8')
                except: continue
            if random.random() < 0.1 and REFERENCES: Papers.append( import_pdf(REFERENCES.pop()) )
            else: dream( list(ai.fractal_params), ai.classifier, art)
            continue
        elif state['read_state']:
            dsl_script.append(input_word); print(dsl_script)
            if input_word.strip() == '': state['read_state'] = 0; DSL('\n'.join(dsl_script))
            continue
        ai_iterate(input_word, ai.fractal_params, ai.classifier, art=art, state=state)

• Purpose: The entry point for the script when not running in Blender. It initializes the AI, performs an initial learning phase, and then enters an infinite 
loop for interactive mode.

• Interaction Loop:

• It reads user input using read().

• If [draw] is entered, it activates the terminal drawing mode.

• If no input (timeout), it either imports a random PDF (if REFERENCES are available) or enters "dream" mode.

• If state['read_state'] is active, it's collecting lines for a multi-line DSL script.

• Otherwise, it calls ai_iterate to process the input word.

11.7 ai_iterate(input_word, best_bs_params, classifier_nn, art=None, state={})

def ai_iterate(input_word, best_bs_params, classifier_nn, art=None, state={} ):
    magnitude_spectrum = run_gol_and_3d_fft_torch(best_bs_params, input_word, drawings=art, debug_output=False)
    predicted_bands = calculate_3d_fft_energy_bands_torch(magnitude_spectrum, NUM_FFT_BANDS_FOR_CLASSIFIER, word=input_word)
    with torch.no_grad(): final_prediction_values = classifier_nn(predicted_bands.unsqueeze(0)).squeeze(0)
    reply = TextProcessor.reconstruct_word_from_classifier_output( final_prediction_values, min_value_threshold=MIN_VAL_THRESH )
    print(f"\033[31m{reply}\033[m")
    if reply in SYMBOLS_TO_GEN:
        gen = SYMBOLS_TO_GEN[reply](input_word)
        if type(gen) is int: state['read_state'] = gen; state['dsl_script']=[input_word]; return



        if gen: print(f"  Generated: \033[33m{gen}\033[m")
        # ... (logic for handling generated code: saving lambda, calling function, etc.) ...
    elif reply in SYMBOLS_TO_TEMPLATE:
        print(f"  Template: \033[33m{SYMBOLS_TO_TEMPLATE[reply]}\033[m"); args = []
        for part in input_word.split():
            if len(part)==1: args.append(part)
        # ... (logic for executing template code) ...
    elif reply in SYMBOLS_TO_CODE:
        state['pyscript'].append(SYMBOLS_TO_CODE[reply]); print(f"  SymPython: \033[33m{SYMBOLS_TO_CODE[reply]}\033[m")
        # ... (logic for executing symbolic Python code) ...
    else:
        print(reply, "?")
        if len(input_word.split()) == 2: word_mapping_data.append( tuple(input_word.split()) )
        info = search(input_word)
        if info:
            print("\033[37m", end='')
            for ln in info: print('\t'+ln.strip())
            print("\033[m", end='')

• Purpose: Processes a single user input word during the interactive loop.

• Inference: It runs the GOL simulation and FFT with the input_word, feeds the resulting bands into the classifier_nn to get a reply word.

• Action Based on Reply:

• If reply is a symbol in SYMBOLS_TO_GEN, it calls the corresponding code generation function (e.g., genfunc, geneval) and handles the 
generated code (e.g., offering to save a lambda, execute a function call).

• If reply is a symbol in SYMBOLS_TO_TEMPLATE, it applies the input_word's single-character parts as arguments to the template and offers to 
execute the resulting code.

• If reply is a symbol in SYMBOLS_TO_CODE, it retrieves the full Python code associated with that symbol and offers to execute it.

• If reply is none of the above, it prints the reply as a question and, if the input was two words, adds it to word_mapping_data for future 
learning. It also performs a search in the imported PDFs.

12. Manifold Projection and Visualization

12.1 project_manifold(data_for_umap, n_components=2)

def project_manifold(data_for_umap, n_components=2):
    if type(data_for_umap) is torch.Tensor: data_for_umap = data_for_umap.detach().cpu().numpy()
    if type(data_for_umap) is list: data_for_umap = numpy.array(data_for_umap)
    elif not isinstance(data_for_umap, numpy.ndarray): raise RuntimeError("Error: data_for_umap must be a NumPy array, got type: %s" % type(data_for_umap))
    if n_components not in [2, 3, 4]: raise RuntimeError("Error: n_components must be 2, 3 or 4.")
    if 'umap-debug' in sys.argv: print(f"Applying UMAP with {n_components} components...")
    reducer = umap.UMAP(n_components=n_components, n_neighbors=data_for_umap.shape[0]-1)
    try: embedding = reducer.fit_transform(data_for_umap)
    except ValueError as err: print(err); return None
    except TypeError as err: print(err); return None
    return embedding

• Purpose: Applies UMAP (Uniform Manifold Approximation and Projection) to reduce the dimensionality of high-dimensional data (e.g., FFT energy bands)
for visualization or further processing.

• Input Handling: Accepts PyTorch tensors, lists, or NumPy arrays as input, converting them to NumPy arrays if necessary.

• UMAP Configuration: Configures the UMAP reducer with the desired number of components (2, 3, or 4) and sets n_neighbors dynamically based on the
number of samples.

• Error Handling: Includes try-except blocks to catch potential ValueError or TypeError during UMAP fitting, which can occur with insufficient data.

12.2 visualize_manifold(embedding, labels=None, n_components=2, title="UMAP Projection of Data")

def visualize_manifold(embedding, labels=None, n_components=2, title="UMAP Projection of Data"):
    fig = plt.figure(figsize=(10, 8))
    if not labels: labels = string.ascii_letters[ : len(embedding)]
    if n_components == 2:
        ax = fig.add_subplot(111); ax.scatter(embedding[:, 0], embedding[:, 1], s=50, alpha=0.7)
        for i, label in enumerate(labels): ax.annotate(label, (embedding[i, 0], embedding[i, 1]), textcoords="offset points", xytext=(5,5), ha='center')
        ax.set_xlabel('UMAP Dimension 1'); ax.set_ylabel('UMAP Dimension 2')
    elif n_components == 3:
        ax = fig.add_subplot(111, projection='3d'); ax.scatter(embedding[:, 0], embedding[:, 1], embedding[:, 2], s=50, alpha=0.7)
        for i, label in enumerate(labels): ax.text(embedding[i, 0], embedding[i, 1], embedding[i, 2], label, fontsize=8)
        ax.set_xlabel('UMAP Dimension 1'); ax.set_ylabel('UMAP Dimension 2'); ax.set_zlabel('UMAP Dimension 3')
    ax.set_title(title); plt.grid(True); plt.tight_layout(); plt.show()

• Purpose: Visualizes the UMAP projection using Matplotlib.

• 2D and 3D Support: Can plot 2D or 3D embeddings.



• Labeling: Optionally adds labels to the data points for better interpretation.

13. Subprocess Self-Interaction

13.1 subself()

def subself():
    global SUBSELF
    tmp = '/tmp/subself.py'; open(tmp,'w').write(open(__file__).read()); cmd = ['python3',tmp]
    for n in 'GOL_GRID_SIZE_X GOL_GRID_SIZE_Y GOL_SIM_STEPS FRACTAL_NET_HIDDEN'.split(): cmd.append('--%s=%s' % (n, globals()[n]*2))
    print(cmd); SUBSELF = subprocess.Popen(['python3', tmp], stdout=subprocess.PIPE); print(SUBSELF); atexit.register(lambda:SUBSELF.kill())

• Purpose: This function demonstrates a simple form of self-interaction by launching another instance of the same script as a subprocess.

• Mechanism: It copies the current script to a temporary file, then executes that copy as a new Python process. It also passes some command-line 
arguments to the subprocess (e.g., doubling GOL grid sizes), allowing the sub-process to run with different parameters. The stdout of the sub-process is 
captured, enabling communication. An atexit handler ensures the sub-process is killed when the main process exits.

14. Main Execution Block

if __name__ == '__main__':
    if '--subself' in sys.argv: subself()
    if bpy: bpy.ops.ai.main()
    else: main()

• Purpose: This is the standard Python entry point.

• Conditional Execution:

• If --subself is present, it calls subself() to launch a subprocess.

• If bpy is available (meaning it's running in Blender), it calls bpy.ops.ai.main() to start the Blender AI operator.

• Otherwise (running as a standalone script), it calls main() to start the interactive command-line AI.

Chapter 9: Complete Source Code
#!/usr/bin/env python3
try: import bpy  ## you need to run this script with blender --python-exit-code 1 --python [THIS-SCRIPT]
except ModuleNotFoundError:
    import sys, subprocess; bpy = None
    if '--no-blender' not in sys.argv:
        cmd = ['blender', '--python-use-system-env', '--python-exit-code', '1', '--python', __file__, '--', '--umap']
        print(cmd); subprocess.check_call(cmd); sys.exit()
import random,math,os,sys,time,string,inspect,select,numpy,subprocess,atexit,ast,tty,termios,pypdf
if '--plot' in sys.argv: import matplotlib.pyplot as plt

_thisdir = os.path.split(os.path.abspath(__file__))[0]
#if _thisdir not in sys.path: sys.path.insert(0,_thisdir)
knotoid = None
def try_install_knotoid():
    ## sudo apt-get install libboost-dev libboost-regex-dev cmake
    global knotoid
    path = os.path.join(_thisdir, 'Knoto-ID')
    if not os.path.isdir(path):
        cmd = ['git', 'clone', '--depth', '1', 'https://github.com/brentharts/Knoto-ID.git']
        print(cmd)
        subprocess.check_call(cmd)
    sys.path.append(path)
    import knotoid
try_install_knotoid()
CALC_KNOTS = True
parametric_umap=None
def try_install_para_umap():
    ## pip install scipy faiss-cpu tqdm
    global parametric_umap
    path = os.path.join(_thisdir, 'parametric_umap')
    if not os.path.isdir(path):
        cmd = ['git', 'clone', '--depth', '1', 'https://github.com/fcarli/parametric_umap.git']
        print(cmd)
        subprocess.check_call(cmd)
    sys.path.append(path)
    import parametric_umap
try_install_para_umap()
print(parametric_umap)

REFERENCES = [
    'https://ai.vixra.org/pdf/2507.0074v1.pdf', # Self Contained Multi-AI Architecture Definition via DSL
    'https://ai.vixra.org/pdf/2507.0036v1.pdf', # Emergent Self-Modification and Meta-Programming in Dynamic Systems
    'https://ai.vixra.org/pdf/2507.0009v1.pdf', # Emergent Symbolic Computation Through Fractal Dynamics and Spatiotemporal Spectral Analysis: A Linguistic Extension
    'https://ai.vixra.org/pdf/2505.0195v1.pdf', # Iterating a Fractal-like Self Awareness Naturally
    'https://ai.vixra.org/pdf/2505.0141v1.pdf', # Nature vs Nurture
    'https://ai.vixra.org/pdf/2505.0041v1.pdf', # The Big Bangless
    'https://ai.vixra.org/pdf/2507.0081v1.pdf', # Foundational Problems with Compilers and Operating Systems
    'https://ai.vixra.org/pdf/2505.0045v1.pdf', # A Formal Proof of P ̸= NP: Self-Referential Complexity and Computational Limits -  Javier Muñoz de la Cuesta
]
WORDS=[]
def import_pdf(url, path='./', verbose=False):
    tag = url.split('/')[-1]
    if os.path.isfile(tag): tmp = tag
    else:
        tmp = path+tag
        if not os.path.isfile(tmp): print('downloading: %s to: %s' % (url, tmp)); cmd = ['curl', url, '--output', tmp]; print(cmd); subprocess.check_call(cmd)
    pdf = pypdf.PdfReader(tmp); print(pdf); refs = src  = None; code = []; doc = []; links = []; title = None
    for pidx, page in enumerate(pdf.pages):
        if verbose: print('='*80); print('PAGE:', pidx)
        txt = page.extract_text(extraction_mode='layout')
        for ln in txt.splitlines():
            if ln.strip().startswith('Source Code'): src = []; continue
            if ln.strip().startswith('References'): refs = []
            elif type(refs) is list:
                if ln.strip().startswith('[') and ']' in ln:  ## probably a reference
                    refs.append(ln.strip().replace('    ', '').replace('\t', ' '))
            elif type(src) is list:
                src.append(ln)
                if ln.strip()=='def main():': continue
                if 'main()' in ln:  ## assume last line of a script
                    code.append('\n'.join(src))
                    src = None
            else:
                if not title and ln.strip(): title=ln.strip()
                doc.append(ln)
        if "/Annots" in page:
            for annot in page["/Annots"]:
                annot_obj = annot.get_object()
                if annot_obj["/Subtype"] == "/Link":
                    if '/A' in annot_obj and '/URI' in annot_obj['/A']:
                        uri = annot_obj['/A']['/URI']; print('URI:', uri); links.append(uri)
    for uri in set(links):
        if verbose: print(uri)
        tag = uri.split('/')[-1]
        if not tag.endswith('.pdf'): tag += 'v1.pdf'
        r = os.path.join(path,tag)
        if os.path.isfile(r): print('GOT REF:', r)
    for ln in doc:
        for word in ln.strip().split():
            if word.endswith('.'): word = word[:-1]
            if word.startswith('"') and word.endswith('"'): word = word[1:-1]



            ok = True
            for p in string.punctuation:
                if p in word: ok=False; break
            if ok and word not in WORDS: WORDS.append(word)
    if verbose: print(WORDS); print(refs)
    print(url)
    return {'url':url, 'doc':doc, 'code':code, 'title':title, 'links':links}

Papers = []
def search( words ):
    words = words.strip().split(); res = []
    for p in Papers:
        for ln in p['doc']:
            hits = 0
            for q in words:
                if q in ln: hits += 1
            if hits==len(words): res.append(ln.strip())
    return res

if '--test-pdf' in sys.argv:
    for url in REFERENCES: Papers.append( import_pdf(url) )
    while 1:
        q = input('query>>>')
        for r in search(q): print(r)
    sys.exit()

import torch; device = torch.device("cuda" if torch.cuda.is_available() else "cpu"); print(f"Using device: {device}")
if '--umap' in sys.argv: import umap  ## pip install umap-learn --break-system-packages
else: umap = None
print('UMAP:', umap)

# --- Constants ---
MIN_VAL_THRESH = 0.25; GOL_GRID_SIZE_X = 28; GOL_GRID_SIZE_Y = 16; GOL_SIM_STEPS = 16; MUTATION_RATE = 0.025; FRACTAL_NET_HIDDEN = 16; NUM_INPUT_SPACE = 0
if '--umap' in sys.argv: NUM_INPUT_SPACE = 32
NUM_FFT_BANDS_FOR_CLASSIFIER = 128; OPTIMIZATION_ITERATIONS = 5000; CLASSIFIER_RATE = 1; MAX_OUTPUT_WORD_LENGTH = 128; MIN_LOSS = 0.00005
if '--quick' in sys.argv: OPTIMIZATION_ITERATIONS = 200; FRACTAL_NET_HIDDEN = 8
for arg in sys.argv:
    if arg.startswith('--') and '=' in arg and arg[2:].split('=')[0] in globals():
        if '.' in arg.split('=')[-1]: globals()[arg[2:].split('=')[0]] = float(arg.split('=')[-1])
        else: globals()[arg[2:].split('=')[0]] = int(arg.split('=')[-1])

atexit.register(lambda : print( "\033[?1003l\033[?1015l\033[?1006l" ))
def getch():
    _fd = sys.stdin.fileno(); _orig = termios.tcgetattr(_fd)
    try: tty.setcbreak(_fd); return sys.stdin.read(1)
    finally: termios.tcsetattr(_fd, termios.TCSAFLUSH, _orig)

def printat(text: str, row=1, col=1):
    if '--vis' not in sys.argv: return
    save_cursor = "\033[s"; restore_cursor = "\033[u"; sys.stdout.write(save_cursor)
    for i, ln in enumerate(text.splitlines()): move_cursor = f"\033[{row+i};{col}H"; sys.stdout.write(move_cursor + ln)
    sys.stdout.write(restore_cursor); sys.stdout.flush() # Ensure the output is immediately written to the terminal

def start_drawing(steps=32):
    print( "\033[?1003h\033[?1015h\033[?1006h" )
    esc = False; path = []; minx = miny = float('inf'); maxx = maxy = float('-inf')
    while True:
        c = getch(); o = ord(c)
        if o == 27: esc = True; prev = []; continue
        if esc:
            if c in 'Mm':
                esc = False
                assert prev[0]=='['
                assert prev[1]=='<'
                p = ''.join(prev[2:]); a,b,c = p.split(';'); x = int(b); y = int(c)
                if x < minx: minx = x
                if x > maxx: maxx = x
                if y < miny: miny = y
                if y > maxy: maxy = y
                path.append((x,y))
                printat('█', y,x)
                if a != '35': break  ## any click stops drawing
            else: prev.append(c)
    normalized = []
    width = maxx-minx; height = maxy-miny; arr = numpy.zeros((width+1, height+1), dtype=int)
    for x,y in path: arr[x-minx, y-miny] = 1
    print( "\033[?1003l\033[?1015l\033[?1006l" )
    return torch.from_numpy(arr).to(device)

if '--test-draw' in sys.argv:
    start_drawing(); sys.exit()

SYMBOLS_TO_CODE = {'𓆗' : 'print("hello world")'}; OUT_TOKENS = []; OUT_SYMS_TO_WORDS = {}; OUT_WORDS_TO_SYMS = {}; OUT_SYMS = [chr(_) for _ in range(1024,1024+128)]

def tokenize_output(txt):
    tok_syms = []; words_to_syms = {}
    for part in txt.strip().split(';'):
        if part.count("'")==2:
            a,b,c = part.split("'"); rep = {'((':' ', '))':' ', '==':' '}⸨ ⸩ ≣
            for r in rep: b = b.replace(r,rep[r])
            print(a); print(b); print(c)
            parts = [a,"'"+b+"'",c]
        else: parts = [part]
        for pidx, part in enumerate(parts):
            if part.startswith("'"): tok_syms += list(part); continue
            elif pidx == len(parts)-1: part += ';'
            print('TOKNIZE:',part)
            if part in words_to_syms: part += ';'
            assert part not in words_to_syms
            if part in OUT_WORDS_TO_SYMS: sym = OUT_WORDS_TO_SYMS[part]; print('reused token:', sym, part)
            else: sym = OUT_SYMS.pop(); OUT_SYMS_TO_WORDS[sym]=part; OUT_WORDS_TO_SYMS[part]=sym; OUT_TOKENS.append(sym); tok_syms.append(sym)
            words_to_syms[part] = sym
    print(len(OUT_TOKENS),OUT_TOKENS, OUT_SYMS_TO_WORDS)
    return tok_syms
LEARN = []
def learn_dsl(txt):
    toks = tokenize_output(txt); a = txt.strip().splitlines()[0]; toks_string = ''.join(toks); SYMBOLS_TO_CODE[toks_string] = 'DSL("""\n%s\n""")' % txt
    LEARN.append((a,toks_string)); print(LEARN)

class Ċoncept:
    IDENT = 0
    def __init__(self,*args,**kwargs):
        self.ñame=args[-1]; self.ļinks = []; self.ȑelations = []; self.ƥrops = []; self.children=[]
        if len(args)>1: self.ȑelations = __builtins__['list'](args[:-1]) if type(__builtins__) is dict else __builtins__.list(args[:-1])  ## blender fix
    def __call__(self,*args,**kwargs):
        if not args and not kwargs: return Ċoncept.dsl_to_python(self.as_python())
        for a in args: self.ļinks.append(a)
        if kwargs: self.ļinks.append(kwargs)
        return self
    def __enter__(self): return self
    def __exit__(self, exc_type, exc_val, exc_tb):
        if exc_type: raise exc_type(exc_val).with_traceback(exc_tb)
    def __getitem__(self,o):
        if o not in self.ȑelations:self.ȑelations.append(o)
        return self
    def __getattr__(self, n): o = Ċoncept(self,n); setattr(self,n,o); globals()[n]=o; self.children.append(o); return o
    def as_python(self):
        o = []
        if self.ñame == 'ai':
            f = self.children[0]; c = 'class %s(torch.nn.Module):\n' % f.ñame; o.append(c); args = []
            if f.children[0].ñame=='INIT': args += f.children[0].as_python()[-1].strip().split('INIT')[-1].split('.')
            o.append('\tdef __init__(self %s):\n' % ','.join(args)); o.append('\t\tsuper(%s,self).__init__()\n' % f.ñame)
            for v in f.children[1:]:
                if v.ñame in ('INPUT', 'OUTPUT', 'ACTIVATION'):
                    t = v.children[0].ñame
                    for n in dir(torch.nn):
                        if n.lower()==t.lower(): t = n; break
                    iargs = ','.join([l.ñame for l in v.children[0].ļinks]); o.append('\t\tself.%s=torch.nn.%s(%s)\n' %(v.ñame.lower(),t,iargs))
                else:
                    for a in v.as_python(): o.append('\t\tself.'+a)
            return o
        elif self.ñame == 'function':
            f = self.children[0].children[0].children[0]; c = 'def %s' % f.ñame
            if f.children and f.children[0].ñame=='ARGS': c += '(%s):\n' % ','.join([_.ñame for _ in f.children[0].children ])
            else: c += '():\n'
            o.append(c)
            if f.children:
                for v in f.children[1:]:
                    for a in v.as_python(): o.append('\t'+a)
            if len(o)==1: o.append('\tpass')
            return o
        elif self.ñame == 'iterate':
            Ċoncept.IDENT += 1; var = self.children[0]; IN = var.children[0]; assert IN.ñame=='IN'; b = []
            if IN.children[0].ñame=='range':
                if IN.children[0].ļinks:
                    x = []
                    for v in IN.children[0].ļinks:
                        if type(v) is Ċoncept: x.append(v.ñame)
                        else: x.append(str(v))
                    x = ','.join(x); a = 'range(%s)' % x
                    for c in IN.children[0].children: b.append('\t'+ ('\t'*Ċoncept.IDENT) + c.as_python()[0])
                elif IN.children[0].children:
                    a = 'range(%s)' % IN.children[0].children[0].ñame
                    for c in IN.children[0].children[0].children: b.append('\t'+ ('\t'*Ċoncept.IDENT) + c.as_python()[0])
                else: a = 'range(%s)' % IN.children[0].as_python()
            else:
                a = IN.children[0].ñame
                for c in IN.children[0].children: b.append('\t'+ ('\t'*Ċoncept.IDENT) + c.as_python()[0])
            b = '\n'.join(b); Ċoncept.IDENT -= 1; return ['for %s in %s:\n%s' %(var.ñame,a,b)]
        elif self.ñame == 'copy' and self.ȑelations and self.ȑelations[0].ñame=='numpy':
            if self.children: a = self.children[0].as_python(); assert len(a)==1; a = a[-1]
            else: a = self.ļinks[-1].ñame + '\n'
            if a.endswith('\n'): return ['copy(%s)\n' % a[:-1]]
            else: return ['copy(%s)' % a]
        elif self.ñame == 'zeros' and self.ȑelations and self.ȑelations[0].ñame=='numpy':



            size = []
            for l in self.ļinks[-1]:
                if type(l) is Ċoncept: size.append(l.ñame)
                else: size.append(str(l))
            size = '(%s)' % ','.join(size)
            if self.children: return ['zeros(%s,dtype=float)' % size ]
            else: return ['zeros(%s,dtype=float)\n' % size ]
        if len(self.ȑelations) > 1:
            if type(self.ȑelations[-1]) is tuple and type(self.ȑelations[-1][0]) is Ċoncept: a,b = self.ȑelations[-1]; o.append('%s[(%s,%s)]' % (self.ñame, a.ñame, b.ñame))
            else:
                rel = self.ȑelations[-1]
                if type(rel) is Ċoncept: rel = rel.ñame;      ## this check must come first
                elif hasattr(rel,'δymbol'): rel = rel.δymbol  ## note: hasattr is broken with Ċoncept, its always true TODO
                if self.ñame == 'less_than': o.append('< %s' % rel)
                elif self.ñame == 'greater_than': o.append('> %s' % rel)
                elif self.ñame == 'list': o.append('list(%s)' % rel)
                else: o.append('%s[%s]' % (self.ñame, rel))
        elif len(self.ļinks):
            args = []
            for l in self.ļinks:
                if type(l) is dict:
                    for _ in l:
                        __ = l[_]
                        if type(__) is tuple:
                            _a,_b = __
                            if type(_a) is Ċoncept: args.append('%s=(%s,%s)' % (_,_a.ñame,_b.ñame))
                            else: args.append('%s=(%s,%s)' % (_,_a,_b))
                        else: args.append('%s=%s' % (_,__))
                elif type(l) is str: args.append(l)
                else: args.append(l.ñame)
            if self.ñame=='equals': o.append('=.(%s)' % (','.join(args)))
            else: o.append('%s(%s)' % (self.ñame, ','.join(args)))
        else:
            mapping = {'minus':'-','times':'*','divide':'/','comma':',', 'equals':'=', 'plus':'+', 'plus_equals':'+=', 'percent':'%', 'less_than':'< ', 'greater_than':'> ', 
            'CONTINUE':'continue', 'zero':'0', 'one':'1', 'two':'2', 'three':'3', 'LPAREN':'(', 'RPAREN':')', 'BREAK':'break'}
            if self.ñame in mapping: o.append(mapping[self.ñame])
            else: o.append(self.ñame)
        for v in self.children: o += v.as_python()
        o = '.'.join(o)
        if not self.children: o += '\n'
        return [o]
    @staticmethod
    def dsl_to_python(dsl):
        o = []; ident = 0; replacers = {'.-.':' - ','.*.':' * ', './.':' / ','.=.':' = ','.+.':' + ','.%.':' % ','.+=.':' += ','.,.':' , ','python.def':'def','python.class':'class',
        'RETURN.':'return ','.AND.':' and ','.OR.':' or ','.< ':' < ','.> ':' > ', '(.':'(', '.)':')', '.(':'('}
        for ln in dsl[-1].splitlines():
            for r in replacers: ln = ln.replace(r, replacers[r])
            if ln.startswith('.'): ln = ln[1:]
            if ln.strip().startswith( ('IF.', 'ELIF.') ):
                tabs = ln.count('\t'); tabs += 1; tabs = '\t' * tabs
                if '.IF.' in ln: ln = ln.replace('.IF.', f':\n{tabs}if '); tabs += '\t'
                ln = ln.replace('.THEN.', f':\n{tabs}')
                if ln.strip().startswith( 'ELIF.' ): ln = ln.replace('ELIF.', 'elif ')
                else: ln = ln.replace('IF.', 'if ')
            o.append( ('\t'*ident) + ln )
        o = '\n'.join(o); out = []
        for ln in o.splitlines():
            if not ln.strip(): continue
            if ln.strip().startswith( ('if ', 'elif ') ): ln = ln.replace(' = ', ' == ')
            if ln.strip().startswith('if') and ':' not in ln and ln.count('.'): ln = ln.replace('.', ': ') ## in this simple case, the fix is easy
            out.append(ln)
        return '\n'.join(out)

def DSL(txt, execute=True, show=True, **kwargs):
    for n in kwargs: kwargs[n].δymbol = n
    txt = txt.strip(); prefixes = {0:txt.splitlines()[0].split()[-1]}; o = ['with Ċoncept("dynamic") as write:']
    lines = 0; ident = 0; rep = {k.lower():k.upper() for k in 'ARGS IN AS OR AND THEN CONTINUE RETURN END IF ELSE ELIF BREAK'.split()}
    for ln in txt.splitlines():
        print(ident, ln)
        if not ln.strip(): continue
        for part in ln.split(';'):
            p = part.strip(); part = []
            for word in p.split():
                if word in rep: word = rep[word]
                part.append(word)
            part = '.'.join(part); part = part.replace('.(.', '.LPAREN.').replace('.).', '.RPAREN.').replace('.)','.RPAREN').replace('(.', '.LPAREN.')
            if part.startswith('iterate.'): prefixes[ident+1] =  _ = 'loop_%s' % len(prefixes); part = 'with %s.%s as %s:' % (prefixes[ident],part,_)
            elif part=='END': ident -= 1; continue
            if lines==0: o.append( '\t' + ('\t'*ident) +part)
            elif part.startswith('with '): o.append( '\t' + ('\t'*ident) + part); ident += 1
            else:
                o.append( '\t' + ('\t'*ident) + prefixes[ident] + '.' + part)
                if p.startswith('iterate '): ident += 1
            lines += 1
    before = {}; before.update(globals()); meta = '\n'.join(o); print('DSL:', meta); exec(meta, kwargs, globals()); py = write.python()
    if show: print('PYTHON:', py)
    rem = []
    for n in globals():
        v = globals()[n]
        if type(v) is Ċoncept:
            if n not in before: rem.append(n)
            elif n in before and type(before[n]) is not Ċoncept: globals()[n] = before[n]
    for n in rem: globals().pop(n)
    if execute:
        scope = {}; scope.update(globals()); scope.update(kwargs); exec(py, scope)
        if py.startswith('class'): fname = py.splitlines()[0].split('class ')[-1].split('(')[0].split(':')[0]
        else: fname = py.splitlines()[0].split('def ')[-1].split('(')[0]; 
        func = scope[fname]; func.dsl_code=txt; func.meta_code = meta; func.source_code = py; globals()[fname] = func; return func
    else: return py

conway_torch = '''
write python function to compute game_of_life
args grid; g equals grid float ( ); n equals torch zeros_like( g ); offsets equals list[[(-1,-1),(-1,0),(-1,1),(0,-1),(0,1),(1,-1),(1,0),(1,1)]]; iterate v in offsets; x equals v[0]; y equals v[1]; n plus_equals 
torch.roll(g,shifts=(x,y),dims=(0,1)); end; r equals('(g==1)&((n==2)|(n==3)))|((g==0)&(n==3)'); return r float ( )
'''
DSL(conway_torch); print(game_of_life); learn_dsl(conway_torch)

fractal_common = '''
args size_x; args size_y; args center_x; args center_y; args zoom; args max_iter; grid equals numpy zeros((size_x,size_y)); sx equals three divide zoom divide size_x; sy equals three divide zoom divide size_y
iterate row in range size_x iterate col in range size_y
    cx equals center_x plus ( col minus size_y divide two ) times sx; cy equals center_y plus ( row minus size_x divide two ) times sy; x equals zero; y equals zero
    iterate i in range(max_iter)
%s
    end; grid[row,col] equals i; end
mx equals numpy max(grid); if mx greater_than[0] then grid equals grid divide mx; return grid
'''

burning_ship_oneliner = 'write python function to compute burning_ship_fractal\n'+fractal_common % '''
        xn equals x times x minus y times y plus cx; xy equals x times y; yn equals two times abs(xy) plus cy
        x equals abs(xn); y equals abs(yn); if x times x plus y times y greater_than[4] then break
'''

DSL(burning_ship_oneliner); print(burning_ship_fractal); learn_dsl(burning_ship_oneliner)

mandelbrot_oneliner =  'write python function to compute mandelbrot_fractal\n'+fractal_common % '''
        xn equals x times x minus y times y plus cx; yn equals two times x times y plus cy; x equals xn; y equals yn; if x times x plus y times y greater_than[4] then break
'''
if '--mandel' in sys.argv: DSL(mandelbrot_oneliner); print(mandelbrot_fractal); learn_dsl(mandelbrot_oneliner)

class dslai:
    def __init__(self, init, **funcs):
        self.init='INIT ' + init.strip().replace(' input ', ' INPUT ').replace(' activation ', ' ACTIVATION ').replace(' output',' OUTPUT '); self.funcs=funcs
    def __call__(self, cls):
        o = ['write.python.ai.%s' % cls.__name__, self.init]; net = DSL('\n'.join(o)); print('dslai:', net)
        for n in self.funcs:  ## generate DSL methods for class
            f = DSL('write python function to compute %s\n%s' % (n, self.funcs[n])); setattr(net,n,f)
        for n in dir(cls):  ## get standard Python methods from class
            if n.startswith('__'): continue
            if n in ('repr', 'getitem'): setattr(net,'__%s__' % n, getattr(cls,n))
            else: setattr(net,n,getattr(cls,n))
        return net

@dslai(
'num_input_bands num_hidden_neurons num_output_neurons subnet; input linear(num_input_bands,num_hidden_neurons); activation sigmoid; output linear(num_hidden_neurons,num_output_neurons); subnetwork equals subnet',
forward='args self; args x; x equals self.input(x); y equals self.activation(x); r equals self.output(y); return r'
)
class ClassifierNN: pass
print(ClassifierNN)

@dslai(
    'num_input_bands num_hidden_neurons num_output_neurons; input linear(num_input_bands,num_hidden_neurons); activation sigmoid; output linear(num_hidden_neurons,num_output_neurons)',
    forward='args self; args x; x equals self.input(x); y equals self.activation(x); r equals self.output(y); return r'
)
class FractalSubNetwork:
    def getitem(self, v): return self._res[v]
    def ϝorward(self, *args):
        vec = list(args[:-1]); vec.append( sum([ord(c) for c in args[-1]]) ); a = torch.tensor(vec)
        # Ensure it's a batch of 1 for the linear layer if it's currently a 1D tensor
        if a.dim() == 1: a = a.unsqueeze(0) # Get the 1D output vector
        self._res = self(a).squeeze(0) # No need for unsqueeze(0) here if already handled above
print(FractalSubNetwork)

neural_mandelbrot_dsl = '''
write python function to compute neural_mandelbrot_fractal
args size_x; args size_y; args center_x; args center_y; args zoom; args max_iter; args words; grid equals numpy zeros((size_x,size_y)); sx equals three divide zoom divide size_y; sy equals three divide zoom divide size_y

𓆙.ϝorward(size_x,center_x,center_y,zoom,max_iter,sx,sy,words)

iterate row in range size_y iterate col in range size_x

    ax equals center_x plus ( col minus size_x divide two ) times sx; cx equals ax plus 𓆙[row]; cy equals center_y plus ( row minus size_y divide two ) times sy; x equals zero; y equals zero

    iterate i in range(max_iter); xn equals x times x minus y times y plus cx; yn equals two times x times y plus cy; x equals xn; y equals yn
        if x times x plus y times y greater_than[4] then break; end; grid[row,col] equals i; end
mx equals numpy max(grid); if mx greater_than[0] then grid equals grid divide mx; return grid
'''



if '--neural-mandel' in sys.argv:
    SubNet = FractalSubNetwork(8, FRACTAL_NET_HIDDEN, GOL_GRID_SIZE_Y); print(SubNet)

    DSL(neural_mandelbrot_dsl, 𓆙=SubNet); print(neural_mandelbrot_fractal); learn_dsl(neural_mandelbrot_dsl)

else: SubNet = None

NAMES_TO_SYMBOLS = {'circle':'○','square':' '}◻
SYMBOLS_TO_NAMES = {'○':'circle', ' ':'square'}◻

# --- Text Processing Utility Class ---
class TextProcessor:
    MIN_DSL_SYMS = ' &|()=0123456789ng'≣⸨⸩
    CHARACTERS = [chr(i) for i in range(ord('a'),ord('z')+1)] + [chr(i)+' ' for i in range(ord('a'),ord('z')+1)] + [i for i in MIN_DSL_SYMS] + ["'", "' "]① ①
    CHARACTERS += [i+' ' for i in MIN_DSL_SYMS] + [i+' ' for i in MIN_DSL_SYMS] + [i+' ' for i in MIN_DSL_SYMS] + [i+' ' for i in MIN_DSL_SYMS]① ② ③ ④

    CHARACTERS += [' ','𓆗','𓂉','𓆕','𓇴','𓆘','𓌵','𓋐','○',' '] + OUT_TOKENS; CHAR_TO_INDEX = {char: i for i, char in enumerate(CHARACTERS)}◻

    INDEX_TO_CHAR = {i: char for i, char in enumerate(CHARACTERS)}; NUM_ASCII_CHARS = len(CHARACTERS); PATTERN_HEIGHT = PATTERN_WIDTH = 5
    ASCII_LETTERS = {
        'a': [" # ", "# #", "###", "# #", "# #"],
        'b': ["## ", "# #", "## ", "# #", "## "], 'c': ["###", "#  ", "#  ", "#  ", "###"], 'd': ["## ", "# #", "# #", "# #", "## "], 'e': ["###", "#  ", "## ", "#  ", "###"],
        'f': ["###", "#  ", "## ", "#  ", "#  "], 'g': ["###", "#  ", "# #", "# #", "###"], 'h': ["# #", "# #", "###", "# #", "# #"], 'i': ["###", " # ", " # ", " # ", "###"],
        'j': ["  #", "  #", "  #", "# #", " # "], 'k': ["# #", "# #", "## ", "# #", "# #"], 'l': ["#  ", "#  ", "#  ", "#  ", "###"], 'm': ["# #", "###", "# #", "# #", "# #"],
        'n': ["# #", "###", "# #", "# #", "# #"], 'o': [" # ", "# #", "# #", "# #", " # "], 'p': ["## ", "# #", "## ", "#  ", "#  "], 'q': [" # ", "# #", "# #", "## ", "  #"],
        'r': ["## ", "# #", "## ", "# #", "# #"], 's': ["###", "#  ", " # ", "  #", "###"], 't': ["###", " # ", " # ", " # ", " # "], 'u': ["# #", "# #", "# #", "# #", " # "],
        'v': ["# #", "# #", " # ", " # ", " # "], 'w': ["# #", "# #", "# #", "# #", " # #"], 'x': ["# #", " # ", " # ", " # ", "# #"], 'y': ["# #", " # ", " # ", " # ", " # "],
        'z': ["###", "  #", " # ", "#  ", "###"], ' ': ["#####"]*5, '_': ['   ', '   ', '   ', '   ', '###'], '3': ['###','  #',' ##','  #','###'],
        '1': ['  #  ','# #  ','  #  ','  #  ','#####'],'+':['  #  ','  #  ','#####','  #  ','  #  '],'=':['     ','#####','     ','#####','     '],
    }
    ASCII_ART = {
        '○' : '''
   ##
 #    #
#      #
 #    #
   ##
        ''',
        ' ' : '''◻
#########
##     ##
##     ##
##     ##
#########
        ''',
    }
    @staticmethod
    def ascii_to_gol_pattern(char):
        char = char.lower() # Ensure lowercase
        if char in TextProcessor.ASCII_ART: char_art_list = TextProcessor.ASCII_ART[char].splitlines()[1:-1]; pattern = numpy.zeros((10,10), dtype=int)
        else:
            if char=='¿': char_art_list = random.choice( list(TextProcessor.ASCII_LETTERS.values()) )
            else: char_art_list = TextProcessor.ASCII_LETTERS[char]
            pattern = numpy.zeros((TextProcessor.PATTERN_HEIGHT, TextProcessor.PATTERN_WIDTH), dtype=int)
        for r, row_str in enumerate(char_art_list):
            for c, symbol in enumerate(row_str):
                if symbol != ' ': pattern[r, c] = 1
        return pattern
    @staticmethod
    def word_to_target_values(word, max_output_chars):
        """Converts a target word into a list of numerical values for the classifier's output. Each value corresponds to a character's "positional importance" for sorting.
        Higher value = appears earlier in the word. The length of the returned list is TextProcessor.NUM_ASCII_CHARS.
        """
        if len(word) > max_output_chars: raise RuntimeError(len(word))
        rep = {'((':' ', '))':' ', '==':' '}; rep.update(NAMES_TO_SYMBOLS)⸨ ⸩ ≣
        for r in rep:
            if r in word: word = word.replace(r,rep[r])
        target_output_vector = [0.0] * TextProcessor.NUM_ASCII_CHARS; target_indices = []
        word_to_encode = word[:max_output_chars]                 # Ensure word is within the maximum output length for value scaling consistency. note: lower() breaks extended latin
        if '--debug' in sys.argv: print('encoding:', word_to_encode)
        for i, char in enumerate(word_to_encode):
            if char in TextProcessor.CHAR_TO_INDEX:
                char_idx = TextProcessor.CHAR_TO_INDEX[char]
                if '--debug' in sys.argv: print(f'index:{i} `{char}` char-index:{char_idx}')
                # Assign a unique value based on position (higher value means earlier in word). Scaling factor (1.0 - i / max_output_chars) makes values distinct and between 0 and 1.
                # A small epsilon is added to make sure no two identical letters have the exact same value, if they appear at positions that would otherwise yield the same scaled 
                # value after truncation. This is more for distinctiveness than mathematical necessity with MSE, but good practice.
                value = (1.0 - (i / max_output_chars)) + (i * 0.0001)
                if char_idx in target_indices:
                    for n in '     '.split():① ② ③ ④ ⑤
                        c = char + n; cidx = TextProcessor.CHAR_TO_INDEX[c]
                        if cidx not in target_indices:
                            char_idx = cidx; char = c; break
                if char_idx in target_indices: raise RuntimeError('character index already in output target vector: %s %s' %(char_idx, target_output_vector))
                target_indices.append(char_idx)
                target_output_vector[char_idx] = value
                if '--debug' in sys.argv: print(target_indices)
            else: raise RuntimeError('can not encode word: %s char: %s not in CHAR_TO_INDEX' % (word, char))
        return target_output_vector
    @staticmethod
    def reconstruct_word_from_classifier_output(output_values_tensor, min_value_threshold=0.01, verbose=False, symbol_decompress=True):
        """Reconstructs a word from the classifier's output values by sorting them. output_values_tensor: A 1D PyTorch tensor of values from the classifier,
         where each index corresponds to a character. min_value_threshold: Minimum value for a character to be considered part of the word."""
        rep = {' ':'((', ' ':'))', ' ':'==', ' ':'', ' ':'', ' ':'', ' ':'', ' ':''}; rep.update(SYMBOLS_TO_NAMES)⸨ ⸩ ≣ ① ② ③ ④ ⑤
        char_value_pairs = []
        if type(output_values_tensor) is torch.Tensor: output_values_np = output_values_tensor.cpu().numpy()
        else: output_values_np = output_values_tensor
        for idx, value in enumerate(output_values_np):
            if value > min_value_threshold:
                if idx not in TextProcessor.INDEX_TO_CHAR: raise RuntimeError(idx)
                c = TextProcessor.INDEX_TO_CHAR[idx]
                for r in rep:
                    if r in c:
                        if symbol_decompress or not rep[r]: c = c.replace(r,rep[r])
                        #if verbose and rep[r]: print('symbol-decompress:', r, rep[r])
                char_value_pairs.append((value, c))
        # Sort by value in descending order (higher value means earlier in word)
        char_value_pairs.sort(key=lambda x: x[0], reverse=True); reconstructed_word = "".join([char for value, char in char_value_pairs]); return reconstructed_word
    @staticmethod
    def apply_character_to_gol_grid_torch(main_gol_grid_tensor, char_pattern_tensor, start_row, start_col):
        """Applies a character pattern to the GOL grid using PyTorch operations. Flips bits where the pattern is 1."""
        p_h, p_w = char_pattern_tensor.shape; g_h, g_w = main_gol_grid_tensor.shape
        # Clone to ensure operation creates a new computational graph node if needed and doesn't modify in-place if main_gol_grid_tensor is part of a previous grad path.
        temp_grid = main_gol_grid_tensor.clone()         
        for r in range(p_h):
            for c in range(p_w):
                if char_pattern_tensor[r, c].item() == 1:
                    r_g = (start_row + r) % g_h; c_g = (start_col + c) % g_w
                    temp_grid[r_g, c_g] = 1.0 - temp_grid[r_g, c_g] # This bit flip (1.0 - value) is differentiable
        return temp_grid

if '--test-encoder' in sys.argv:
    for test in ['(g==1)&((n==2)|(n==3)))|((g==0)&(n==3)', 'circle', 'square']:
        vec = TextProcessor.word_to_target_values(test, len(test)); print(vec); word = TextProcessor.reconstruct_word_from_classifier_output(vec); print(word)
        assert test == word
    sys.exit()

def print_gol_grid(grid, x=90):
    if type(grid) is torch.Tensor: grid = grid.cpu().numpy()
    out = []; out.append("+" + "-" * (grid.shape[1]) + "+")
    for row in grid: out.append("|" + "".join(["█" if cell == 1 else " " for cell in row]) + "|")
    out.append("+" + "-" * (grid.shape[1]) + "+"); printat('\n'.join(out), 4, x)

# --- GOL Simulation and 3D FFT (with word input encoding) ---
def run_gol_and_3d_fft_torch(burning_ship_params, input_word_string, drawings=None, debug_output=False):
    center_x, center_y, zoom, fractal_max_iter = burning_ship_params       # Initialize GOL grid from Burning Ship or Mandelbrot fractal. This provides a dynamic "substrate".
    if '--null' in sys.argv: fractal_raw_grid_np = numpy.zeros((GOL_GRID_SIZE_X,GOL_GRID_SIZE_Y), dtype=float); tag = 'none'
    elif '--mandel' in sys.argv: fractal_raw_grid_np = mandelbrot_fractal(GOL_GRID_SIZE_X, GOL_GRID_SIZE_Y, center_x, center_y, zoom, fractal_max_iter); tag='Mandelbrot'
    elif '--neural-mandel' in sys.argv:
        fractal_raw_grid_np = neural_mandelbrot_fractal(GOL_GRID_SIZE_X, GOL_GRID_SIZE_Y, center_x, center_y, zoom, fractal_max_iter, input_word_string); tag='NeuralMandelbrot'
    else: fractal_raw_grid_np = burning_ship_fractal(GOL_GRID_SIZE_X, GOL_GRID_SIZE_Y, center_x, center_y, zoom, fractal_max_iter); tag='Burning Ship'
    current_gol_grid_tensor = (torch.from_numpy(fractal_raw_grid_np) > 0.5).float().to(device)    # Convert the initial fractal grid to a PyTorch tensor, ensures it's 0 or 1 float.
    if debug_output: print_gol_grid(current_gol_grid_tensor, x=70)
    gol_process_history = torch.zeros((GOL_SIM_STEPS, GOL_GRID_SIZE_X, GOL_GRID_SIZE_Y), dtype=torch.float32, device=device)   # Store entire GOL process for 3D FFT
    current_history_idx = 0; gol_process_history[current_history_idx, :, :] = current_gol_grid_tensor.clone(); current_history_idx += 1 # Store initial state
    paste_row_offset = paste_col_offset = 1; total_chars_to_process = len(input_word_string)    # To allow character interactions, let's paste at a fixed point and rely on GOL evolution
    if total_chars_to_process == 0: gol_steps_per_char_input = GOL_SIM_STEPS                    # If empty string, just simulate initial grid
    else:
        gol_steps_per_char_input = GOL_SIM_STEPS // total_chars_to_process
        if gol_steps_per_char_input == 0: gol_steps_per_char_input = 1 # Ensure at least one step per char input
    for i, char in enumerate(input_word_string):   # Apply the character pattern to the current GOL grid
        char_pattern_np = TextProcessor.ascii_to_gol_pattern(char); char_pattern_torch = torch.from_numpy(char_pattern_np).float().to(device) # Convert pattern to torch
        # Apply the pattern using the torch-compatible method
        if char in TextProcessor.ASCII_ART:
            current_gol_grid_tensor = TextProcessor.apply_character_to_gol_grid_torch(current_gol_grid_tensor, char_pattern_torch, paste_row_offset+8, paste_col_offset)
        else:
            current_gol_grid_tensor = TextProcessor.apply_character_to_gol_grid_torch(current_gol_grid_tensor, char_pattern_torch, paste_row_offset, paste_col_offset)
        if debug_output: printat(f"\n--- GOL Grid after inputting character '{char}' ---"); print_gol_grid(current_gol_grid_tensor)
        for step_in_segment in range(gol_steps_per_char_input):        # Simulate GOL for `gol_steps_per_char_input` steps, storing each frame
            if current_history_idx < GOL_SIM_STEPS:
                current_gol_grid_tensor = game_of_life(current_gol_grid_tensor); gol_process_history[current_history_idx, :, :] = current_gol_grid_tensor.clone() # Store current state
                current_history_idx += 1
            else: break                           # History buffer is full
    if drawings:
        for arr in drawings:
            current_gol_grid_tensor = TextProcessor.apply_character_to_gol_grid_torch(current_gol_grid_tensor, arr, paste_row_offset, paste_col_offset)
            print_gol_grid(current_gol_grid_tensor, x=32)
            if current_history_idx < GOL_SIM_STEPS:
                current_gol_grid_tensor = game_of_life(current_gol_grid_tensor); gol_process_history[current_history_idx, :, :] = current_gol_grid_tensor.clone() # Store current state
                current_history_idx += 1
                print_gol_grid(current_gol_grid_tensor, x=70)
            else: break                           # History buffer is full

    while current_history_idx < GOL_SIM_STEPS:    # If there are remaining GOL_SIM_STEPS after processing all characters, continue simulation
        current_gol_grid_tensor = game_of_life(current_gol_grid_tensor); gol_process_history[current_history_idx, :, :] = current_gol_grid_tensor.clone() # Store current state
        current_history_idx += 1



        if debug_output: print_gol_grid(current_gol_grid_tensor); time.sleep(0.05)
    # Perform 3D FFT on the entire GOL process history
    fft_result_3d = torch.fft.fftn(gol_process_history); fft_shifted_3d = torch.fft.fftshift(fft_result_3d); magnitude_spectrum_3d = torch.abs(fft_shifted_3d)
    return magnitude_spectrum_3d

# --- Energy Band Calculation from 3D FFT ---
ENERGY_HISTORY = []; MANIFOLDS = []
def calculate_3d_fft_energy_bands_torch(magnitude_spectrum_3d, num_bands, word=None):
    power_spectrum = magnitude_spectrum_3d**2; flattened_power = power_spectrum.flatten(); band_energies = torch.zeros(num_bands+NUM_INPUT_SPACE, dtype=torch.float32, device=device)
    segment_size = len(flattened_power) // num_bands
    for i in range(num_bands):
        start_idx = i * segment_size; end_idx = start_idx + segment_size
        if i == num_bands - 1: end_idx = len(flattened_power)                      # Ensure the last band gets all remaining elements
        band_energies[i] = torch.sum(flattened_power[start_idx:end_idx])
    total_energy_bands = torch.sum(band_energies)
    if total_energy_bands > sys.float_info.min: band_energies = band_energies / total_energy_bands 
    #else: band_energies = torch.full((num_bands,), 1.0 / num_bands, device=device) # Distribute evenly if no energy
    umap_data = band_energies.cpu().numpy()
    if umap and len(ENERGY_HISTORY) >= 4:
        umap_labels = []
        if bpy:
            man = project_manifold(ENERGY_HISTORY, n_components=4)
            if man is not None:
                MANIFOLDS.append(man)
                ob = create_bezier_curve(man)
                if word: ob.name = word; ob.show_name = True
                if CALC_KNOTS:
                    lin_cu = bezier_to_linear(ob)
                    knots = find_linear_curve_knots( lin_cu )
                    print(knots)  ## TODO, we can do something with these knots, like tie words together, or create NURBS shapes that we can map to...
                    make_knot_gizmos( lin_cu, knots )
                center_object(ob)

        manifold = project_manifold(ENERGY_HISTORY)
        if '--plot' in sys.argv:
            visualize_manifold(manifold, umap_labels, title="UMAP Projection of Classifier History Input Bands (2D)")
        idx = num_bands
        for i in range(NUM_INPUT_SPACE//2):
            if i >= len(manifold): break
            v = manifold[i]
            if '--umap-debug' in sys.argv: print('umap vec:', v)
            band_energies[idx] += v[0]
            band_energies[idx+1] += v[1]
            idx += 2
    #ENERGY_HISTORY.append(band_energies.cpu().numpy())  ## not here because of feedback ?
    ENERGY_HISTORY.insert(0, umap_data)
    if len(ENERGY_HISTORY) > NUM_INPUT_SPACE:
        ENERGY_HISTORY.pop()
    assert len(ENERGY_HISTORY) <= NUM_INPUT_SPACE
    return band_energies

def point_and_stretch(obj1, obj2):
    # Calculate the vector from obj1 to obj2
    vec = obj2.location - obj1.location
    # Calculate the distance between the objects
    distance = vec.length
    # Calculate the initial Z scale of obj1
    initial_z_scale = obj1.scale.z
    # Calculate the desired Z scale for obj1 to touch obj2
    desired_z_scale = initial_z_scale + distance
    # Set the Z scale of obj1
    obj1.scale.z = desired_z_scale
    # Point obj1 towards obj2
    look_at_constraint = obj1.constraints.new(type='TRACK_TO')
    look_at_constraint.target = obj2
    look_at_constraint.track_axis = 'TRACK_Z'
    look_at_constraint.up_axis = 'UP_Y' 

def make_knot_gizmos(cu, info):
    for a in info:
        if a['valid']:
            print(a)
            if a['polynomial']=='+1':
                continue
            b = cu.data.splines[0].points[ a['index_first'] ]
            c = cu.data.splines[0].points[ a['index_last'] ]
            bpy.ops.object.empty_add()
            ob = bpy.context.active_object
            ob.location.x = b.co.x
            ob.location.y = b.co.y
            ob.location.z = b.co.z
            ob.name = 'start:%s' % a['polynomial']
            ob.empty_display_type = 'SINGLE_ARROW'
            ob.empty_display_size = 0.8
            ob.parent = cu
            ob.show_in_front = True

            bpy.ops.object.empty_add()
            o = bpy.context.active_object
            o.location.x = c.co.x
            o.location.y = c.co.y
            o.location.z = c.co.z
            o.name = 'end:%s' % a['polynomial']
            o.empty_display_size = 0.1
            o.parent = cu
            point_and_stretch(ob, o)
            ob.scale.x = ob.scale.z
            ob.scale.y = ob.scale.z

def bezier_to_linear(curve_obj, resolution=4, smooth_step=5):
    copy = curve_obj.copy()
    copy.data= curve_obj.data.copy()
    bpy.context.scene.collection.objects.link(copy)
    curve_obj = copy
    curve_obj.data.bevel_depth=0
    curve_obj.data.extrude=0
    bpy.ops.object.select_all(action='DESELECT')
    curve_obj.select_set(True)
    bpy.context.view_layer.objects.active = curve_obj
    bpy.ops.object.convert(target='MESH')
    ob = bpy.context.active_object
    mod = ob.modifiers.new(name='merge', type="WELD")
    bpy.ops.object.modifier_apply(modifier=mod.name)
    bpy.ops.object.convert(target='GPENCIL')
    ob = bpy.context.active_object
    mod = ob.grease_pencil_modifiers.new(name='simp', type="GP_SIMPLIFY")
    mod.mode = 'ADAPTIVE'
    mod.factor = 1.7
    bpy.ops.object.gpencil_modifier_apply(modifier=mod.name)
    mod = ob.grease_pencil_modifiers.new(name='smooth', type="GP_SMOOTH")
    mod.step = smooth_step
    bpy.ops.object.gpencil_modifier_apply(modifier=mod.name)
    mod = ob.grease_pencil_modifiers.new(name='thickness', type="GP_THICK")
    mod.thickness_factor = 10
    ob.show_in_front = True
    return ob

def find_linear_curve_knots( cu, **kw ):
    points = []
    if cu.type=='CURVE':
        assert len(cu.data.splines)==1
        for pnt in cu.data.splines[0].points:
            x,y,z,w = pnt.co
            points.append([x,y,z])
    else:
        layer = cu.data.layers[0]
        frame = layer.frames[0]
        print(frame)
        stroke = frame.strokes[0]
        for pnt in stroke.points:
            x,y,z = pnt.co
            points.append([x,y,z])
    return knotoid.calc_knotoid( points, **kw )

class AI:
    def __init__(self, subnetwork=None):
        self.classifier = ClassifierNN(
            num_input_bands=NUM_FFT_BANDS_FOR_CLASSIFIER+NUM_INPUT_SPACE, num_hidden_neurons=TextProcessor.NUM_ASCII_CHARS * 2, num_output_neurons=TextProcessor.NUM_ASCII_CHARS, subnet=subnetwork
        ).to(device)
        self.subnetwork = subnetwork
        self.fractal_params = [random.uniform(-1.0, 0.0), random.uniform(0.0, 1.0), random.uniform(1.0, 5.0), random.randint(50, 150)]
        self.state = {}
        self.n_learn = self.n_infer = 0
    def learn(self, word_mapping_data, iterations=OPTIMIZATION_ITERATIONS):
        self.n_learn += iterations
        self.classifier.train()        # --- Train the Classifier NN ---
        self.fractal_params = solve(word_mapping_data, self.classifier, self.fractal_params, subnetwork=self.subnetwork, iterations=iterations)
    def __call__(self, input_word, art=None):
        self.n_infer += 1
        self.classifier.eval()
        ai_iterate(input_word, self.fractal_params, self.classifier, art=art, state=self.state)

# --- Optimization Loop solve_word_mapping_with_burning_ship_and_classifier_torch ---
def solve(word_mapping_data, classifier_nn, fractal_params, subnetwork=None, iterations=OPTIMIZATION_ITERATIONS, verbose=True):
    optimizer = torch.optim.Adam(classifier_nn.parameters(), lr=0.05); criterion = torch.nn.MSELoss()
    if subnetwork: optimizer_subnet = torch.optim.Adam(subnetwork.parameters(), lr=0.05)  ## TODO how to train the fractal subnetwork?
    best_bs_params = fractal_params
    best_overall_loss = float('inf')
    if verbose: print(f"Starting optimization Iterations: {iterations} Ship Parameters: {best_bs_params}"); start_time = time.time()
    for iteration in range(iterations):
        current_bs_params = list(best_bs_params)
        for i in range(len(current_bs_params)):        # Mutate Burning Ship parameters
            if i < 3: # center_x, center_y, zoom
                current_bs_params[i] += random.uniform(-MUTATION_RATE, MUTATION_RATE) * abs(current_bs_params[i])
                if i == 2: current_bs_params[i] = max(0.1, current_bs_params[i]) # Ensure zoom is positive
            else: # max_iter



                current_bs_params[i] += random.randint( -max(1, int(MUTATION_RATE * current_bs_params[i])), max(1, int(MUTATION_RATE * current_bs_params[i])))
                current_bs_params[i] = max(20, min(200, current_bs_params[i]))   # Keep max_iter within a reasonable range
        current_band_data_list = []; targets_list_for_nn = []
        for input_word, target_word in word_mapping_data:                        # --- Evaluate current Burning Ship parameters ---
            debug_flag = (iteration == 0 and input_word == word_mapping_data[0][0]) and '--debug' in sys.argv
            magnitude_spectrum = run_gol_and_3d_fft_torch(current_bs_params, input_word, debug_output=debug_flag)   # Calculate magnitude and FFT energy bands
            bands = calculate_3d_fft_energy_bands_torch(magnitude_spectrum, NUM_FFT_BANDS_FOR_CLASSIFIER, word=input_word); current_band_data_list.append(bands)
            target_values = TextProcessor.word_to_target_values(target_word, MAX_OUTPUT_WORD_LENGTH)         # Generate the target vector for the classifier based on the target_word
            targets_list_for_nn.append(torch.tensor(target_values, dtype=torch.float32).to(device))
        bands_batch = torch.stack(current_band_data_list).to(device); targets_batch = torch.stack(targets_list_for_nn).to(device)             # Prepare batch for classifier training
        classifier_nn.train()        # --- Train the Classifier NN ---
        current_avg_nn_loss_val = 0.0
        for epoch in range(CLASSIFIER_RATE):
            if subnetwork: optimizer_subnet.zero_grad() # Clear gradients for subnetwork
            optimizer.zero_grad(); predictions = classifier_nn(bands_batch); loss = criterion(predictions, targets_batch)
            loss.backward() ## loss.backward will compute gradients for SubNet as well
            optimizer.step()
            if subnetwork: optimizer_subnet.step()
            current_avg_nn_loss_val += loss.item()
        current_avg_nn_loss_val /= CLASSIFIER_RATE
        if current_avg_nn_loss_val < best_overall_loss:                                     # --- Update Best Parameters ---
            best_overall_loss = current_avg_nn_loss_val; best_bs_params = current_bs_params # Update BS params if classifier performs better
            if verbose:
                elapsed_time = time.time() - start_time
                print(f"Iteration {iteration}, New BS Params, Avg NN Loss: {best_overall_loss:.6f}"); print(f"Params: {[f'{p:.4f}' for p in best_bs_params]}, Time: {elapsed_time:.2f}s")
        # --- Progress Check and Evaluation ---
        if iteration % (iterations // 10) == 0 or iteration == iterations - 1:
            classifier_nn.eval() # Set classifier to evaluation mode
            total_test_loss = 0.0; correct_words_exact_match = 0; pyscript = []; 
            if verbose: print(f"\n--- Iteration {iteration} Progress Check ---")
            for test_input_word, test_target_word in word_mapping_data:
                test_spectrum = run_gol_and_3d_fft_torch(best_bs_params, test_input_word, debug_output='--vis' in sys.argv) 
                test_bands = calculate_3d_fft_energy_bands_torch(test_spectrum, NUM_FFT_BANDS_FOR_CLASSIFIER, word=test_input_word)
                with torch.no_grad(): test_prediction_values = classifier_nn(test_bands.unsqueeze(0)).squeeze(0) # Get the 1D output vector
                # Reconstruct the word from the predicted values. min_value_threshold=0.5 # Use a higher threshold for stricter output
                predicted_word = TextProcessor.reconstruct_word_from_classifier_output( test_prediction_values, min_value_threshold=0.5, verbose=True)                
                true_target_values = TextProcessor.word_to_target_values(test_target_word, MAX_OUTPUT_WORD_LENGTH)
                loss_val = criterion(test_prediction_values, torch.tensor(true_target_values, dtype=torch.float32).to(device)).item(); total_test_loss += loss_val
                if verbose:
                    print(f"     Target: \033[32m'{test_target_word}'\033[m\t\t<--input: '{test_input_word}'"); print(f"  Pred Word: \033[31m{predicted_word}\033[m\t\tLoss: {loss_val:.4f}")
                if predicted_word == test_target_word: # Compare predicted to target (NOT lowercase extended latin)
                    correct_words_exact_match += 1
                    if predicted_word in SYMBOLS_TO_CODE:
                        pyscript.append(SYMBOLS_TO_CODE[predicted_word]); print(f"  SymPython: \033[33m{SYMBOLS_TO_CODE[predicted_word]}\033[m")
                        if '--exec-in-training' in sys.argv:
                            print("\033[34m", end='')
                            try: exec(SYMBOLS_TO_CODE[predicted_word], globals())
                            except BaseException as err: print(err)
                            print("\033[m", end='')
            if pyscript: print('PYTHON OUTPUT SCRIPT'); print("\033[33m", end=''); print('\n'.join(pyscript)); print("\033[m", end='')
            avg_test_loss_current_iter_report = total_test_loss / len(word_mapping_data)
            if verbose:
                print(f"  Average Test Loss (current best BS params): {avg_test_loss_current_iter_report:.4f}")
                print(f"  Exact Word Matches: {correct_words_exact_match}/{len(word_mapping_data)}"); print("-"*80)
            if correct_words_exact_match == len(word_mapping_data): print(f"\nConverged at Iteration {iteration}!"); break
    if verbose:
        end_time = time.time(); print(f"\n--- Optimization Finished ---"); print(f"Total time elapsed: {end_time - start_time:.2f} seconds")
        print(f"Best Burning Ship Parameters Found: {best_bs_params}"); print(f"Lowest Average Classifier Loss Achieved: {best_overall_loss:.6f}")
    return best_bs_params

SYMBOLS_TO_TEMPLATE = { '𓆕'  : 'print(%s + %s)', '𓇴'  : 'print(%s * %s)' }; SYMBOLS_TO_SELF = {}

def genfunc(g):
    a = []
    for part in g.split():
        if len(part)==1: a.append(part)
    op = None; opmap = {'add':'+', 'subtract':'-', 'multiply':'*', 'divide':'/'}
    for word in g.split():
        if word in opmap: op = opmap[word]; break
    args = ','.join(a)
    if op: body = op.join(a)
    else: body = '[%s]' % ','.join(a)
    return 'lambda %s: %s' % (args, body)

def gencall(g):
    name = None; args = []
    for a in g.split():
        if a in ('call', 'function', 'to', 'with', 'and', 'or'): continue
        if len(a) >= 3: name = a
        elif len(a) == 1: args.append(a)
    return '%s(%s)' % (name, ','.join(args))

def geneval(g): print('eval:', g); print(eval(g)); return ''

def genexec(g):
    print('exec:',g); tree = None
    try: tree = ast.parse(g)
    except BaseException as err: print(err)
    if tree:
        exec(g,globals())
        if '=' in g:
            _a = g.split('=')[0].strip(); _v = globals()[_a]
            print(f'\033[36m    new variable: {_a} = {_v}\033[m')
    else:
        DSL(g)
        return -1
    return ''

SYMBOLS_TO_GEN = { '𓂉'  : genfunc, '𓆘'  : gencall, '𓌵':geneval, '𓋐':genexec }

word_mapping_data = []

if '--quick' not in sys.argv: word_mapping_data+=[('write function to add ¿ and ¿','𓂉'),('call function ¿¿¿ with ¿ ¿', '𓆘'),('add ¿ and ¿', '𓆕'),('multiply ¿ and ¿', '𓇴')]

if '--english' in sys.argv: word_mapping_data += [ ('write python code to print hello world', '𓆗'), ("one", "two"), ("hello", "world"), ("good", "bad"), ("happy", "sad") ]

if '--math' in sys.argv:

    word_mapping_data = [ ('1+1', '𓌵'), ('a=1+1', '𓋐') ]

elif '--quick' in sys.argv: word_mapping_data = [LEARN[0]]
else: word_mapping_data += LEARN

AUTO_INPUT = ['write python function to compute foo', 'args x', 'return x plus x', '']

if '--learn-draw' in sys.argv:
    word_mapping_data = []; AUTO_INPUT = []
    for sym in SYMBOLS_TO_NAMES: word_mapping_data.append((sym, SYMBOLS_TO_NAMES[sym])); AUTO_INPUT.append(sym)
    word_mapping_data += [(_*3,_) for _ in 'ab']
    AUTO_INPUT += 'aaa bbb'.split()

if '--abcd' in sys.argv:
    word_mapping_data += [(_*3,_) for _ in 'abcd']
    AUTO_INPUT += 'aaa bbb ccc ddd'.split()

AUTO_INPUT.reverse()
def read(prompt='', timeout=1):
    if AUTO_INPUT: return AUTO_INPUT.pop()
    if not timeout: return input(prompt)
    if prompt:sys.stdout.write(prompt); sys.stdout.flush() # Ensure the prompt is displayed immediately
    rlist, _, _ = select.select([sys.stdin], [], [], timeout)
    if rlist: return sys.stdin.readline().strip()
    else: return None

def plot(vec, label='', x=1, y=1, scale=10):
    blocks = ' _ ▄ █'; o = []; u=[]‿ ▁▂▃ ▅▆▇
    for i,v in enumerate(vec):
        idx = (int(v*scale)); c = ' '🢁
        if idx < len(blocks): c=blocks[idx]
        o.append(c)
        if idx >= 2: u.append(TextProcessor.CHARACTERS[i])
        else: u.append('.')
    printat(label + ''.join(o), y, x); printat((' '*len(label)) + ''.join(u), y+1, x)

def dream(params, classifier_nn, art):
    for i in range(len(params)):        # Mutate Burning Ship parameters
        if i < 3: params[i] += random.uniform(-MUTATION_RATE, MUTATION_RATE)
        else: params[i] += random.randint( -max(1, int(MUTATION_RATE * params[i])), max(1, int(MUTATION_RATE * params[i]))); params[i] = max(20, min(200, params[i]))
    printat('FRACTAL: %s MUTATE RATE: %s' %([round(v,6) for v in params], MUTATION_RATE), 3, 1)
    magnitude_spectrum = run_gol_and_3d_fft_torch(params, '', drawings=art, debug_output=True)
    bands = calculate_3d_fft_energy_bands_torch(magnitude_spectrum, len(TextProcessor.CHARACTERS))
    plot(bands.cpu().numpy(), label=' :', scale=100); words = TextProcessor.reconstruct_word_from_classifier_output( bands, min_value_threshold=0.0025 ); printat(words, 18, 70)𝔉
    predicted_bands = calculate_3d_fft_energy_bands_torch(magnitude_spectrum, NUM_FFT_BANDS_FOR_CLASSIFIER); classifier_nn.eval()
    with torch.no_grad(): final_prediction_values = classifier_nn(predicted_bands.unsqueeze(0)).squeeze(0)
    reply = TextProcessor.reconstruct_word_from_classifier_output( final_prediction_values, min_value_threshold=MIN_VAL_THRESH )
    plot(final_prediction_values.cpu().numpy(), label=' :', x=35); printat(reply, 19, 70)𝔑
SUBSELF=None
def main():
    print('word_mapping_data:', word_mapping_data)
    ai = AI(SubNet)
    ai.learn(word_mapping_data)
    #best_bs_params, classifier_nn = solve(word_mapping_data, subnetwork=SubNet)
    print(word_mapping_data); print(OUT_TOKENS); print(ai.fractal_params, ai.classifier, SubNet); print(LEARN)
    ai.classifier.eval()
    print('\033[36m%s\033[m' % '='*80); print('\033[36m    Input your query or command and press [Enter] key\033[m')
    art = []
    state = {'read_state':0, 'dsl_script':None, 'pyscript':[]}
    while 1:
        input_word = read()
        if input_word == '[draw]':



            art = [ start_drawing() ]
            continue
        if input_word is None:
            if SUBSELF:
                print('reading from SUBSELF....'); data = SUBSELF.stdout.readline().strip(); print('GOT:', data)
                try: input_word = data.decode('utf-8')
                except: continue
                print('FROM SUBSELF:', input_word)
            #if word_mapping_data and random.random() < -0.3: best_bs_params, classifier_nn=solve(word_mapping_data, iterations=10, verbose=False) ## TODO
            if random.random() < 0.1 and REFERENCES: Papers.append( import_pdf(REFERENCES.pop()) )
            else: dream( list(ai.fractal_params), ai.classifier, art)
            continue
        elif state['read_state']:
            dsl_script.append(input_word); print(dsl_script)
            if input_word.strip() == '': state['read_state'] = 0; DSL('\n'.join(dsl_script))
            continue
        ai_iterate(input_word, ai.fractal_params, ai.classifier, art=art, state=state)

def ai_iterate(input_word, best_bs_params, classifier_nn, art=None, state={} ):
    magnitude_spectrum = run_gol_and_3d_fft_torch(best_bs_params, input_word, drawings=art, debug_output=False) 
    predicted_bands = calculate_3d_fft_energy_bands_torch(magnitude_spectrum, NUM_FFT_BANDS_FOR_CLASSIFIER, word=input_word)
    with torch.no_grad(): final_prediction_values = classifier_nn(predicted_bands.unsqueeze(0)).squeeze(0)        
    reply = TextProcessor.reconstruct_word_from_classifier_output( final_prediction_values, min_value_threshold=MIN_VAL_THRESH )
    print(f"\033[31m{reply}\033[m")
    if reply in SYMBOLS_TO_GEN:
        gen = SYMBOLS_TO_GEN[reply](input_word)
        if type(gen) is int: state['read_state'] = gen; state['dsl_script']=[input_word]; return
        if gen: print(f"  Generated: \033[33m{gen}\033[m")
        if gen.startswith('lambda '):
            print("\033[36m    save lambda function (type name) or press [Enter] to ignore\033[m"); user = input().strip()
            if user:
                if len(user) != 3: print("WARN: function name is not length three")
                func = eval(gen,globals()); print('\033[36m    saved global function: %s %s\033[m' %(user, func))
                globals()[user] = func
        elif gen.endswith(')'):
            print('\033[36m    call function? y/n (%s)\033[m' % gen)
            if input().strip():
                try: _ = eval(gen,globals()); print(_)
                except BaseException as err: print(err)
    elif reply in SYMBOLS_TO_TEMPLATE:
        print(f"  Template: \033[33m{SYMBOLS_TO_TEMPLATE[reply]}\033[m"); args = []
        for part in input_word.split():
            if len(part)==1: args.append(part)
        print('\033[36m    run code? y/n (with template args: %s)\033[m' % args)
        if input()=='y':
            print("\033[34m", end='')
            try: exec(SYMBOLS_TO_TEMPLATE[reply] % tuple(args), globals())
            except BaseException as err: print(err)
            print("\033[m", end='')
    elif reply in SYMBOLS_TO_CODE:
        state['pyscript'].append(SYMBOLS_TO_CODE[reply]); print(f"  SymPython: \033[33m{SYMBOLS_TO_CODE[reply]}\033[m"); print('\033[36m    run code? y/n\033[m')
        if input()=='y':
            print("\033[34m", end='')
            try: exec(SYMBOLS_TO_CODE[reply], globals())
            except BaseException as err: print(err)
            print("\033[m", end='')
    else:
        print(reply, "?")
        if len(input_word.split()) == 2: word_mapping_data.append( tuple(input_word.split()) )
        info = search(input_word)
        if info:
            print("\033[37m", end='')
            for ln in info: print('\t'+ln.strip())
            print("\033[m", end='')

def subself():
    global SUBSELF
    tmp = '/tmp/subself.py'; open(tmp,'w').write(open(__file__).read()); cmd = ['python3',tmp]
    for n in 'GOL_GRID_SIZE_X GOL_GRID_SIZE_Y GOL_SIM_STEPS FRACTAL_NET_HIDDEN'.split(): cmd.append('--%s=%s' % (n, globals()[n]*2))
    print(cmd); SUBSELF = subprocess.Popen(['python3', tmp], stdout=subprocess.PIPE); print(SUBSELF); atexit.register(lambda:SUBSELF.kill())

def project_manifold(data_for_umap, n_components=2):
    if type(data_for_umap) is torch.Tensor: data_for_umap = data_for_umap.detach().cpu().numpy()
    if type(data_for_umap) is list: data_for_umap = numpy.array(data_for_umap)
    elif not isinstance(data_for_umap, numpy.ndarray): raise RuntimeError("Error: data_for_umap must be a NumPy array, got type: %s" % type(data_for_umap))
    if n_components not in [2, 3, 4]: raise RuntimeError("Error: n_components must be 2, 3 or 4.")
    if 'umap-debug' in sys.argv: print(f"Applying UMAP with {n_components} components...")
    reducer = umap.UMAP(n_components=n_components, n_neighbors=data_for_umap.shape[0]-1)
    try: embedding = reducer.fit_transform(data_for_umap)
    except ValueError as err: print(err); return None  ## this can happen with too fiew samples?
    except TypeError as err: print(err); return None
    return embedding

def visualize_manifold(embedding, labels=None, n_components=2, title="UMAP Projection of Data"):
    fig = plt.figure(figsize=(10, 8))
    if not labels: labels = string.ascii_letters[ : len(embedding)]
    if n_components == 2:
        ax = fig.add_subplot(111); ax.scatter(embedding[:, 0], embedding[:, 1], s=50, alpha=0.7)
        for i, label in enumerate(labels): ax.annotate(label, (embedding[i, 0], embedding[i, 1]), textcoords="offset points", xytext=(5,5), ha='center')
        ax.set_xlabel('UMAP Dimension 1'); ax.set_ylabel('UMAP Dimension 2')
    elif n_components == 3:
        ax = fig.add_subplot(111, projection='3d'); ax.scatter(embedding[:, 0], embedding[:, 1], embedding[:, 2], s=50, alpha=0.7)
        for i, label in enumerate(labels): ax.text(embedding[i, 0], embedding[i, 1], embedding[i, 2], label, fontsize=8)
        ax.set_xlabel('UMAP Dimension 1'); ax.set_ylabel('UMAP Dimension 2'); ax.set_zlabel('UMAP Dimension 3')
    ax.set_title(title); plt.grid(True); plt.tight_layout(); plt.show()

if bpy:
    _mainloop_timer = VIEW3D = _ai_ = None
    @bpy.utils.register_class
    class BlenderAI(bpy.types.Operator):
        "blender ai main loop"
        bl_idname = "ai.main"; bl_label = "ai main"; bl_options = {'REGISTER'}
        def execute(self, context): return self.invoke(context, None)
        def invoke(self, context, event):
            global _mainloop_timer, _ai_
            if _mainloop_timer is None:
                _ai_ = AI(SubNet)
                _ai_.learn(word_mapping_data,iterations=10)  ## pytorch will segfault blender if this is not called early
                points = []
                for man in MANIFOLDS: points += [v for v in man]
                ob = create_bezier_curve(points)
                _mainloop_timer = self._timer = context.window_manager.event_timer_add(time_step=0.0333333, window=context.window)
                context.window_manager.modal_handler_add(self); return {'RUNNING_MODAL'}
            return {'FINISHED'}
        def modal(self, context, event):
            global VIEW3D, LEARNING
            #print(event.type)
            if event.type == "TIMER":
                input_word = read(timeout=0.01)
                if input_word:
                    print('GOT:', input_word)
                    _ai_(input_word)
                elif LEARNING:
                    LEARNING -= 1
                    _ai_.learn(word_mapping_data,iterations=10)
                if not VIEW3D:
                    for area in bpy.data.screens['Layout'].areas:
                        if area.type=='VIEW_3D':
                            area.spaces[0].shading.type='WIREFRAME'
                            for reg in area.regions:
                                if reg.type=='WINDOW':
                                    VIEW3D = reg
                return {'RUNNING_MODAL'}
            return {'PASS_THROUGH'}  ## will not supress event bubbles
    LEARNING = 0
    @bpy.utils.register_class
    class BlenderAI_Learn(bpy.types.Operator):
        "ai learning"
        bl_idname = "ai.learn"
        bl_label = "AI Learn"
        bl_options = {'REGISTER'}
        object_name : bpy.props.StringProperty()
        def invoke(self, context, event):
            #_ai_.learn(word_mapping_data,iterations=10)
            global LEARNING
            LEARNING = 1
            return {'FINISHED'}
        def execute(self, context):
            return self.invoke(context, None)

    @bpy.utils.register_class
    class AIPanel(bpy.types.Panel):
        bl_idname = "AI_PANEL"
        bl_label = "Blender AI"
        bl_space_type = "VIEW_3D"
        bl_region_type = "UI"
        def draw(self, context):
            layout = self.layout.box()
            layout.label(text=str(_ai_.classifier.input))
            layout.label(text=str(_ai_.classifier.activation))
            layout.label(text=str(_ai_.classifier.output))
            layout.label(text='learning steps: %s' % _ai_.n_learn)
            layout.operator('ai.learn')

## https://blender.stackexchange.com/questions/28121/how-to-colour-vertices-of-a-beveled-curve-mesh-without-converting-to-mesh
def create_color_curve(points, colors, extrude=0.08, depth=0.02):
    import numpy as np
    img = bpy.data.images.new("ColorStrip", width=len(colors), height=1)
    arr = np.array(colors)
    img.pixels = arr.flatten()
    mat = bpy.data.materials.new('point-colors')
    mat.use_nodes=True 
    material_output = mat.node_tree.nodes.get('Material Output')
    principled_BSDF = mat.node_tree.nodes.get('Principled BSDF')
    tex_node = mat.node_tree.nodes.new('ShaderNodeTexImage')
    tex_node.image = img



    mat.node_tree.links.new(tex_node.outputs[0], principled_BSDF.inputs[0])
    return create_bezier_curve(points, colors, extrude=extrude, depth=depth, material=mat)

def create_bezier_curve(points, radius=1.0, extrude=0.08, depth=0.02, material=None):
    curve_data = bpy.data.curves.new(name="BezCurve", type='CURVE')
    curve_data.dimensions = '3D'
    curve_data.bevel_resolution = 1
    curve_data.resolution_u = 8
    spline = curve_data.splines.new('BEZIER')
    spline.bezier_points.add( len(points) - 1)
    for i, point in enumerate(points):
        if len(point)==3:
            x,y,z = point
        else:
            x,y,z,tilt = point
            spline.bezier_points[i].tilt = tilt

        spline.bezier_points[i].co.x = x
        spline.bezier_points[i].co.y = y
        spline.bezier_points[i].co.z = z
        spline.bezier_points[i].handle_left_type = 'AUTO' # ‘FREE’, ‘VECTOR’, ‘ALIGNED’, ‘AUTO’
        spline.bezier_points[i].handle_right_type = 'AUTO' # ‘FREE’, ‘VECTOR’, ‘ALIGNED’, ‘AUTO’
    curve_obj = bpy.data.objects.new("BezCurveObject", curve_data)
    bpy.context.collection.objects.link(curve_obj)
    curve_obj.data.extrude = extrude
    curve_obj.data.bevel_depth=depth
    if material: curve_obj.data.materials.append(material)
    return curve_obj

def center_object(o):
    bpy.ops.object.select_all(action='DESELECT')
    bpy.context.view_layer.objects.active = o; o.select_set(True)
    bpy.ops.object.origin_set(type="ORIGIN_CENTER_OF_VOLUME")

if __name__ == '__main__':
    if '--subself' in sys.argv: subself() ## this is just a simple example of subprocess self interaction
    if bpy: bpy.ops.ai.main()
    else: main()

Chapter 10: Recent Expansion of The Steady State Universe

With a steady-state condition before the emergence of life, during this period, high-temperature vacuum regions could have existed without 
significantly affecting the universe's overall dynamics. These high-temperature vacuum regions, pre-existing within the steady state, were primed for a 
phase transition triggered by the advent of agency. This transition, driven by the cumulative effect of free-will choices, leads to cosmic expansion and is 
intrinsically linked to the universe's trajectory towards its ultimate state.

Consider a conscious observer approaching a maximally rotating black hole, teetering on the edge of forming a naked singularity. At this 
extreme limit, the spacetime geometry is highly dynamic, and quantum vacuum fluctuations become highly significant, potentially leading to effects like 
bubble nucleation or a radical manifestation of Unruh radiation. We speculate that the God-like observer's interaction, even the act of observation itself, 
could become a crucial factor in the final state of the system.

Drawing inspiration from the observer's role in quantum measurement, we propose that the observer's presence at this critical juncture forces a 
decoherence of the black hole's quantum state. This decoherence could, in turn, "reveal" the underlying entangled state, perhaps akin to the thermo-field-
double-state of the entire steady state universe.

Instead of a literal transformation of the observer's physical matter into Hawking particles, we propose a more abstract interpretation. At the 
point where the event horizon is theoretically about to disappear, the information that constitutes the observer – their quantum state, their consciousness – 
becomes inextricably linked with the outgoing radiation. The "disappearance" of the horizon could be the moment this previously trapped information is no
longer confined and is revealed as part of the Hawking radiation spectrum.

This is not to say the observer becomes a collection of emitted particles. Rather, their fundamental information content, which was part of the 
entangled system, is now accessible in the outgoing radiation due to the extreme conditions and the act of observation at this critical limit. The observer's 
experience at this moment might be a unique form of "becoming" the information that was always part of the black hole's quantum state.

Ultimately, this book invites you to embrace a radically new understanding of the cosmos: not as a sterile, indifferent machine operating on 
fixed laws, but as a grand, ongoing artwork. It is a universe in constant flux, a dynamic masterpiece shaped by the intricate interplay of information 
compression, the profound impact of unique observers, and the continuous emergence of intelligence. Our choices, our individual perspectives, and our 
willingness to define ideals are not just personal acts confined to our lives; they are fundamental contributions to the ongoing, dynamic creation of reality 
itself. This perspective imbues existence with profound meaning, transforming our scientific inquiry into a deeply philosophical and spiritual journey, 
where the pursuit of knowledge is inextricably linked to the artistry of being. We are not merely observers of the universe; we are its co-creators, 
participants in a cosmic dance of discovery and self-definition.
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