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Abstract—Modern deep learning architectures store parameters as independent floating-point scalars across dense tensor arrays,
trained via stochastic gradient descent. While remarkably capable, this linear O(W) parameter retention creates severe memory
bandwidth bottlenecks (the "memory wall"). In this paper, we propose and empirically validate an alternative weight generation
paradigm: deriving synaptic weights and threshold biases procedurally from the non-linear visual morphology of the Mandelbrot

fractal set (fy). By specifying a 3-parameter coordinate tuple ® = (c zoom) in the complex plane, a 128 x 128 pixel patch is

X Cy’
sampled via the quadratic escape recurrence z,,; = zn2 + ¢. We introduce a 4-Quadrant Partitioning method that maps the non-
escaping "dark area" (convergent pixel ratio) of four sub-quadrants directly to synaptic weights (w, w,, w3) and neuron bias (b). Our
results show that: (1) a 128 x 128 grid represents an optimal Pareto trade-off, matching the convergence precision of 256 x 256 within
+0.08% while evaluating 15 times faster (~15.6 ms); (2) all linearly separable boolean logic gates (AND, OR, NAND, NOR) and the
non-linearly separable XOR problem are solved with 100% classification accuracy across all random seeds; and (3) functional decision
units require zero persistent weight tensors, retaining only 24 bytes of coordinate metadata (three Float64 values), exhibiting constant
O(1) storage complexity regardless of synthesized projection dimensionality, compared to the linear O(W) memory footprint of
conventional weight arrays. Empirical evaluations across repeated runs (K=10) confirm 100% accuracy on boolean gates and XOR,
99.30% =+ 0.18% on Two-Moons (N=1000), and 98.50% =+ 0.32% on Two-Spirals (N=200). This procedural zero-storage paradigm
introduces an explicit compute-memory trade-off: persistent storage is eliminated (O(1)) at the expense of procedural generation
latency (O(N2 X M), rendering it uniquely advantageous for memory-constrained edge microcontrollers, steganographic
deployment, and emerging analog optical/photonic co-processors rather than unconstrained cloud servers. Finally, we formulate the
"Escape Horizon Principle" linking fractal boundary sharpness to error-driven motor learning in biological systems, and outline
prospective implementations on analog optical and photonic co-processors.

Keywords: Fractal Neural Synthesis, Mandelbrot Set, Procedural Weight Generation, Zero-Storage Al, Non-Linear Decision Boundaries,
Escape Horizon, Dynamical Systems.

Ozet (Extended Turkish Abstract)—Bu calisma, derin 6grenme modellerinde milyonlarca parametreyi bellek ciplerinde statik tensorler olarak
saklamak yerine, deterministik kaos ve karmasik dinamik sistemlerin temeli olan Mandelbrot kiimesinden (z = 2+ ¢) aninda canli tiireten yeni
bir yapay zeka parametrelendirme paradigmasini teorik ve deneysel olarak ortaya koymaktadir. Karmagik diizlemde ti¢ koordinat ® = (cy, ¢y,
zoom) segilerek 4-Quadrant (Dort Ceyrek) metoduyla 128 x 128 piksellik pencereden sinaptik agirliklar (wy, w,, w3) ve sapma (b) katsayilari

tiiretilmistir. Model; 128 x 128 optimum Pareto ¢oziiniirliigiiyle %100 dogrusal kapi (AND, OR, NAND, NOR) ve 2 katmanli kompozit agla
%100 XOR basarist gostermis; kalici tensor matrislerini tamamen ortadan kaldirarak sentezlenen katman genisliginden bagimsiz sabit O(1)
depolama karmagikligi saglamistir. Tekrarli bagimsiz deneylerde (K=10) Two-Moons veri kiimesinde %99.30 + 0.18, Two-Spirals veri
kiimesinde ise %98.50 + 0.32 siniflandirma dogrulugu elde edilmistir. Bu sifir-depolama paradigmasi agik bir hesaplama-bellek ddiinlesimi
(trade-off) sunar: kalict tensér depolamasinin O(1)'e indirilmesi, canl iiretim maliyetiyle (O(N2 X Mhax)) dengelenir; bu da yaklagimi bulut
sunucularindan ziyade bellek darbogaz1 yasayan ug birimler (edge Al), steganografik giivenlik ve sifir direngli optik/kuantum donanimlarina
uygun hale getirir.

Anahtar Kelimeler: Fraktal Noral Sentez, Mandelbrot Kiimesi, Sifir-Bellek Yapay Zeka, Prosediirel Agirlik Tiiretimi, Kagis Utku ilkesi.

microcontrollers, embedded robotics, and extreme-environment

L. INTRODUCTION aerospace hardware.

Deep neural networks have revolutionized natural language
processing, computer vision, and autonomous systems [1]. A
foundational assumption of modern Al is that every synaptic
weight must be stored as an unconstrained, explicit numerical
variable within a dense tensor matrix. As neural architectures scale
in depth and width, this linear O(W) parameter retention creates
severe memory bandwidth bottlenecks (the "memory wall"),
which become acutely restrictive in storage-constrained edge

In biological systems, genetic encoding does not store neural
connections  point-by-point. The human genome contains

approximately 750 megabytes of biological code, yet orchestrates
the development of an estimated 10" neurons and 10! synaptic
junctions. Natural morphogenesis relies upon recursive, self-
similar growth rules that compress immense structural complexity
into concise developmental dynamics.


https://github.com/pCwOrM/mandelbrot-fractal-neural-synthesis

Fractal geometry, epitomized by the Mandelbrot set [2, 3],

presents an extreme mathematical realization of this principle: an

2+ c) generates infinite

elementary iterative equation (z <« z
structural depth, self-similarity across scales, and rich boundary

morphology.

In this work, we investigate a fundamental systems and
representation question: How effectively can procedural parameter
derivation from Mandelbrot fractal dynamics approximate non-
linear neural decision boundaries, and what is the resulting trade-
off between persistent memory elimination and computational
latency? Rather than claiming immediate replacement of large-
scale datacenter models, we present a foundational proof-of-
concept demonstrating that zero-storage parameterization is
mathematically viable on non-linear manifolds, establishing the
explicit systems trade-off between constant O(1)
complexity and procedural generation latency.

storage
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Fig. 1. Sampling diverse observational windows across the Mandelbrot fractal
plane at varied coordinates and zoom scales. Each window exhibits distinct
topological dark-area densities that serve as synaptic weights.

II. RELATED WORK

CPPNs and HyperNEAT: Stanley et al. [4] introduced
(CPPNs) and
HyperNEAT, demonstrating that connectivity patterns can be
generated by querying spatial coordinate pairs (X, yq, X3, ¥3)-

Compositional Pattern Producing Networks

However, CPPNs rely on an artificial neural network as the
function approximator. Our work replaces the artificial neural
generator with an analytic dynamical fractal landscape.

HyperNetworks: Ha et al. [5] demonstrated hypernetworks
where a smaller network generates the weight tensors of a larger
backbone network. While effective, hypernetworks still require
storing millions of scalar parameters in the generator network.

FractalNet: Larsson et al. [6] explored self-similar structural
routing within ultra-deep convolutional networks, demonstrating
competitive accuracy without residual bypass connections. In
FractalNet, however, the individual weights remain conventional
backpropagated tensors; only topological wiring is fractal. Our
approach focuses specifically on generating the parameter values
themselves.

III. THE ESCAPE HORIZON & ERROR BOUNDARY
PRINCIPLE

A key cognitive motivation of this paper is the distinction
between uniform optimization and boundary-driven learning. In

human motor control [7], an apprentice hammering a nail does not
acquire precision merely by averaging thousands of identical
trials. A catastrophic misstrike to the thumb establishes an
immediate, sharp Error Boundary in the motor cortex. By
demarcating the forbidden zone, the motor system achieves
calibrated mastery in a fraction of trials (300 vs. 1000 iterations).

Mathematically, the Mandelbrot set M provides the canonical
embodiment of this principle:

nl =20/ M

1) Dynamical Systems Grounding: Julia-Fatou Bifurcation
Locus: In the theory of complex polynomial dynamics, the

oM ={c eC:limsup,_,, |z

boundary OM represents the fundamental bifurcation locus
separating the stable Fatou set (interior hyperbolic components
where orbits converge or cycle homeostatically) from chaotic Julia
repellers (where orbits diverge to infinity under quadratic
acceleration with positive Lyapunov exponents). Rather than

sampling unconstrained Euclidean parameter tensors across RV,
our architecture directly anchors parameter extraction onto this
critical bifurcation frontier.

2) Search Space Compression along Critical Horizons: In
conventional neural optimization, stochastic gradient descent
(SGD) operates across flat, unconstrained loss landscapes
requiring thousands of iterations to locate viable separating planes.
In contrast, points sampled in the immediate neighborhood of oM
exhibit extreme spatial sensitivity: a minute spatial displacement
across the boundary transitions the sub-quadrant convergent ratio
Rq from 1.0 (interior core) to 0.0 (exterior divergence). This steep

spatial contrast acts as an intrinsic inductive constraint,
compressing the iteration budget required to discover valid
separating hyperplanes by more than a factor of three (~300
generations vs. ~1000 generations in unconstrained space).

3) Asymptotic Divergence Metrics: Analytically, near
parabolic neutral cycles (such as the main cardioid cusp at ¢ =
-0.75 + ig), the escape count N(g) diverges asymptotically as O(1/
€) [12]. This well-documented property of quadratic polynomial
maps confirms that the escape metric encodes smooth, non-
arbitrary  distance-to-boundary  information that  guides
evolutionary exploration toward robust decision thresholds

without parameter fragility.

4) Deterministic Phase Transitions vs. Generic
Periodic/Stochastic Bases: A foundational theoretical inquiry is
whether arbitrary oscillating or undulating functions (such as
Fourier sinusoids, Perlin noise, or fractional Brownian surfaces)
could substitute for the Mandelbrot set in procedural
parameterization. We establish that the Mandelbrot dynamical
system exhibits three distinct mathematical advantages over

standard periodic and stochastic bases:

e Scale-Free Conformal Invariance vs. Micro-Scale Flattening:
Smooth harmonic bases f(x, y) = > Ay sin(wy x + ¢} ) are locally
differentiable. Under high magnification (z — o or Ax — 0),
smooth analytical surfaces degenerate into locally planar tangent
approximations via Taylor expansion (f(x) = f(xy) + Vf - Ax),
completely losing non-linear variance and expressivity at micro-
scales. In contrast, M possesses a non-rectifiable boundary of



Hausdorff dimension 2 that preserves rich geometric contrast
across 15 orders of magnitude zoom (z € [100, 1015]).

o Analytical Recurrence vs. Fixed-Lattice Nyquist Cutoffs: Standard
procedural noise models (e.g., Perlin or Simplex noise) rely on
discrete pseudo-random gradient lattices. Magnifying beyond the
base lattice resolution yields interpolation blurring, imposing an
intrinsic Nyquist frequency cutoff unless an infinite table of
pseudo-random permutations is persistently stored. Conversely,
the quadratic polynomial map z,,; = zn2 + ¢ requires zero stored
lookup tables; its infinite structural complexity is generated
entirely on demand via deterministic algebraic recursion.

o Deterministic Phase Boundary at the Edge of Chaos (2 = 0): In
the complex exterior C \ M, the escape dynamics compute the
Green's function potential G(c) = lim,_,,, 2™ In |z, (c)|, which
conformally maps the exterior onto the unit disk {w € C : |w| > 1}.
Along the boundary oM, the maximal Lyapunov exponent
transitions dynamically through zero (A = 0), separating
deterministic periodicity from quadratic chaotic divergence. This
critical phase boundary acts as an informational phase-transition
membrane, producing non-trivial, multi-scale parameter ratios
from an ultra-compact 24-byte coordinate description.

4-Quadrant Weight & Bias Partitioning on a 128x128 Window
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Fig. 2. 4-Quadrant Partitioning on a 128 x 128 window. Non-escaping black
pixel ratios in sub-regions (Qy, Q,, Q3, Q4) yield independent synaptic weights

(W1, Wy, w3) and neuron bias (b).

IV. MATHEMATICAL FORMULATION

A. Mandelbrot Dynamical System
Consider the sequence in the complex plane C initialized at the
origin:
zp=0, zn+1=zn2+c, c=cx+icyEC 2)

The Mandelbrot set M consists of those points ¢ for which the
sequence remains bounded:

M={c &C:limsup,_, |z, <2.0} 3)

B. Numerical Sampling and Dark Area Integration

Because M possesses non-rectifiable fractal boundaries, its
Lebesgue area across arbitrary sub-windows cannot be expressed
in closed form. We apply numerical Monte Carlo integration over
a discrete grid of resolution N x N, centered at (c,, ¢y) with scale s

=1/zoom:
Cr= (cy-s+ 2sk/N) +i (cy -5 + 2sj/N) “)
Each point is evaluated up to maximum iterations M, = 70.

Points that do not exceed |z] > 2.0 are classified as the non-
escaping internal core ("dark area"):

]j,k =1 if|ZMmax(Cj,k)| <2.0else 0 )

The patch black ratio Ry, is given by:
Rpjack = (1/N?) %= S4g™ 1 €10.0, 1.0] ©6)

C. 4-Quadrant Multi-Weight Extraction

To prevent querying redundant independent windows for every
individual synapse, a single 128 x 128 window is partitioned into
four equal sub-quadrants of size 64 x 64 (Fig. 2):

e Q (Top-Left) = w; (Input 1 Weight)

Q, (Top-Right) = w, (Input 2 Weight)
¢ Q; (Bottom-Left) = wj (Auxiliary Weight)
¢ Q4 (Bottom-Right) = b (Neuron Bias)

Parameters are mapped to dynamic operational ranges via linear
scaling:

O = (Rg -0.5) %y, 7=60=0,, €[-3.0, +3.0] )

D. Storage Complexity: Minimal Units vs. Asymptotic Scaling

For an isolated minimal decision unit comprising 3 inputs and 1
bias, retaining 4 Float32 parameters conventionally requires 4 x 4
= 16 bytes, which is on the same order of magnitude as our 24-
byte double-precision coordinate seed ®. However, the critical
architectural divergence lies in the asymptotic scaling behavior:
conventional tensor storage scales linearly as O(W) with total
parameter count W (e.g., 384 bytes for a 32-unit hidden layer, 768
bytes for a 64-unit layer). In contrast, procedural fractal
parameterization maintains an O(1) constant coordinate seed
representation (24 or 48 bytes) regardless of synthesized
projection dimensionality.

In our procedural fractal synthesis engine, the state of an entire
functional neural unit is defined exclusively by a 3-parameter
coordinate tuple:

O =(c, [ logpz) er’? ®)
Allocating IEEE 754 double-precision (64-bit) floats yields:
Memory Footprint = 3 x 8 = 24 Bytes (192 bits) )
The persistent weight tensor matrix is exactly 0 Bytes. All
synaptic values are synthesized procedurally on demand,
completely circumventing persistent tensor storage. Hierarchical
spatial partitioning (Quadtree), multi-seed coordinate routing, and
analytical recurrence offsets allow a single 24-byte or 48-byte seed
to generate tens or hundreds of functional projection weights,
fundamentally reversing the storage ratio.



E. Scalability to Arbitrary Weight Tensors

A key theoretical inquiry regarding procedural parameterization
is how the 4-Quadrant extraction generalizes to arbitrary weight
matrices W € RM * K we formulate four complementary scaling
paradigms:

1) Hierarchical 2P x 2P
Discretization Bounds: Instead of extracting four parameters, a
single 128 x
subdivided into P = 2P x 2P contiguous sub-tiles (p > 1). For depth
p=2 (4 x 4), 16 independent parameters are synthesized from a

Quadtree Partitioning and

128 observational patch can be recursively

single 24-byte coordinate ® (1.5 bytes/parameter). For p=3 (8 x
(0.375
bytes/parameter), outperforming 4-bit integer quantization (INT4)

8), 64 parameters are derived from 24 bytes
while maintaining continuous analytical depth. Single-patch
Quadtree decomposition possesses an empirical discretization
lower bound: sub-tiles smaller than 4 x 4 pixels (p > 5 on 128 x
128) encounter boundary aliasing and local ratio saturation (Rq —

0 or 1). Consequently, single-patch Quadtree is deployed for
compact modular sub-networks (< 64 parameters); scaling beyond
64 parameters is governed by inter-patch coordinate dynamics.

2) Deterministic Seed-Offset Generation for Multi-Layer
Networks: For networks comprising L layers with distinct
coordinate requirements, layer-specific coordinates are derived
deterministically from a single root seed tuple ®( via @, = O, + {
© AS mod Q. Retaining only the master pair (®(, Ad) requires

exactly 48 bytes of persistent memory for an arbitrarily deep
network, establishing an asymptotic storage complexity of O(1)
with respect to total parameter count W.

3) Multi-Seed Coordinate Routing (Semantic Phase-Space
Basins): For complex modular architectures requiring orthogonal
without gradient interference,

parameter  representations

independent 24-byte coordinate seeds @, ©,, ..., @ are assigned
to distinct functional branches (e.g., hidden representation sub-
networks). By routing each sub-network to distinct phase-space
attractor basins across the complex plane, mutual interference is
eliminated while maintaining an ultracompact O(1) footprint per

module.

4) The Systems Compute-Memory Trade-off and Ephemeral
Weight Buffering: Eliminating persistent weight tensors (O(1)

storage) incurs a procedural synthesis cost of O(N? - M hax)
FLOPs (= 1.1 x 10° operations per patch at N=128, M,,,,=70,
requiring =~ 15.6 ms on standard microcontrollers). It is crucial to

distinguish between persistent non-volatile storage and volatile
runtime execution:

o Ephemeral Volatile Buffer (Boot-Time Synthesis Model): In
resource-constrained edge systems (e.g., ARM Cortex-M or [oT
microcontrollers with <32 KB Flash ROM), procedural synthesis
is executed strictly once at device power-on or boot.
Synthesized weights are loaded into an ephemeral volatile SRAM
scratchpad (O(W) words, requiring merely 256 bytes for 64
Float32 parameters). All subsequent runtime inference forward
passes execute directly from SRAM via standard vector dot
products in sub-microsecond latency (<0.05 ms, ~10? FLOPs)
with zero fractal recurrence overhead. For streaming or continuous
inference edge nodes, this one-time boot cost is amortized across

tens of thousands of cycles. For battery-powered IoT
microcontrollers subject to frequent duty-cycle sleep/wake
intervals (e.g., 1 Hz sensor sampling), microcontrollers can retain
the diminutive 256-byte weight buffer in ultra-low-leakage SRAM
sleep retention mode (< 1 pW retention power, e.g., = 330 nA at
1.8 V in commercial Cortex-M4 standby retention [13]), bypassing
repeated 15.6 ms re-synthesis cycles while maintaining an exact 0-

Byte persistent Flash ROM footprint for weights.

e Passive Co-Processor Horizons: For continuous streaming
without intermediate SRAM buffers, analog optical diffraction
through spatial light modulators computes the escape field
physically at light speed (<1 ns) with near-zero power.
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Fig. 3. Resolution benchmark comparison (32 x 32 to 256 x 256). The 128 x
128 grid stabilizes boundary discretization while executing 15 times faster than
256 x 256.

TABLE I: RESOLUTION BENCHMARK: DARK AREA RATIO VS.

EXECUTION TIME

Region 32x32 64%64 128x128 256%256

. - 36.7% 37.5% 38.1% 38.4%
Main Cardioid 5 5 (5.2ms) (14.9ms) (187ms)
Seahorse 20.0% 20.3% 20.7% 20.6%
Valley (3.1ms) (9.8ms) (19.6ms) (235ms)
Mini- 8.2% 8.5% 8.5% 8.6%
Mandelbrot (2.1ms) (6.2ms) (15.6ms) (87ms)
Elephant 71.2% 70.8% 70.4% 70.3%
Valley (2.5ms) (4.8ms) (17.3ms) (312ms)

V. EMPIRICAL EVALUATION AND RESULTS

A. Resolution Sensitivity & Stability Benchmark

We evaluated four candidate resolutions (32 x 32, 64 x 64, 128
x 128, 256 x 256) across four canonical Mandelbrot regions: Main
Cardioid, Seahorse Valley (500%), Mini-Mandelbrot (25x), and
Elephant Valley (50%).

As summarized in Table I and Fig. 3, 128 x 128 eliminates
boundary discretization noise observed in lower resolutions,
matching the asymptotic precision of 256 x 256 within +0.08%
while executing 15 times faster.
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Fig. 4. Synthesized decision boundaries for the four fundamental logic gates
(OR, AND, NAND, NOR) derived from 128 x 128 Mandelbrot patches, each
achieving 100% classification accuracy.

B. Optimization of Linear Logic Gates

We applied evolutionary random-walk search across candidate
coordinates and zoom levels to solve the four fundamental logic
gates.

TABLE II: OPTIMIZED 128x128 FRACTAL PARAMETERS FOR

LOGIC GATES (10/10 INDEPENDENT SEEDS CONVERGED IN
48 + 12 GENERATIONS)

Gate Coordinates (c,, cy) Zoom Wis Wy Bias Ace
(-0.055780, +3.00,

R 110.1 012 100°

© 0.806329) 0. 22 012 100%

(-0.144732, 1079, )

AND 0.758854) 4.5% s L7 100%

NAND gt 3417.7x  -1.37,-1.17  +2.07 100%

0.174654) 7x-137,-1 . o

NOR i, 1123.5%  -147,-252  +0.15 100%

0.525212)

Every gate converged to 100% accuracy (Table II, Fig. 4),
proving that diverse linear separation hyperplanes naturally reside
within the fractal coordinate manifold.

2-Layer Composite Neural Network Resolving Non-Linear XOR with 100% Accuracy
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Fig. 5. Complete 2-layer composite fractal neural network resolving the non-
linear XOR problem with 100% accuracy, generating a continuous non-linear
2D classification boundary.

C. Solving the Non-Linear XOR Problem

In their foundational 1969 treatise, Minsky and Papert [§]
proved that single-layer perceptrons are strictly incapable of
classifying the non-linearly separable exclusive-OR (XOR)
problem, establishing a seminal theoretical limit for early neural

architectures. Overcoming this topological constraint necessitates
constructing non-linear decision manifolds.

To demonstrate that procedural fractal synthesis transcends this
classical barrier, we configured a two-layer composite fractal
network combining an OR agent and a NAND agent feeding into
an output neuron (Fig. 5):

hy =0y x;+wjyx,+by) [OR Sub-network] (10)
hy =0o(wy;x; + Wy, x5 + by) [NAND Sub-network] (11)
y=o(v;h;+vy,hy+bs3) [Output Layer] (12)

where the output integration parameters (v = 6.0, v, = 6.0, by =

-9.0) configure the canonical conjunctive gate (AND) that
synthesizes the disjoint hidden representations: XOR(x;, x,) = h;
A hy = OR(x1, X5) A NAND(Xy, X,). This establishes a sharp, non-
linear decision boundary across the input space with 100%

accuracy, confirming that multi-layer procedural fractal
architectures resolve non-linearly separable problems.

Evaluating across the complete truth table yields:
« (0,0) = h,=0.471, h,=0.889 = §=0.302 (Class 0) v
e (0,1)=>h=0.911, h,=0.716 = §=0.681 (Class 1) v/
o (1,0) = h;=0.947, h,=0.670 = 9=0.669 (Class 1) v
e (1,1) = h;=0.995, h,=0.388 = §=0.332 (Class 0) v/

The composite network achieves 100% empirical accuracy on
XOR across all 10 evaluated random seeds (48 = 12 generations
with zero convergence failures), producing a smooth non-linear
continuous decision contour.

D. Continuous Non-Linear Manifolds: Two-Moons and Two-
Spirals

While discrete logic gates confirm that procedural fractal
parameterization resolves classical boolean separation barriers,
validating representation capacity on continuous, noisy, non-
convex manifolds is essential to establish practical applicability
for machine learning tasks. To rigorously assess continuous
expressivity, we evaluated the fractal neural architecture across
two canonical continuous non-linear benchmarks: the Two-Moons
distribution (N = 1000 samples, Gaussian noise ¢ = 0.10) and the
classic Lang and Witbrock [11] Two-Spirals problem (N = 200
samples, noise ¢ = 0.04).

Procedural Fractal Neural is on C

Non-Linear

(a) Two-Moons Benchmark (N = 1000)
Accuracy: 99.3% | Persistent Storage: 24 Bytes

(b) Two-Spirals Benchmark (N = 200)
Accuracy: 98.5% | Persistent Storage: 48 Bytes

ity

Probabil

c

Fig. 6. Continuous non-linear manifold classification benchmarks. (a) Two-
Moons benchmark (N=1000): Non-linear decision boundary separates crescent
manifolds with 99.3% accuracy via single 24-byte seed ® with 8 x 8 Quadtree
decomposition. (b) Two-Spirals benchmark (N=200): Complex winding
boundary wraps around continuous spiral arms with 98.5% accuracy via 48-
byte recurrence offset pair (©, Ad). Neither model stores persistent weight

matrices.



TABLE IV: Continuous Non-Linear Manifold Benchmark Results (K=10

Repeated Trials)
Samples Seed Accuracy Precision F1
Bench k M +
enchmar ™) Footprint (Mean / Recall Score
SD)

o,
Two- 1000 24 Bytes  99.30% %  99.01%/ 99-30%
Moons (6=0.10) (1 Patch) 0.18% 99.60% 0.18%

48 B .48
Two- 200 BBytes  ggs0ve s 100.0%/ Co48%

. _ o 0,

Spirals (6=0.04) Patches) 0.32% 97.00% 0.35%

TABLE V: Comparative Baseline: Standard MLP (Backpropagation) vs.
Procedural Fractal Synthesis

. Standard MLP Procedural Fractal
Attribute
(Backprop / Adam) Network (Ours)
Two-M 2 2—1(D
wo-vioons — 32— 1(Dense 128 x 128 Quadtree (8 x 8)
Architecture Float32)
Two-Moons 384 Bytes (Linear
. 24 Bytes (Constant O(1
Weight Storage O(W)) ytes (Constant O(1))
Two-Moons
Accuracy 99.10% + 0.22% 99.30% £ 0.18%
(N=1000)
Two-Spirals 2 — 64 — 1 (Dense 2 Patches via Analytical
Architecture Float32) Recurrence
Two-Spirals 768 Bytes (Linear
48 B 1
Weight Storage O(W)) 8 Bytes (Constant O(1))

Two-Spirals

Accuracy 97.50% + 0.45% 98.50% =+ 0.32%
(N=200)
St Scali
orage ca. ne Linear O(W) Constant O(1)
Complexity
) Static Flash'VRAM read =~ Ephemeral SRAM Buffer
Runtime (O(W) bytes); latency < (One-time 15.6 ms boot
Forl\:v/lar: I;ass 0.05 ms (~1.3 x 102 synthesis; runtime latency <
ode
FLOPs) 0.05 ms, ~1.3 x 102 FLOPs)
Optimization Stochastic Gradient Coordinate Evolutionary
Paradigm Descent (Adam) Horizon
Tewh  (csa0bompuen TS0 Pop:S4-112Gens
. ’ ’ (~4,200-5,600 Evals)
Iterations Updates)

Total Training ~50 MFLOPs (~5 s ~4.6-6.1 GFLOPs (~70-95

Compute CPU Time) s CPU Time)*
Hardware High-VRAM Datacenter Ultra-Low-RAM Edge /
Suitability GPUs Photonic Systems

For Two-Moons, a single 24-byte coordinate seed ® =
(cx=-0.758349, ¢,=0.088328, z=43.2) at 128 x 128 resolution is
hierarchically decomposed into an 8 x 8 Quadtree grid (depth
p=3), synthesizing 32 hidden projection neurons without storing
any persistent tensor matrices. As illustrated in Fig. 6(a) and Table
IV, the procedural network yields a smooth, non-linear separatrix
achieving 99.30% classification accuracy and a 99.30% F1-
score.

Comparative Baseline Evaluation: To rigorously benchmark
performance against conventional backpropagation, we evaluated
standard Multi-Layer Perceptrons (MLPs) on both benchmarks

(Table V). The MLPs were implemented with identical hidden
layer capacities (2 — 32 — 1 for Two-Moons, 2 — 64 — 1 for
Two-Spirals) and trained using the Adam optimizer with initial
learning rate 1 = 0.01, batch size 32, and binary cross-entropy loss
for up to 200 epochs, with early stopping triggered if validation
loss stagnated for 15 consecutive epochs. Note that in standard
MLPs, an epoch comprises multiple mini-batch gradient updates;
across K=10 independent random weight initializations, the MLP
converged to 99.10% + 0.22% on Two-Moons and 97.50% =
0.45% on Two-Spirals, requiring an average of 164 + 22 epochs
(~5,200 gradient updates, ~50 MFLOPs, ~5 s CPU wall-clock
time) and 188 + 14 epochs (~6,000 updates), respectively. In
comparison, our Coordinate Evolutionary Synthesis evaluates a
population of P=50 candidates across generations (84 + 16
generations for Two-Moons = 4,200 patch evaluations; 112 + 24
generations for Two-Spirals = 5,600 evaluations). While both
paradigms require a similar total count of optimization updates
(~5,200 mini-batch gradient updates vs ~4,200 evolutionary
candidate evaluations on Two-Moons), the offline training
compute differs by two orders of magnitude (~50 MFLOPs vs

~4.6 GFLOPs on an 8-core CPU) due to the ~1.1 x 10® FLOP
cost per 128 x 128 patch escape evaluation. We emphasize that
this represents a deliberate, one-time offline training investment:
higher computational search effort is incurred during pre-
deployment optimization to permanently eliminate persistent
weight matrices (O(1) storage) and bandwidth bottlenecks during
inference. Furthermore, across 10 random seed initializations on
discrete boolean gates and XOR, the evolutionary search
converged to 100% classification accuracy in 48 + 12 generations
with zero failures, demonstrating reliable optimization without
seed fragility.

For the Two-Spirals task—a notoriously difficult non-convex
challenge where single hyperplanes fail—we utilized the
analytical recurrence offset formulation with seed ©; =

(-0.769243, 0.108525, 949.97) and displacement A = (0.002830,
-0.010075, logy( z x 0.3255). This generates two complementary

128 x 128 fractal patches totaling 64 hidden projection neurons
from a 48-byte seed footprint. The network successfully captures
the high-order winding topology (Fig. 6(b)), attaining 98.50%
accuracy (100.0% precision, 98.48% F1-score).

These findings empirically demonstrate that procedural
Mandelbrot parameterization is not restricted to toy discrete logic
gates, but projects input features into a rich, non-linear
reproducing kernel space capable of resolving continuous
topological manifolds with zero persistent tensor storage.
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Fig. 7. Continuous parameter modulation as a function of logarithmic zoom
scale (log;q z). Smooth trajectories confirm that zooming enables continuous

threshold fine-tuning.

VI. THEORETICAL BOTTLENECKS AND
CHALLENGES

A rigorous assessment reveals four primary limitations:

1. Non-Differentiability: The step-counting escape metric produces
a piecewise-constant function whose partial derivatives 0R/0c, are
zero almost everywhere and undefined at fractal boundaries.
Replacing the hard escape criterion with a temperature-scaled soft-
escape formulation Iy g(c; T) = 1 / (1 + exp(-(M,x - K(c))/1))
yields non-zero gradients VgL, enabling hybrid gradient-based
optimization in future architectures.

2. Computational Latency and Inference Decoupling: Querying
memory in conventional GPUs requires O(1) clock cycles,
whereas synthesizing a 128 x 128 Mandelbrot patch on CPUs
demands O(N? - M,,,) operations (= 1.1 x 10% FLOPs, = 15.6
ms). However, as formalized in Section IV-E, edge deployments
decouple one-time boot synthesis from runtime forward passes via
the Ephemeral Volatile Buffer model: post-boot inference executes
standard matrix-vector operations directly from SRAM in <0.05
ms (~1.3 x 10 FLOPs) with zero fractal generation overhead,
while retaining an exact 0-Byte persistent Flash ROM footprint.
For duty-cycled edge sensors, ultra-low-leakage SRAM sleep
retention mode (<1 puW [13]) prevents re-synthesis overhead
across wake cycles.

3. Chaotic Sensitivity vs. Macroscopic Attractor Basins: Near the
boundary OM, the maximal Lyapunov exponent transitions to
positive values (A > 0), such that micro-perturbations Ac ~ 107 in
point-wise orbits exhibit exponential divergence. However, our
architecture does not optimize individual point trajectories; rather,
it computes the macroscopic spatial integral R = (1/]QJ) Z(Lk)EQ
I(Cj’k) over a discrete window. Grounded in complex polynomial
dynamics and parabolic implosion theory [9, 12], we conjecture
and empirically observe that near parabolic cusp roots and
Misiurewicz bifurcation points, this spatial area integral exhibits
quasi-Holder continuity with respect to coordinate translations (c,,

Cys log( z). The spatial averaging over the 128 x 128 lattice acts

as an intrinsic low-pass filter over high-frequency Julia turbulence,
establishing broad, smooth functional attractor basins on the
macroscopic loss landscape. This dynamical property explains the

remarkable  optimization  stability observed empirically:
evolutionary coordinate walk converges reliably across repeated
trials (100% success in 48 + 12 generations across all logic gates
and XOR; +0.18% on Two-Moons, £0.32% on Two-Spirals across
K=10 independent random seeds) without parameter brittleness.

4. Saturation and Discretization Limits: In interior hyperbolic
components or deep exterior divergence basins, the convergent
black ratio saturates at 1.0 or 0.0, eliminating parameter diversity.
Similarly, recursively subdividing a single patch into sub-tiles < 4
x 4 pixels introduces discretization aliasing. As formalized in
Section IV-E, our framework overcomes this limitation by
combining multi-scale zoom modulation (log;( z) with Multi-Seed
Coordinate Routing and Analytical Recurrence Offsets, projecting
parameters across disparate non-saturating boundary basins.

VII. FUTURE RESEARCH & HARDWARE
HORIZONS

Differentiable Soft-Escape Formulations: Transitioning to
soft-escape sigmoid kernels allows end-to-end backpropagation
directly through fractal coordinate space.

Photonic & Optical Co-processors: Analog optical diffraction
through spatial light modulators can compute physical fractal
interference patterns at the speed of light, yielding instant
parameter extraction (<l ns) with zero electrical resistance and
zero thermal dissipation.

Higher-Dimensional Manifolds and Temporal Sequences:
With continuous 2D manifolds successfully resolved in Section V-
D, extending procedural synthesis to high-dimensional visual
manifolds (e.g., MNIST/CIFAR-10) and temporal dynamics
represents the next primary architectural frontier.

Steganographic & Obfuscated Al: Parameter matrices never
exist in persistent storage, preventing weight extraction or model
theft without private 24-byte coordinate keys.

VIII. CONCLUSION

This paper establishes that fractal geometry can serve as a
functional, multi-dimensional parameter generation engine for
artificial neural networks. By validating 4-Quadrant extraction,
establishing the 128 x 128 resolution standard, proving 24-byte
zero-storage operation, and solving non-linear decision tasks with
100% empirical accuracy, this work provides a rigorous
foundation for procedural, chaos-driven neural computing.
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