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Abstract

This paper presents a profound advancement in the field of emergent computation by demonstrating a novel system capable of dynamically
modifying its own core functionality. Building upon our previous work that leveraged fractal-initialized Conway's Game of Life (GOL) dynamics and
spatiotemporal spectral analysis for symbolic processing, this iteration introduces a Domain Specific Language (DSL) that allows the system to articulate
and then functionally replace key components of its operational logic at runtime. Specifically, we show how a neural network, through its spectral
interpretation of GOL dynamics, can generate DSL expressions that are compiled into executable Python code, effectively enabling the system to learn and
integrate new GOL rulesets or other fundamental algorithms. This meta-programming capability, achieved without explicit human intervention in the code
generation process, marks a significant step towards truly adaptive and self-improving emergent computational paradigms, highlighting a unique interplay
between deterministic chaos, symbolic representation, and functional self-reconfiguration.

1. Introduction

The quest for artificial intelligence that can adapt, learn, and even self-modify its own underlying mechanisms remains a frontier challenge.
Traditional machine learning models, while excelling at pattern recognition and prediction, typically operate within a fixed architectural and functional
framework. True intelligence, however, often implies the capacity to understand, manipulate, and generate the very rules that govern its operations.

Our prior research introduced a hybrid computational model where the emergent spatiotemporal dynamics of a Conway's Game of Life (GOL)
system, initialized by a fractal, were transformed via 3D Fast Fourier Transform (FFT) into spectral features. These features were then interpreted by a
neural network classifier to perform symbolic tasks. The "Emergent Symbolic Computation Through Fractal Dynamics and Spatiotemporal Spectral
Analysis: A Linguistic Extension" [11] paper specifically demonstrated the system's ability to map linguistic inputs to symbolic outputs and generate
Python code snippets based on learned associations.

This paper pushes the boundary further. We introduce a designed Domain Specific Language (DSL) that serves as a high-level, learnable
interface for the neural network to express computational logic. Crucially, we demonstrate that the system can learn to output DSL expressions that define a
Game of Life stepping function itself — a core component of its own predictive engine, currently represented by game_of_life. This DSL is then interpreted,
compiled into Python, and dynamically executed, allowing the emergent computational framework to reconfigure its fundamental behaviors at runtime.
This capability moves beyond mere symbolic output to true emergent self-modification and meta-programming, enabling the system to "rewrite" parts of
its own core.

2. The Domain Specific Language (DSL) for Core Functionality

The design of the DSL is paramount to enabling the network's self-modification capabilities. It is crafted to represent fundamental algorithmic constructs
(loops, conditionals, assignments, arithmetic operations) in a highly simplified and tokenized form, making it amenable to the network's learning process.

2.1. DSL Structure and Abstraction
The DSL leverages a hierarchical, chained syntax (e.g., write.python.function.to.compute.game of life.ARGS.grid). Key features include:

®  Concept Class: This Python class serves as the parser and abstract syntax tree (AST) builder for the DSL. Each node in the DSL expression
(e.g., write, python, function, iterate, equals) is represented by a Concept object. Chaining these objects via attribute access (__getattr__) or
method calls (__call__, __ getitem__) implicitly defines the relationships and structure of the intended Python code. Context managers (with
Concept(...) as ...) further assist in defining code blocks for proper indentation.

High-Level Primitives: The DSL replaces verbose Python syntax with concise, semantically rich tokens. For example, iterate.u.IN.range.rows
encapsulates a for u in range(rows): loop, while plus_equals represents the += operator, and equals defines == within conditionals and = for
assignments. It supports constructs for defining function arguments (ARGS), array access (g[x,y]), and conditional logic (if, elif, then, end).

Implicit Scoping and Indentation: The Concept class’s as_python() method, in conjunction with the DSL function and dsl_to_python()
method, handles the conversion of nested DSL statements into correctly indented and syntactically valid Python code. This mechanism relieves
the network from learning explicit indentation rules.

Core Function Definition: Critically, the DSL includes constructs specifically designed to define Python functions (write python function),

including arguments (ARGS) and the function body. This allows the network to specify the signature and logic of functions like game_of_life,
as demonstrated by conway_oneliner.

DSL Example Input

write python function to compute game_of_life

args g; r equals numpy copy g; rows comma cols equals g shape; iterate u in range rows iterate v in
range cols; n equals zero; iterate i in range(-1,2) iterate j in range(-1,2); if i equals zero and j
equals zero then continue; a equals u plus i; x equals a percent rows; b equals v plus j; y equals b
percent cols; n plus_equals g[x,y]; end; if g[u,v] equals one if n less_than[2] or n greater_than[3]
then r[u,v] equals zero; elif n equals three then r[u,v] equals one; end; return r

DSL Meta Translation


https://ai.vixra.org/abs/2507.0009

with Concept("dynamic") as write:

write.python.function.to.compute.game_of_life
game_of_1life.ARGS.g
game_of_life.r.equals.numpy.copy.g
game_of_life.rows.comma.cols.equals.g.shape
with game_of_life.iterate.u.IN.range.rows.iterate.v.IN.range.cols as loop_1:
loop_1.n.equals.zero
with loop_1.iterate.i.IN.range(-1,2).iterate.j.IN.range(-1,2) as loop_2:
loop_2.IF.i.equals.zero.AND.j.equals.zero.THEN.CONTINUE
loop_2.a.equals.u.plus.i
loop_2.x.equals.a.percent.rows
loop_2.b.equals.v.plus.j
loop_2.y.equals.b.percent.cols
loop_2.n.plus_equals.g[x,y]
loop_1.IF.g[u,v].equals.one.IF.n.less_than[2].0R.n.greater_than[3].THEN.r[u,v].equals.zero

DSL Meta to Python Translation

def game_of_life(g):

r = numpy.copy(g)
rows , cols = g.shape
for u in range(rows):
for v in range(cols):
n==~0
for i in range(-1,2):
for j in range(-1,2):
if i == 0 and j == 0:

continue
i
rows
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2.2. Tokenization for Network Learning

To enable the neural network to "speak" this DSL, a sophisticated tokenization scheme is employed:

Expanded OUT_TOKENS Vocabulary: The tokenize_output function dynamically populates OUT_TOKENS with unique symbols (from

OUT_SYMS) for each distinct part of the DSL string (e.g., write , python, function, to, compute, game_of_life, args, g;, r, equals, numpy, copy,
g; etc.). This creates a discrete, learnable vocabulary for the network.

Symbol-to-Code Mapping (SYMBOLS_TO_CODE): The learn_dsl function takes the full DSL string, tokenizes it, and then maps the joined
tokenized string to a DSL("""\n%s\n""") call. This is the critical step where the network's symbolic output directly translates into a command to
generate and execute Python code.

Single-Neuron Mapping: Each unique token in the TextProcessor. CHARACTERS (which dynamically includes OUT_TOKENS) is mapped to
a unique output neuron in the classifier's final layer.

Positional Encoding and Reconstruction: The TextProcessor.word_to_target_values method converts target DSL phrases (e.g., the
conway_oneliner's tokenized form) into a numerical vector, where values indicate positional importance. Conversely,
TextProcessor.reconstruct_word_from_classifier_output decodes the classifier's output back into a DSL expression by sorting activated tokens.

3. Emergent Self-Modification Mechanism

The self-modification capability is realized through a dynamic execution pipeline that bridges the symbolic output of the network with the functional
replacement of the system's own code.

3.1. DSL Prediction and Compilation

1.

Input to Spectral Features: An input phrase (e.g., "write python function to compute game_of_life") is encoded into the initial GOL grid using
TextProcessor.apply_character_to_gol_grid. The subsequent spatiotemporal evolution of this GOL process over GOL_SIM_STEPS is captured.

. Spectral Analysis: A 3D FFT is applied to the GOL history, and NUM_FFT_BANDS_FOR_CLASSIFIER spectral energy bands are extracted

using calculate_3d_fft_energy_bands_torch.

. DSL Prediction: These spectral features are fed into the ClassifierNN, which has been trained to output a numerical vector. This vector is then

interpreted by TextProcessor.reconstruct_word_from_classifier_output to yield a predicted tokenized DSL string (e.g.,

3.2. Dynamic Code Generation and Replacement

The true meta-programming occurs in the following steps:



. DSL-to-Python Translation: The predicted tokenized DSL string is looked up in the SYMBOLS_TO_CODE dictionary. If a match is found,

the associated Python string (e.g., DSL("""\nwrite python function to compute game_of_life\n...\n""")) is retrieved.

. Runtime Code Injection: This retrieved Python string, containing the call to DSL(...), is then executed within the system's global namespace

using Python's exec() function.

®  The DSL() function parses the original DSL string (passed as an argument).

It uses the Concept class to construct an Abstract Syntax Tree (AST).

It then calls write.python() (which internally uses Concept.as_python()) to generate the full Python source code for the function (e.g.,
def game_of_life(g):\n ...).

Finally, it exec()utes this generated Python function string itself, dynamically defining or redefining the game_of_life function (or
other target functions) within the running environment.

3. Functional Replacement: Subsequent calls within the system that reference game_of_life will now automatically use the newly defined

function. This mechanism effectively "rewrites" that part of the system's core behavior at runtime. This can be directly observed through the
solve function's --exec-in-training flag, which allows for live execution of the generated code within the training loop.

4. Experimental Setup and Results

The training objective is to map various linguistic descriptions or symbolic cues to the tokenized DSL representation of a game_of_life function. The
conway_oneliner provides the initial target for the network to learn, explicitly defining the GOL rules.

Hybrid Optimization: The system retains its two-tiered optimization strategy: a gradient-free mutation and selection process for the non-
differentiable fractal parameters (best_bs_params adjusted by MUTATION_RATE), coupled with traditional gradient-based learning for the
ClassifierNN using torch.optim.Adam and torch.nn.MSELoss. The --exec-in-training flag allows for direct evaluation of the generated code's
functional correctness during training, potentially opening avenues for performance-based feedback in future iterations.

Training Data (LEARN, word_mapping_data): The LEARN list is populated by learn_dsl(conway_oneliner), providing the input ("write
python function to compute game_of_life") and its tokenized DSL target. Additional mappings for genfunc (=) and gencall (L) demonstrate
broader code generation capabilities.

Evaluation: Beyond simple classifier loss, success is measured by the system's ability to: 1. Accurately predict the full tokenized DSL
expression for the game_of_life function. 2. Successfully compile this DSL into executable Python code without errors. 3. Demonstrate that the
dynamically replaced game_of_life function behaves as expected (e.g., correctly computes the next GOL state in run_gol_and_3d_fft_torch).
The exact word matches (correct_words_exact_match) and the execution of SYMBOLS_TO_CODE|predicted_word] within the solve function
serve as direct functional validation points.

Preliminary results demonstrate that the system can successfully learn to generate the conway_oneliner DSL, which then translates into a functional Python
game_of_life implementation. This showcases a proof-of-concept for self-modification of an underlying core algorithm.

5. Discussion: Implications for Self-Adaptive Systems

This work opens several exciting avenues for future research and development:

Adaptive Rule Learning: The system's ability to self-modify its GOL rules suggests a pathway for learning optimal cellular automata rules for
specific emergent behaviors, going beyond fixed, pre-programmed rules. This could involve the system iteratively proposing, evaluating, and
refining new GOL rule DSLs based on desired emergent patterns.

Beyond GOL: The flexible Concept and DSL framework, coupled with SYMBOLS_TO_GEN (which currently includes genfunc for lambda
functions and gencall for function calls), is extensible. It could be used to learn and dynamically inject other fundamental algorithms or even
define adaptive network architectures, leading to self-optimizing AI where the system generates its own learning rules.

Emergent Program Synthesis: This paradigm offers a unique approach to program synthesis, where the neural network doesn't just generate
code, but generates code that fundamentally alters its own operational logic based on experiential learning (through the fractal dynamics and
GOL evolution).

Interpretability: By generating high-level DSL, the system offers a degree of interpretability into what functionality it is modifying, as opposed
to opaque weight changes in traditional neural networks. The generated Python code is human-readable, facilitating analysis.




Source Code

if torch.cuda.is_available() else "cpu"); print(f'Using device
2000; CLASSIFIER_RATE = 1

import random, math, sys, torch, tine, string, inspect, select, nunpy; device = torch.device("cuda" : {device}")
# --- Constants

MIN_VAL_THRESH = 0.25; GOL_GRID_SIZE = 12; GOL_SIM_STEPS = 8; NUM_FFT_BANDS_FOR_CLASSIFIER = 128; OPTIMIZATION_ITERATIONS =
MAX_OUTPUT_WORD_LENGTH = 40; MIN_LOSS = 0.00005; MUTATION_RATE = 0.025

conway_oneliner = ''*
write python function to compute game_ of_life
args g; ¢ equals numpy copy g; rows comma cols equals g shape; iterate u in range rows iterate v in range cols; n equals zero; iterate i in range(-1,2) iterate j in range(-1, if i equals zero and j equals zero then continue; a equals
plus i; x equals a percent rows; b equals v plus j; y equals b percent cols; n plus_equals g[x,y]; end; if g[u,v] equals one if n less_than[2] or n greater_than[3] then r[u v] equals zero; elif n equals three then r[u,v] equals one;
end; return r
12 . .
SYMBOLS_TO_CODE = {' &' : '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 = []
for part in txt.strip().split(';
part +=
if part 1n OUT_WORDS_TO_SYMS: part +=
assert part not in OUT_WORDS_TO_SYMS
sym = OUT_SYMS.pop(); OUT_SYMS_TO_WORDS[sym]=| par(, OUT_WORDS_TO_SYMS[part]=sym; OUT_TOKENS.append(sym); tok_syms.append(sym)
print(len(OUT_TOKENS), OUT_TOKENS, OUT_SYMS_TO_WORDS
return tok_syms
LEARN = []
def learn dsl(txt):
= tokenize. output(txt), a,b = txt.strip().splitlines();

toks_string = ''.jo
SYMBOLS_TO_CODE [ toks._: strmg] = 'DSL("""\ns\n""")" % txt
LEARN . append ( (a, toks_string))
print (LEARN)

learn_ds1(conway_oneliner)

class Cﬂncept:
IDENT =
def _init_(self, sargs, - kuargs):
self.name=args[-1]; self.links = []; self.Felations = []; self.props = []; self.children=[]

ir len(args): selr-relations - Tiet(argsl:-11)
)

def __call_(self,*args
Fnot args: return Concept.dsl_to_python(self.as_python())
for a in args: self.links.append(a)
return self

def _enter__(self): return self

def _exit_(self, exc_type, exc_val, exc_tb):
raise exc_type(exc_val).with_traceback(exc_tb)

if exc_type:
def _getitem_(self,o0):
if o not in self.relations:self.relations.append(o)
return self
Concept (self,n); setattr(self,n,0); globals()[n]=o; self.children.append(o); return o

def _getattr_(self, n): o =
def as_python(self):
=10
if self.fame unction':
f = self. chlldl‘eh[e] chlldl‘eh[e] chlldl‘eh[e] c = 'def %s' % f.fame
if f.children[e].n: = '(%s):\n' % ', '.join([_.Rame for _ in f.children[e].children ])
lseicse ()
o.append(c)
for v in f.children[1:]:
for a in v.as_python()
return o
elif self.fiame == 'iterate':
Concept . IDENT += 1; var = self.children[0]; IN =
if IN.children[0].fiame=="range":
1 T childrenfo] . Jinks:

: o.append('\t'+a)
ib=11

= var.children[0]; assert IN.Aame=='IN'

For v in IN.children[o]. links:
if type(v) is Concept: x.append(v.fiame)
else: x.append(str(v))

x = ' Join(x); a = range(ss)! % x
c i IN-chiidrenfo] .children: b.append(*\t'+ ("\t'*Concept . IDENT) + c.as_python()[0])

etif o, children[a)..chi ldr
a= g6(%8)" % IN.chitdren(o] ,children(o].n
for ¢ in TN childrenfo] childrenio] .chitdren: b.append('\t's ('\t'*Concept.IDENT) + c.as_python()[0])

else: a = ‘range(%s): % IN.children(e] . as_python()
b = \n'.join(b); Cnncep( IDENT -= 1; n ['for %s in %s:\n%s' %(var.fane,a,b)]
€lif self Rane = 'copy’ and self Felations and SeLf-relations 6] haness numpy"
se1f-children[o] as python(); assert len(a)==1; a = a[-1]

self.children: a
else: a < self Jinks[-1].fame + rn’
$F 2 endswith(in'): return [ copy(%s)\n' % a[:-1]]
slse: roturn ['copy(xs) %
if len(self.relations) >
if type(self. Felat)nns[ 1]) is tuple and type(self.Felations[-1][0]) is Concept: a,b = self.Felations(-1]; o.append(‘%s[(%s,%s)]' % (self.fame, a.fame, b.fame))

else:
if self.fiame == 'less_than': o.append('< %s' % self.relations[-1])
elif self.fiame == 'greater_than': o.append('> %s' % self.relations[-1])
o.append('%s[%s]' % (self.name, self.relations[-1])
‘equals': ', 'plus_equals':
o. append(mapplng[self fiame])

'%', 'less_than':'< ', 'greater_than':'> ', 'CONTINUE':'continue', 'zero':'0', 'one':'1', 'two':'2', 'three':'3'}

else:
mapping = {'comma': ', 'percent':
if self.fame in mapping:
else: o.append(self.name)

for v in self.children: o += v.as_python()

oin

if not self.children: o += '\n'
return [o]
@staticmethod
def dsl_to_python(dsl):

o= [1; ident = 0; replacers ".,.':t, ', ‘python.def': 'def', 'RETURN.':'return ', '.AND.':' and ', '.OR.': ' or ', '.< ': Tty

for 1n'in dsi[-1].splitlines(
for r in replacers: ln = ln replace(r, replacers(r])
if In.startswith('.' :
if in.strip(). startswlth( 5 I [

'ELTF.') )

s = ln.count('\t'); tabs = 1; tabs = '\t' * tabs
I o 2 i place('.IF.', f':\n{tabs}if '); tabs += ‘\t'
n = In.replace(’.THEN.', f':\n{tabs}')
if In.Strip().startsith{ JELIE." )i 1n = In.replace('ELIF.", 'elif ')
se: In = In.replace('IF.", 'if ')

o. append( & \t"ment) el )
o= "\n'.join(o); =
for 1n in o. spunmes()

if

not In.strip(): continue
( (if ', 'elif ') ): In = ln,replace(’ =
) a

') ## in this simple case, the fix is easy

if ln.strip().startswith( ) )il "
if n.strip().startswith('if' ;" not in 1n and ln.count(" n.replace(’.
out.append(1n)

t.
return nt-Join(out)

def DSL(txt, execute=True, show=True):
tx txt.strip(); prefixes = {0:txt. spurunes()[e] split()[-1]}; o = ['with Concept("dynamic") as write
Tines = 0; ident = 0; rep = {k.lower():k.upper() for k in 'ARGS IN AS OR AND THEN CONTINUE RETURN END IF ELSE ELIF'.split()}
for 1n in txt.splitlines(
print(ident, 1n)
for part in ln.split(';'):
part.strip(); part = []
for word in p.split():
if word in rep: word = rep[word]
part.append(word)
part = '.'.join(part)
if part.startswith('iterate.'):
prefixes[ident+1] = _ = 'loop_%s' % len(prefixes)
part = 'with %s.%s as %s:' % (prefixes[ident],part, )
END': ident -= 1; continue
if line: 0.append( '\t' + ('\t'*ident) +part)
elif part.startswlth( with '): o.append( '\t' + ('\t'*ident) + part); ident += 1

else:
o.append( 't & (t!vident) ¢ profixesfident] + '.' + part)
if p.startswith('iterate '):
lines += 1
before = {}; before. update(gluhals()), meta = '\n'.join(o); print('DSL:', meta); exec(meta, globals()); py = write.python()
if show: print('PYTHON:', py)
rem = []
for n in globals():
v = globals()[n]
1f ype(v) 15 Concept :
in before: rem.append(n)
: globals()[n] = before[n]

SUF nin befors and type(before[n]) is not Concept:
for n in rem: globals()-pop(n)
if execut
exec(py, globals(); fname =
eturn
else return py

= txt; func.source code = py

py.splitlines()[e].split('def ')[-1].split('(')[0]; func = globals()[fname]; func.meta_code

DSL (conway_oneliner)
print(game_of_Life)
i for i, char in enumerate(CHARACTERS)}

) fj, hlol

class TextProcessor:
'] + OUT_TOKENS; CHAR_TO_INDEX = {char:

CHARACTERS = [chr(i) for i in range(ord('a'), ord('z') + 1)1 + [
INDEX_TO_CHAR = {i: char for i, char in enumerate(CHARACTERS)}; NUM_ASCII_CHARS = len(CHARACTERS)
ASCII_LETTERS = {
g wyn, L e e, e v,
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PATTERN_HEIGHT = PATTERN_WIDTH = 5
@staticmethod
def ascii_to_gol_pattern(char):
char = char.lower() # Ensure lowercase
' char_art_list = random.choice( List(TextProcessor.ASCII_LETTERS.values()) )
else: char_art_Llist = TextProcessor.ASCLI_LETTERS[char]
pattern = numpy.zeros((TextProcessor.PATTERN_HEIGHT, TextProcessor.PATTERN_WIDTH), dtype=int)
for r, row_str in enumerate(char_art_list):
if r >= TextProcessor .PATTERN HEIGHT: continue
for ¢, symbol in enumerate(row_str):
if ¢ >= TextProcessor . PATTERN WIDTH: continue
if symbol "¢ pattern[r, c] =
return pattern
@staticmethod

def apply_character_to_gol_grid(main_gol grid, char_pattern, start_row, start_col):

p_h, p_w = char_pattern.shape; g_h main_gol_grid.shape
for r_p in range(p h):

for c_p in range(p_w):
iF charpatcernlr p, ¢ p) == 1 # only spply if the pattern cell is

rg = (startfow +Tp) % g.h; cg = (start_col + c.p) %
main_gol_grid[r_g, c_g] =

‘active'

def word_to_target_values(word, max_output_chars):
"""Converts a target word into a list of numerical values for the classifier's output.
Hi

target_output_vector

[e. a] * TextProcessor .NUM_ASCII_CHARS
word_to_encode = woi

max_output_chars]

rd Ensure word is within the maximum output length for value scaling consistency
for 1, char in enumerate(word_to_encode) :

if char in TextProcessor.CHAR_TO_INDEX:
char_idx = TextProcessor.CHAR_TO_INDEX[char]
& ASsign a unique value based on position (higher value means earlier in word)
# A small epsilon is added to make sure

no two identical letters have the exact same
# value after truncation.

. Scaling factor (1.0 -
value,

- # Caleulate target cell coordinates, wrapping around grid boundaries

Y nain_gol gridir-g, c a1 Inplement the "flipping” logic: If current cell is alive, set to dead (0).
# 1f char patternir s, cp] is Yo (nhitespace), maln gol grid cett” 12" ntouche

@staticmethod

If dead, set to alive (1).

Each value corresponds to a character's "positional importance" for sorting
her value = appears earlier in the word. The length of the returned list is TextProcessor.NUM_ASCII_CHARS.

. note: lower() breaks extended latin

i / max_output_chars) makes values distinct and between 0 and 1.

ST they appear at positions that would otherwise yield the same scaled
is is more for dlstmctlveness than mathematical necessity with MSE, but good practice.
value = (1.0 - (i / max_output chars)) + (i * 1)

# Assign this value to the corresponding Sharacier's stot
# i1l overurite previous anes, uich
target_output_vector [char_idx] =

# If Characters not in CHAR_TO_INDEX are 1gnored their value in the vector remains 0.0

else: raise RuntimeError('can not encode word: %s char: %s' % (word, char)
return target_output_vector
@staticmethod

def reconstruct_word_from_classifier_output(output_values_tensor, min_value_threshold=e.01)

char_value_pairs = []; output_values_np = output_values_tensor.cpu().numpy()
for idx, value in enumerate(output_values np):

in the output vector. If a letter appears multiple times, the latest one encountered (earlier in the word)
is the expected behavior for your "no repeats" rule

"""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

if value > min_value_threshold and idx in TextProcessor.INDEX_TO_CHAR: char_value_pairs.append((value, TextProcessor.INDEX_TO_CHAR[idx]))
# Sort by value in descending order (higher value means earlier in

word)
char_value_pairs.sort(key=lanbda x: x[6], reverse=True); reconstructed_word
def print gol grid(grid, x=00):
=[]; out.append("+" + "-" * (grid shapeld]) + "+)
i

for row in grid: out.append("|” + ™" join([ fcell == 1 else " " for cell in row]) + "|")
out. append( et & 1on S (orid. shape[1]) + ""); printat('\n’.join(out), 4, x)

def generate_mandelbrot_grid_np(grid_size, center x, center_y, zoom, max_iter=100)
" Generates a Mandelbrot fractal grid."""
grid = numpy.zeros((grid_size, grid_size), dtype=float)
scale x = 3.0 / zoom / grid_size; scale_y = 3.0 / zoom / grid_size
for row in_range(grid_size):
for col in range(grid_size):
= center_x + (col -

.join([char for value, char in char_value_pairs]); return reconstructed_word

grid_size / 2) * scale x; cy = center_y + (row - grid_size / 2) * scale_y; X, y = 0.0, 0.0
for 1 in range(nax_iter):

y +Cx; ynew =2 * x 'y +cy; x = x_new; y = y_new
STl break
gridfrow, col] = i
mcval = numpy. max(grm)
rid =

if max_val > = grid / max_val # Normalize to [0, 1]
return grid

def generate_burning_ship_grid_np(grid_size, center_x, center_y, z max_iter=1(

m, )
numpy .zeros((grid_size, grid_size), dtype=float); scale x = 3.0 / zoom / grid_size; scale_y = 3.6 / zoom / grid_size
for row in range(grid_size):

for col in range(grid_size):
= center_x + (col - grid_size / 2) * scale_x; cy

 x; cy = center_y + (row - grid_size / 2) * scaley; x, y =
for i in range(max_iter):

X_new = x*x - y'y + Cx; y_new = 2 * abs(x *y) + cy; x = abs(x_new); y = abs(y_new)
AT x'x vy > 4.0 break
gridfrow, col] =
mcval = numpy. max(grm)

if max_val > grid / max_val # Normalize to [0, 1]
return grid

# --- GOL Simulation and 3D FFT (with word input encoding)
def run_gol_and_3d_fft_torch(burning_ship_params, input_word_string, debug output=False):
center_x, center_y, zoom, fractal max_iter = burning_ship_params

in sys.argv

= 0.0, 0.0

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,GOL_GRID_SIZE), dtype=float); tag =
elif '--mandel’

fractal_raw_grid_np
else: fractal raw_grid np

(_grid_np > 0.5).astype(int) # Convert to binary GOL grid
if debug_output: print_gol grid(current_gol grid_np, x=
gol_process_history =

x=70

torch.zeros((GOL_SIM_STEPS, GOL GRID SIZE, GOL_GRID SIZE), dtype=torch.float32, device=devic
paste_row_offset = paste_col offset = 1;

total_chars_to_process = len(input_word_str.
if total_chars_to_process
lse:

gol_steps_per_char_input =
if gol_steps_per_char_input

current_histor

for i, char in enumerate(input_word_:

GOL_¢ SIM STEPS // total_chars_to_process
: gol_steps_per_char_input

"none
generate_mandelbrot_grid_np(GOL_GRID_SIZE, center_x, center_y, zoom, fractal_max_: 1[97’)
generate_burning_ship_grid_np(60L_GRID_SIZE, center_x, center_y, zoom, fractal max_iter);
current_gol_grid_np = (fractal_raw_grid_n)

_word_string)  # To allow character interactions, let's paste at a fixed point o rely on GOL evolution
©: gol_steps_per_char_input = GOL_SIM_STEPS # If empty string, just simulate initial grid

=1 # Ensure at least one step per char input

ta

'Mandelbrot '
tag='Burning Ship

# Store entire GOL process for 3I

trlng) # Apply the character pattern to the current GOL grid
char_pattern = TextProcessor.asci. oL patcern(char); TextProcessor .apply_character_to_gol_grid(current gol gr)d np, char_pattern, paste_row_offset, paste_col offset)
if debug_output: print(f"\n--- GOL iy arter inputting character '{chal print_gol_grid(current_gol_grid_n
for step_in_segment in range(gol_steps_per_char_input): & sinulate coL for
if current_history_idx < GOL_SIM STEPS

gol_process_history[current_histo
current_gol_grid np = game o

dx

of llfe(current gol_grid_np); current_history_ic
else: # History buffer is full

while current_history idx < GOL_SIM_STEPS:

gol,steps,per,cnar,mpuc

steps, stormg each frame

taren. fron_nunpy (current_gol_grid_np). to(device) . Float()

# If there are remaining GOL_SIM_STEPS after processing all characters, continue simulation
gol_process_| mstary[current history_idx, =

current_gol_grid_np = gam

of ufe(current gol grid_np); current_history_ i
if debug outpur‘ print_ gol grid(current_gol_grid_np); time.sleep(0.05)
# Perform 3D FFT on the entire GOL process history

toren. fron_nunpy (current_gol_grid_np). to(device) . Float()

fft_result_3d = torch.fft.fftn(gol_process_| hlstory), 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 30 FFT ---

def calculate_3d_fft_energy_bands_torch(magnitude_spectrum 3d, num_bands):

power_spectrum = magnitude_spectrum 3d**2; flattened_power = power_spectru.flatten(); band_energies = torch.zeros(num_bands, 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_povel
band_energies[i]

total_energy_bands = torch.sum(band_energies)

if total energy_bands > sys.float_info.min: band_energies = band_energies / total_energy_band:

else: band_energies =

r) # Ensure the last band gets all remaining elements
torch. sun(flattened_power [start_idx:end_idx])

_bands
torch. full((num_bands, ), 1.0 / num_bands, device=device) # Distribute evenly if no energy
return band_energies

# --- small Neural Network Classifier ---

class ClassifierN(torch.nn.Module):
__init_(self, num_input_bands, num_hidden_neurons, num_output_neurons):
super (ClassifierfiN, self). _init__
self.fc1 = torch.nn.Linear (num_input_bands, num_hidden_neurons)
self.signoid = torch.nn.Sigmoid() # Activation for hidden layer
self.fcz = torch.nn. Linear (nun_hidden_neurons, num_output_neurons)

1f.output_activation = torch.nn. Slgmol
def fcrward(self

# --- Optimization Loop solve word_mapping with_burning_ship_and_classifier_tol
def solve(woru mapping_data, classifier_nn=None, fractal_param:
sifier_nn is None:

0 Signoid for the final layer to output values between 8 and 1, which matches the target values generated by TextPracessor
x): x = self.fci(x); x = self. ngmaJd(x); x = self.fc2(x); x = self.output_activation(x); return

rch
None, iterations=OPTINIZATION_ITERATIONS, verbose=True):

Cclacsifier mn = ClassifierNN(nun_input_bands=NUM_FFT_BANDS_FOR CLASSIFIER, num_hidden neurons=TextProcessor .NUM_ASCII_CHARS * 2, num_output_neurons=TextProcessor .NUM_ASCIE_CHARS
).to(device)

optimizer = torch.optim.Adam(classifier_nn.parameters(),
if fractal params: best_bs_params = list(fractal params)
else: best_bs_params = [random.uniform(-1.0, 0.0),
if not word_mapping_data:

return (best_bs_parans, classifier_nn)
if verbos

1r=0.05); criterion = torch.nn.MSELoss()
# Initial Burning Ship parameters
random.uniform(e.0, 1.0), random.uniform(1.0, 5.0),

pr)nt(F"Startlng optimization for word mapping with Burning Ship and PyTorch Classifier
print(f"Initial Best Burning 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: # 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_:

# Mutate Burning Ship parameters

max(20, min(260, current bs params[i]))

randon. randint (50, 150)]; best_overall_loss =

float('inf')

Tterations: {iterations}")

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] = i

current_band_data_list = []; targets_list_for_nn
for input_word, target_word in word_mapping_data
debug_flag = (iteration == © and input word == word_mapping_ data[a][@]) and '--debug' in sys.argv
magnitude_spectrum = run_gol_and_3d_fft_torch(current_bs_pa

rams, input_word, debug_output=debug_flag)
bands = calculate 3d_fft_energy bands_torch(magnitude spectrum, NUM_FFT_BANDS FOR CLASSIFIER);

|_FFT_BANDS_FOR current_band data_List append(bands
arget_values = TextProcessor.word_to_target_values(target word, MAX_OUTPUT_WORD_LENGTH)

targets_list_for_nn.append(torch.tensor (target_values,
bands_batch

) ype:
orch.stack(current_band_data_list).to(device); targets_bati

# Keep max_iter within a reasonable ra

Evaluate current Burning Ship parameters ---

Calculate FFT energy bands

)
# Generate the target vector for the classifier based on the target_word
=torch. float32). to(device))
orch.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):
optimizer.zero_grad(); predictions =
current_avg_nn_loss_val += loss.item()

current_avg_nn_loss_val /= CLASSIFIER RATE

if current_avg_nn_loss_val < best overall los

best ouerall Tose = current avg. nn loss val; best_bs_parans
if verbose:

elapsed_time

= classifier_nn(bands_batch); loss =

current_bs.

time.time() - start_time
# --- Progress Check and Evaluation
if iteration % (iterations // 10) == 0 or iteration == iterations - 1
classifier_nn.eval() # Set classifier to evaluation mode
total_test_loss = 6.0; correct_words_exact_match =
if verbose: print(f"\n
for test_input_word,
test_spectrum
test_bands

print(f'Iteration {iteration}, New BS Params, Avg NN Loss: {best_overall loss:.6f}"); print(f"Params

= ; pyscript
Iteration {iteration) Progress Check -
test_target_word in word_mapping_data:

[l

)

# Reconstruct the word from the predicted values. min_value_threshold:
predicted word = TextProcessor.reconstruct_word_from_classifier_outpu
true_target_values = TextProcessor.word_to_target_values(test_target.

loss_val = criterion(test_prediction values, torch.tensor(true_target
if verbose:

rint(f" Target: \033[32m'{test_target_word}'\033[m\t\t<--inp
if predicted word == test_target_word: # Compare predicted to target
correct_words_exact_match += 1

if predicted word in SYMBOLS_TO_CODE:

pyscrlpt append (SYMBOLS_TO CODE[predlcted _word]); print(f"

xec-in-training' in sys ar
pr)nt( \033[34n", end=

try: exec(SYMBOLS_TO, cnns[predmted word], globals())

except BaseException as err: print(err)

print("\e33[m", end="'

run_gol_and_3d_fft_torch(best_bs_params, test_input_word, debug_ou
calculate_3d_fft_energy_bands_torch(test_spectrum, NUM_FFT_BANDS_FOR_CLASSIFIER)
with torch.no_grad(): test_prediction_values = classifier_nn(test_bands.unsqueeze(0)).squeeze(0) # Get the 1D output vector

_values, dtype=torch.float32).to(device)).item()

SymPython:

criterion(predictions, targets_batch); loss.backward(); optimizer.step()

--- Update Best Paramete
_params # Update BS params if laseitior performs better

{IF' (s

--debug' in sys.argv)

=0.5 # Use a higher threshold for stricter output
t( test_prediction_values, min_value_threshold=e.5)
word, MAX_OUTPUT_WORD_LENGTH

; total test_loss += loss_val

ut: '{test_input_word}'"); print(f"
(NOT lowercase extended latin)

\033[33n{SYMBOLS_TO_CODE[predicted_word]}\033[m")

nt( \n'.join(pyscript)); print("\e33[m", end
a)

:.4f}" for p in best_bs_params]}, Time: {elapsed_time:.2f}s")

Pred Word: \033[3im{predicted word}\e33[m\t\tLoss: {loss val:.4f}")

if pyscript: print('PYTHON OUTPUT SCRIPT'); print("\e33[33m", end=''); pri
avg_ {est toss current iter _report = total_test_loss / len(word_mapping_dat:
if verbose
print(f" Average Test Loss (current best BS params):
int(f" Exact Word Matches:

P
if correct_words_exact_match
if verbose:

Ten(word_mapping_data):

{avg_test_loss_current_iter_report:.4f}"
{correct_words_exact_natch}/{len(word_mapping_data)}"); print("-
print(f"\nConverged at Iteration {iteration

*80)

end_time = time.time(); print(f"\n--- Optimization Finished ---"); print(f"Tot
rint(f"Best Burning Ship Parameters Found: {best_bs_params}"); print(f"Lowest
return (best_bs_params, classifier_nn)

e
SYMBOLS_TO_TEMPLATE = { ' s prine(es + %s)', (Ul
def genfunc(g):
as=
for part in g.split():
iF len(part)==1: a.append(part)
op = None; opmap , 'subtract':'-', 'multiply':'*', 'divide'
for vord in g-split OF
ord in opmap: op = opmap[word]; break
args = ','
1r op: bo
els ] in(a)
Tetorn tlambdane! %' (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 =
if len(a) 1: args.append(a)
return '%s(%s)' % (name, ', '.join(args))
kel
sveoLs_To_cen = { /=) : genfunc, 'CL%‘ : gencall }; word_mapping_data

)i break

al time elapsed: {end_time - start_time:.2f} seconds")
Average Classifier Loss Achieved: {best overall_loss:.6f}")

‘print(%s * %s)' }; SYMBOLS_TO_SELF = {}

=) 3
if "--quick' not in sys.argv: word_mapping_datas=[(‘write function to add  and *,/2)),(*call function with { 5.),(‘add and ', 0 1), (‘muttiply
if '--english' in sys.argv: word mapping data += [ ('write python code to print hello world', Eﬁ) ("one", "two"), ("hello", "world"), ("good", "bad"),

def read(prompt=", tineout_seconds=1):
if not timeout seconds: return input(prompt)
if pronptrsys. stdout.urite(prompe); ys . stdout. flush(
rlist, _, _ = select.select([sys.stdin], []
If TUSE} Teturn ays.stdin. readline() . strin)
else: re(urn None

timeout_seconds)

def plot(vec,
for i.v in"Gramerate(ve):
idx = (int(v*scale));

if idx < len(blocks):
o.append(c)

if idx >= 2:

se: u.ay

printat(label + ''.join(o), y, x); printat((’

lobal=t et

Cebloks[id]

u. append (TextProcessor . CHARACTERS[1])
di:
"*len(label)) + ''.join(u), y+1, x)
def dream(params, classifier_nn):
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
printat (' FRACTAL
magnitude_spectrum = run_gol and_3d_fft_torch(parans,
plot(bands.cpu().numpy(), labe
predicted_bands

"', debug_output=True); bands
§:', scale=160); words

final_prediction_values

label='9:", x=35); printat(reply, 19, 70)
def main():
global word_mapping_data
word_napping_data += LEARN; print(word_napping_dat
best

L a)
_parans, classifier nn = solve(word_mapping_data)
classifier_nn.eva

()
pyscript = []; var_stack = [1; print('\e33[36m¥s\033[m' % '='*80); print('\033[36m
while 1:
input word = read()

1F dnput_word 1
 word mapplng "Gata and randon.randon() < -0.3: best_bs_parans, classifier_mn=
clse dreand List(best bs parant). classitier nn)
continue
¢ nput_word. count(
input_word. split(

_a.strip(); _v

elir input,word.endswith(')'):
try: eval(input_vord)
except BaseException as err: print(err)

magnitude_spectrum = run_gol_and_3d_fft_torch(best_bs_params, input_word, debug_out
predicted_bands = calculate_3d_fft_energy_bands_torch(magnitude_spectrum, NUM_FFT_B
wlth torch.no_grad(): final_prediction_values = classifier_nn(predicted_bands.unsqu
rocessor . reconstruct_word_from_classifier_output( final_prediction_val
prmt(f"\ess[zlm(reply)\eas[m")
if reply in SYMBOLS T(
= SYMBOLS_TO_( GEN[reply](lnput word); print(f"
if gen.startswith('lambda '):
print("\e33[36m
if user:
if len(user) != 3: print("WARN: function name is not length three")
func = eval(gen,globals()); print('\e33[36m
globals() [user] = func
elif gen.endswith("
print('\033[36m
if input().strip():
: eval(gen,globals()); print(_)
xcept BaseException as err: print(err)
elif reply in SYMBOLS_TO_TEMPLATE:
int(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(’ \oaa[sem run code? y/n (with template args: %s)\033[m' % args)
if input
033[34m" end=""
try: exec(SYMBOLS_TO_TEMPLATE[reply] % tuple(args), globals())
except BaseException as err: print(err)
print("\e33[m", end:
elif reply in SYMBOLS_TO_CODE

pyscript. append(SVMEOLS TO_CODE[reply]); print(f"
if input()
print

Generated: \033[33n{gen}\033

“call function? y/n (%s)\633[m' % gen)

8]

eza[aam" end=""

try exec(SYMBOLS_TO_CODE[reply], glonals())
except BaseException as err: print(err)
print("\e33[m", end='')

else:
print(reply, "?")
if len(input word.split())

2: word_mapping_data.append( tuple(input word.split

def printat(text: str, row: int, col:
--vis' not in sys.argv: return

save_cursor = "\33[s"; restore_cursor = "\033[u"; sys.stdout.write(save_cursor)
for 1, ln in enumerate(text.splitlines()): move_cursor

int):

%s MUTATE RATE: %s' %([round(v,6) for v in params], MUTATION_RATE),

TextProcessor . reconstruct_word_from_classifier_output( bands, min_value_threshold
calculate_3d_fft_energy_bands_torch(magnitude_spectrum, NUM_FFT_BANDS_FOR_CLASSIFIER); classifier_nn.eva
with torch.no_grad():

classifier_nn(predicted_bands.unsqueeze(0)). squeeze(0)
ply = TextProcessor.reconstruct_word_from_classifier_output( final prediction_values, min_value_threshold=MIN_VAL_THRESH )
plot(final_prediction_values.cpu().numpy(),

eval(_b); print(f'\033[36m

SymPython: \033[33m{SYMBOLS_TO_CODE[reply]}\033[m"); print('\033[36m

("happy”, "sad") ]

) # Ensure the prompt is displayed immediately

int(MUTATION_RATE * params[i]))); params[i] =

max(20, min(200, params[i]))

1
calculate_3d_fft_energy_bands_torch(magnitude_spectrum, len(TextProcessor.CHARACTERS))

.0025 ); printat(words, 18, 70)

Input your query or command and press [Enter] key\033[m')

solve(word_mapping_data, iterations=10, verbose=False)

new variable: {_a} = { v}\e33[n'); globals()[_al=_v; var_stack.append(_a)

put=False)
ANDS_FOR_CLASSIFIER)
eeze(0)). squeeze(0)
ues, min_value_threshols

IN_VAL_THRESH )

[m")

save lambda function (type name) or press [Enter] to ignore\e33[m"); user = input().strip()

saved global function: %s %s\e33[m' %(user, func))

run code? y/n\033[n')

0))

£\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



if _name_ == '__main_': main()

6. Conclusion

We have presented a novel computational model that extends our prior work on emergent computation through fractal dynamics and
spatiotemporal spectral analysis. By introducing a simplified Domain Specific Language, we have enabled the system to output and dynamically integrate
core functional components, specifically demonstrating the self-modification of the Game of Life stepping function. This emergent meta-programming
capability represents a significant step towards creating truly adaptive, self-improving, and resilient artificial intelligence systems, blurring the lines
between learning, symbolic reasoning, and functional self-reconfiguration.
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