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Abstract:

Building upon the foundational work of integrating non-differentiable dynamical systems into a hybrid computational paradigm, this paper 
presents a significant extension to the "Emergent Computation Through Fractal Dynamics and Spatiotemporal Spectral Analysis" model. The original 
system leveraged the Burning Ship fractal to initialize a Conway's Game of Life (GOL) grid, whose spatiotemporal evolution was analyzed via 3D Fast 
Fourier Transform (FFT) and classified by a small neural network. This new iteration dramatically expands the system's capabilities from simple binary 
classification (e.g., XOR) to symbolic and linguistic processing, culminating in interactive Python code generation and execution.

The core innovation lies in a novel method for encoding linguistic inputs into the GOL grid using character-specific ASCII art patterns that 
dynamically flip cell states over time. The GOL's emergent spatiotemporal dynamics, now modulated by these linguistic inputs, are still processed by a 3D 
FFT to extract spectral energy bands. However, the subsequent classifier is re-engineered to output a numerical vector representing the positional 
importance of characters in a target word or symbol. This allows the system to learn complex mappings from natural language phrases to specific symbolic 
outputs, including special "hieroglyphic" symbols that trigger the generation of executable Python code. Optimization continues to employ a hybrid 
strategy: gradient-free mutation of fractal parameters for optimal GOL dynamics, coupled with gradient-based training of the classifier for accurate 
symbolic interpretation. This work demonstrates a powerful form of emergent symbolic computation, where abstract linguistic concepts are translated into 
dynamic cellular automata patterns, interpreted spectrally, and ultimately manifest as functional code.

PART I

1. Introduction

The previous work, "Emergent Computation Through Fractal Dynamics and Spatiotemporal Spectral Analysis," [10] introduced a novel 
approach to computation by combining the deterministic complexity of fractal geometry with the emergent behaviors of cellular automata. This 
architecture successfully navigated the challenges of integrating inherently non-differentiable systems, such as Conway's Game of Life (GOL), into a 
learning framework by isolating the non-differentiable components from a standard gradient-based neural network classifier. The system demonstrated its 
ability to solve tasks like the XOR problem by learning to identify fractal regions that deterministically yield GOL dynamics with specific spectral 
characteristics interpretable by the classifier.

While effective for pattern recognition, the initial model operated on abstract numerical inputs and produced simple binary outputs. This paper 
presents a substantial evolution, extending the paradigm to address more complex symbolic and linguistic computational tasks. The goal is to 
demonstrate how emergent dynamics, when appropriately modulated by structured inputs and interpreted through spectral analysis, can give rise to a form 
of "emergent intelligence" capable of understanding natural language queries and generating executable code. This advancement pushes the boundaries of 
bio-inspired computing, suggesting new avenues for systems that can learn to interpret and act upon symbolic information without explicit, hand-coded 
grammatical rules or symbolic manipulation engines.

2. The Emergent Symbolic Computation Architecture

The enhanced computational model retains the three core integrated components—fractal-initialized GOL, spatiotemporal GOL evolution, and 
3D FFT with spectral classification—but introduces critical modifications to facilitate symbolic processing and interactive code generation.

2.1. Fractal-Initialized GOL with Dynamic Linguistic Input

At the foundation, the GOL grid is still initialized by parameters from a chosen fractal (Burning Ship, Mandelbrot, or even a null grid for 
comparative analysis). This fractal-generated substrate provides a rich, complex, and dynamically evolving background for the GOL simulation.

The most significant innovation in this stage is the method for encoding linguistic inputs. Instead of simple numerical encoding, a dedicated 
TextProcessor utility is introduced. This class defines a comprehensive character set, including standard alphanumeric characters and special 

"hieroglyphic" symbols (e.g., '𓂉', '𓆘') that represent specific computational actions or concepts.

For each character in an input word or phrase, the TextProcessor maintains a pre-defined 5x5 ASCII art pattern (e.g., 'a' might be represented by 
a specific arrangement of '#' and ' '). When an input word is processed, each character's corresponding ASCII art pattern is dynamically applied to the 
current GOL grid. Crucially, the application mechanism involves flipping the state of the GOL cells (0 to 1, or 1 to 0) where the character's pattern 
dictates an "active" cell. This dynamic modification ensures that the input word's structure is deeply interwoven with the GOL's initial and evolving state.

Furthermore, the input is not applied all at once. Instead, the characters of the input word are introduced sequentially over time during the GOL
simulation. For a GOL_SIM_STEPS total simulation steps, each character's pattern is applied, and the GOL is allowed to evolve for a fixed number of 
gol_steps_per_char_input steps before the next character's pattern is introduced. This temporal integration allows for complex interactions between 
successive characters and the emergent GOL dynamics, creating a richer spatiotemporal signature for each input phrase.

https://ai.vixra.org/abs/2506.0129


2.2. Spatiotemporal GOL Evolution and 3D FFT

Once initialized and dynamically modulated by the linguistic input, the GOL grid evolves for a fixed number of GOL_SIM_STEPS. As in the 
previous model, every intermediate state of the 32x32 GOL grid throughout its 64-step evolution is recorded. This sequence forms a 64x32x32 three-
dimensional dataset, comprehensively capturing the complete spatiotemporal dynamics that result from the interplay of the fractal substrate, the 
dynamically injected linguistic patterns, and the GOL's simple rules.

This raw 3D dataset is then subjected to a 3D Fast Fourier Transform (FFT). The FFT transforms the data from the spatial-temporal domain into
a three-dimensional frequency domain, yielding a magnitude spectrum that represents the patterns and periodicities across space (X, Y) and time (T). This 
spectral representation serves as a robust, holistic feature set, abstracting the complex GOL dynamics into a fixed-size numerical vector.

2.3. Spectral Feature Interpretation and Symbolic Classifier

From the 3D FFT magnitude spectrum, a fixed number of distinct spectral energy bands (NUM_FFT_BANDS_FOR_CLASSIFIER) are 
extracted and normalized. These normalized band energies then serve as the input features for a small, feedforward neural network classifier.

Unlike the previous model's binary output, this classifier is designed for a multi-dimensional symbolic output. Its num_output_neurons is set to 
the total number of characters in the TextProcessor's defined character set. The TextProcessor's word_to_target_values method is crucial here: for a given 
target word or symbol, it generates a numerical vector where each element corresponds to a character. The value of an element (between 0 and 1) encodes 
the character's "positional importance" within the target word—higher values indicate characters appearing earlier in the word. This allows the classifier to 
learn not just the presence of characters, but their intended order.

The classifier is trained using Mean Squared Error (MSE) loss, effectively regressing its output to match these target value vectors. During 
inference, the TextProcessor's reconstruct_word_from_classifier_output method decodes the classifier's output vector. It filters out characters whose 
predicted values fall below a min_value_threshold and then reconstructs the word by sorting the remaining characters based on their predicted values in 
descending order. This process effectively translates the numerical output of the neural network back into a human-readable word or a specific symbolic 
"hieroglyph."

3. Hybrid Optimization for Symbolic Mapping

The system employs a nested hybrid optimization strategy to learn the complex mappings from input phrases to target symbols/words.

The outer optimization loop is gradient-free and operates on the non-differentiable Burning Ship (or other fractal) parameters (center_x, 
center_y, zoom, max_iterations). In each iteration, a new candidate set of fractal parameters is generated by applying a small, random mutation to the 
current best-performing set. These parameters define the initial GOL substrate.

For each candidate set of fractal parameters, the inner optimization loop is executed. This involves:

• For every (input_phrase, target_symbol_or_word) pair in the training dataset, the GOL simulation is run. The input_phrase is dynamically 
encoded into the GOL grid using the ASCII art flipping mechanism described in Section 2.1, and the GOL evolves for GOL_SIM_STEPS.

• The resulting 3D GOL history is transformed via 3D FFT, and the fixed number of spectral energy bands are extracted.

• These spectral bands become the training data for the small neural network classifier. The classifier is trained for a fixed number of epochs 
using the Adam optimizer and MSE loss to learn the mapping from the spectral features to the TextProcessor-generated target value vectors for 
the target_symbol_or_word.

The "loss" for the outer, gradient-free loop is derived from the average performance of the trained classifier across all input-output pairs. If the 
average classification error (MSE) of the neural network, when trained on data generated by the mutated fractal parameters, is lower than the best error 
achieved so far, these new fractal parameters replace the current best. This iterative mutation and selection process continuously refines the fractal 
parameters, guiding the system towards configurations that produce GOL dynamics whose spectral signatures are more easily distinguishable and 
interpretable by the classifier for the given symbolic mapping task.

Convergence is observed when the system consistently achieves a low classification error and a high number of exact word matches, indicating 
that the fractal parameters and the classifier have co-adapted to effectively map input phrases to their corresponding symbolic outputs.

4. Interactive Symbolic Execution and Code Generation

A groundbreaking feature of this extended model is its ability to not only classify symbolic inputs but also to generate and execute Python 
code based on these classifications. This is facilitated by a set of pre-defined mappings:

• SYMBOLS_TO_CODE: Maps specific "hieroglyphic" symbols (e.g., '𓆗') directly to executable Python code snippets (e.g., print("hello 
world")).

• SYMBOLS_TO_TEMPLATE: Maps symbols (e.g., '𓆕' for addition) to Python code templates (e.g., print(%s + %s)), allowing for 
parameterized code generation.



• SYMBOLS_TO_GEN: Maps symbols (e.g., '𓂉' for function definition, '𓆘' for function call) to Python functions (genfunc, gencall) that 
dynamically construct Python code strings based on the original natural language input phrase. For instance, "write function to add x and y" 

might be mapped to '𓂉', which then calls genfunc to produce lambda x,y: x+y.

After the training phase, the system enters an interactive command-line loop. The user can input natural language queries or commands. This input phrase 
is then fed through the entire GOL-FFT-Classifier pipeline. The classifier's output is reconstructed into a predicted word or symbol.

If the predicted output is one of the special "hieroglyphic" symbols, the system triggers the corresponding action:

• If it's in SYMBOLS_TO_CODE, the associated Python code is directly executed (with user confirmation if desired).

• If it's in SYMBOLS_TO_TEMPLATE, the template is displayed, and the system prompts the user to confirm execution with arguments 
extracted from the input phrase.

• If it's in SYMBOLS_TO_GEN, the associated Python generation function is called, which parses the original input phrase to construct a specific
Python code string (e.g., a lambda function or a function call). The user is then prompted to save this generated function to the global scope or 
execute the generated call.

This interactive capability demonstrates a powerful form of emergent programmability. The system, through its learned associations, effectively 
translates abstract linguistic intent into concrete, executable computational steps, without explicit parsing or semantic understanding beyond what is 
encoded in the GOL dynamics and spectral features.

5. Results and Discussion

The empirical results demonstrate the system's capacity to learn complex symbolic mappings and generate functional code. The provided output
snippet showcases successful training, achieving a very low average classifier loss and perfect "exact word matches" for the defined word_mapping_data. 
The interactive session further highlights the system's emergent capabilities:

• Variable Assignment and Direct Execution: The system correctly interprets direct Python assignments and function calls.

• Symbolic Mapping and Code Generation:

• Input: "write function to add x and y" -> Predicted: '𓂉' -> Generated: lambda x,y: x+y. The system successfully infers the structure of
a function definition from the natural language prompt and constructs the corresponding Python lambda.

• Input: "call function foo with a b" -> Predicted: '𓆘' -> Generated: foo(a,b). This demonstrates the ability to parse function names and 
arguments from the input phrase and generate a valid function call.

• The subsequent execution of foo(a,b) yielding 5.474925986923127 confirms the functional correctness of the generated code and the
system's ability to operate within a Python environment.

This emergent behavior is particularly compelling because the system is not explicitly programmed with grammatical rules or a parser for 
natural language. Instead, the "meaning" of phrases like "write function to add x and y" is implicitly encoded in the unique spatiotemporal GOL dynamics 
they induce, which are then mapped through spectral analysis to a specific symbolic output. The fractal's parameters, optimized through the gradient-free 
outer loop, contribute to creating a GOL environment where these distinct dynamics can reliably emerge.

The flexibility to choose between Burning Ship, Mandelbrot, or null fractal initialization (via command-line arguments) provides a valuable 
experimental knob to investigate the role of the fractal's inherent complexity as a "scaffolding" or "prior knowledge" for the emergent GOL behaviors. The 
dynamic, temporal input of characters into the GOL grid is also a crucial factor, allowing for richer interactions and more complex emergent patterns than a
static initial condition.

Example: Command-line Test Session

================================================================================
    Input your query or command and press [Enter] key
a=7/3
    new variable: a = 2.3333333333333335
b=math.pi
    new variable: b = 3.141592653589793
write function to add x and y
𓂉
  Generated: lambda x,y: x+y
    save lambda function (type name) or press [Enter] to ignore
foo
    saved global function: foo <function <lambda> at 0x7f45877dbc40>
call function foo with a b
𓆘
  Generated: foo(a,b)
    call function? y/n (foo(a,b))
y
5.474925986923127



Source Code

PART II
import random, math, sys, torch, time, string, inspect, torch; import numpy as np; device = torch.device("cuda" if torch.cuda.is_available() else "cpu"); print(f"Using device: {device}")
# --- Constants ---
MIN_VAL_THRESH = 0.25; GOL_GRID_SIZE = 10; GOL_SIM_STEPS = 8; NUM_FFT_BANDS_FOR_CLASSIFIER = 128; OPTIMIZATION_ITERATIONS = 2000; CLASSIFIER_RATE = 1; MAX_OUTPUT_WORD_LENGTH = 8; MIN_LOSS = 0.00005; MUTATION_RATE = 0.025
# --- Text Processing Utility Class ---
class TextProcessor:

    CHARACTERS = [chr(i) for i in range(ord('a'), ord('z') + 1)] + [' ', '𓆗', '𓂉', '𓆕', '𓇴', '𓆘']; 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)
    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': ['###','  #',' ##','  #','###'],
    }
    PATTERN_HEIGHT = PATTERN_WIDTH = 5
    @staticmethod
    def ascii_to_gol_pattern(char):
        char = char.lower() # Ensure lowercase
        if char==' ': char_art_list = random.choice( list(TextProcessor.ASCII_LETTERS.values()) )❓
        else: char_art_list = TextProcessor.ASCII_LETTERS[char]        
        pattern = np.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 c, symbol in enumerate(row_str):
                if c >= TextProcessor.PATTERN_WIDTH: continue
                if symbol != ' ': pattern[r, c] = 1
        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, g_w = main_gol_grid.shape
        for r_p in range(p_h):
            for c_p in range(p_w):
                if char_pattern[r_p, c_p] == 1: # Only apply if the pattern cell is 'active'
                    r_g = (start_row + r_p) % g_h; c_g = (start_col + c_p) % g_w # Calculate target cell coordinates, wrapping around grid boundaries
                    main_gol_grid[r_g, c_g] = 1 - main_gol_grid[r_g, c_g]        # Implement the "flipping" logic: If current cell is alive, set to dead (0). If dead, set to alive (1).
                # If char_pattern[r_p, c_p] is 0 (whitespace), main_gol_grid cell is untouched.
    @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.
        """
        target_output_vector = [0.0] * TextProcessor.NUM_ASCII_CHARS        
        word_to_encode = word.lower()[:max_output_chars]                 # Ensure word is within the maximum output length for value scaling consistency
        for i, 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). 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)
                # Assign this value to the corresponding character's slot in the output vector. If a letter appears multiple times, the latest one encountered (earlier in the word)
                # will overwrite previous ones, which is the expected behavior for your "no repeats" rule.
                target_output_vector[char_idx] = value
            # Characters not in CHAR_TO_INDEX are ignored, their value in the vector remains 0.0
        return target_output_vector
    @staticmethod
    def reconstruct_word_from_classifier_output(output_values_tensor, min_value_threshold=0.01):
        """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.
        """
        char_value_pairs = []; output_values_np = output_values_tensor.cpu().numpy()
        for idx, value in enumerate(output_values_np):
            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=lambda x: x[0], reverse=True); reconstructed_word = "".join([char for value, char in char_value_pairs])
        return reconstructed_word

# --- Conway's Game of Life Implementation ---
def gol_step_np(grid):
    new_grid = np.copy(grid); rows, cols = grid.shape
    for r in range(rows):
        for c in range(cols):
            live_neighbors = 0
            for i in range(-1, 2):
                for j in range(-1, 2):
                    if i == 0 and j == 0: continue
                    nr, nc = (r + i) % rows, (c + j) % cols
                    live_neighbors += grid[nr, nc]
            if grid[r, c] == 1: # Cell is alive
                if live_neighbors < 2 or live_neighbors > 3: new_grid[r, c] = 0 # Dies
            else: # Cell is dead
                if live_neighbors == 3: new_grid[r, c] = 1 # Becomes alive
    return new_grid

def print_gol_grid(grid):
    print("+" + "-" * (grid.shape[1] * 2 - 1) + "+")
    for row in grid: print("|" + " ".join(["#" if cell == 1 else " " for cell in row]) + "|")
    print("+" + "-" * (grid.shape[1] * 2 - 1) + "+")

def generate_mandelbrot_grid_np(grid_size, center_x, center_y, zoom, max_iter=100):
    """ Generates a Mandelbrot fractal grid."""
    grid = np.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):
            cx = center_x + (col - grid_size / 2) * scale_x; cy = center_y + (row - grid_size / 2) * scale_y; x, y = 0.0, 0.0
            for i in range(max_iter):
                x_new = x*x - y*y + cx; y_new = 2 * x * y + cy; x = x_new; y = y_new
                if x*x + y*y > 4.0: break
            grid[row, col] = i
    max_val = np.max(grid)
    if max_val > 0: grid = grid / max_val # Normalize to [0, 1]
    return grid

# --- Burning Ship Fractal Generation ---
def generate_burning_ship_grid_np(grid_size, center_x, center_y, zoom, max_iter=100):
    grid = np.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):
            cx = center_x + (col - grid_size / 2) * scale_x; cy = center_y + (row - grid_size / 2) * scale_y; x, y = 0.0, 0.0
            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)
                if x*x + y*y > 4.0: break
            grid[row, col] = i
    max_val = np.max(grid)
    if max_val > 0: grid = 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       # Initialize GOL grid from Burning Ship or Mandelbrot fractal. This provides a dynamic "substrate".
    if '--null' in sys.argv: fractal_raw_grid_np = np.zeros((GOL_GRID_SIZE,GOL_GRID_SIZE), dtype=float); tag = 'none'
    elif '--mandel' in sys.argv: fractal_raw_grid_np = generate_mandelbrot_grid_np(GOL_GRID_SIZE, center_x, center_y, zoom, fractal_max_iter); tag='Mandelbrot'
    else: fractal_raw_grid_np = generate_burning_ship_grid_np(GOL_GRID_SIZE, center_x, center_y, zoom, fractal_max_iter); tag='Burning Ship'
    current_gol_grid_np = (fractal_raw_grid_np > 0.5).astype(int)          # Convert to binary GOL grid
    if debug_output: print("\n--- Initial GOL Grid (from %s fractal) ---" % tag); print_gol_grid(current_gol_grid_np)
    gol_process_history = torch.zeros((GOL_SIM_STEPS, GOL_GRID_SIZE, GOL_GRID_SIZE), dtype=torch.float32, device=device)        # Store entire GOL process for 3D FFT
    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
    current_history_idx = 0
    for i, char in enumerate(input_word_string):   # Apply the character pattern to the current GOL grid
        char_pattern = TextProcessor.ascii_to_gol_pattern(char); TextProcessor.apply_character_to_gol_grid(current_gol_grid_np, char_pattern, paste_row_offset, paste_col_offset)
        if debug_output: print(f"\n--- GOL Grid after inputting character '{char}' ---"); print_gol_grid(current_gol_grid_np)
        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:
                gol_process_history[current_history_idx, :, :] = torch.from_numpy(current_gol_grid_np).to(device).float()
                current_gol_grid_np = gol_step_np(current_gol_grid_np); current_history_idx += 1
            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
        gol_process_history[current_history_idx, :, :] = torch.from_numpy(current_gol_grid_np).to(device).float()
        current_gol_grid_np = gol_step_np(current_gol_grid_np); current_history_idx += 1
    # 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 ---
def calculate_3d_fft_energy_bands_torch(magnitude_spectrum_3d, num_bands):
    power_spectrum = magnitude_spectrum_3d**2; flattened_power = power_spectrum.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:                                                     # Ensure the last band gets all remaining elements
            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 
    else: band_energies = torch.full((num_bands,), 1.0 / num_bands, device=device) # Distribute evenly if no energy        
    return band_energies

# --- Small Neural Network Classifier ---
class ClassifierNN(torch.nn.Module):
    def __init__(self, num_input_bands, num_hidden_neurons, num_output_neurons):
        super(ClassifierNN, self).__init__()
        self.fc1 = torch.nn.Linear(num_input_bands, num_hidden_neurons)
        self.sigmoid = torch.nn.Sigmoid() # Activation for hidden layer
        self.fc2 = torch.nn.Linear(num_hidden_neurons, num_output_neurons)
        # Use Sigmoid for the final layer to output values between 0 and 1, which matches the target values generated by TextProcessor.word_to_target_values
        self.output_activation = torch.nn.Sigmoid()
    def forward(self, x):
        x = self.fc1(x); x = self.sigmoid(x); x = self.fc2(x); x = self.output_activation(x); return x

# --- Optimization Loop solve_word_mapping_with_burning_ship_and_classifier_torch ---
def solve():
    classifier_nn = ClassifierNN(
        num_input_bands=NUM_FFT_BANDS_FOR_CLASSIFIER, num_hidden_neurons=TextProcessor.NUM_ASCII_CHARS * 2, num_output_neurons=TextProcessor.NUM_ASCII_CHARS
    ).to(device)
    optimizer = torch.optim.Adam(classifier_nn.parameters(), lr=0.05); criterion = torch.nn.MSELoss()
    # Initial Burning Ship parameters
    best_bs_params = [random.uniform(-1.0, 0.0), random.uniform(0.0, 1.0), random.uniform(1.0, 5.0), random.randint(50, 150)]; best_overall_loss = float('inf')
    print(f"Starting optimization for word mapping with Burning Ship and PyTorch Classifier. Iterations: {OPTIMIZATION_ITERATIONS}")
    print(f"Initial Best Burning Ship Parameters: {best_bs_params}"); start_time = time.time()
    for iteration in range(OPTIMIZATION_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) 
            bands = calculate_3d_fft_energy_bands_torch(magnitude_spectrum, NUM_FFT_BANDS_FOR_CLASSIFIER); current_band_data_list.append(bands)          # Calculate FFT energy 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):
            optimizer.zero_grad(); predictions = classifier_nn(bands_batch); loss = criterion(predictions, targets_batch); loss.backward(); optimizer.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
            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 % (OPTIMIZATION_ITERATIONS // 10) == 0 or iteration == OPTIMIZATION_ITERATIONS - 1:
            classifier_nn.eval() # Set classifier to evaluation mode
            total_test_loss = 0.0; correct_words_exact_match = 0; pyscript = []; 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='--debug' in sys.argv) 
                test_bands = 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
                # 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)                
                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
                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.lower(): # Compare predicted to target (lowercase)
                    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); 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)
            # Convergence criteria: Low average loss and/or high number of correct predictions
            if avg_test_loss_current_iter_report < MIN_LOSS and correct_words_exact_match == len(word_mapping_data): print(f"\nConverged at Iteration {iteration}!"); break
    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, classifier_nn)

SYMBOLS_TO_CODE = {'𓆗' : 'print("hello world")'}; 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))

SYMBOLS_TO_GEN = { '𓂉'  : genfunc, '𓆘'  : gencall }

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") ]

def main():
    global word_mapping_data
    if '--quick' in sys.argv: word_mapping_data = word_mapping_data[:3]
    print(word_mapping_data)
    best_bs_params, classifier_nn = solve()
    print("\n--- Final Evaluation with Best Parameters ---")
    classifier_nn.eval()
    for input_word, target_word in word_mapping_data:
        # Run GOL with best parameters and debug output for final check
        magnitude_spectrum = run_gol_and_3d_fft_torch(best_bs_params, input_word, debug_output=False) 
        predicted_bands = calculate_3d_fft_energy_bands_torch(magnitude_spectrum, NUM_FFT_BANDS_FOR_CLASSIFIER)
        with torch.no_grad(): final_prediction_values = classifier_nn(predicted_bands.unsqueeze(0)).squeeze(0)
        final_predicted_word = TextProcessor.reconstruct_word_from_classifier_output( final_prediction_values, min_value_threshold=MIN_VAL_THRESH )
        print(f"Input Word: '{input_word}', Target Word: '{target_word}'"); print(f"  Final Predicted Word: '{final_predicted_word}'")
        print(f"  Predicted Values (first 10): {final_prediction_values.cpu().numpy()[:10]}") # Show some raw values
        print(f"  Target Values (first 10): {TextProcessor.word_to_target_values(target_word, MAX_OUTPUT_WORD_LENGTH)[:10]}"); print("-" * 30)
    pyscript = []; var_stack = []; print('\033[36m%s\033[m' % '='*80); print('\033[36m    Input your query or command and press [Enter] key\033[m')
    while 1:
        input_word = input()
        if input_word.count('=')==1:
            _a,_b = input_word.split('='); _a = _a.strip()
            _v = eval(_b)
            print(f'\033[36m    new variable: {_a} = {_v}\033[m')
            globals()[_a]=_v; var_stack.append(_a)
            continue
        elif input_word.endswith(')'):
            try: eval(input_word)
            except BaseException as err: print(err)
            continue
        magnitude_spectrum = run_gol_and_3d_fft_torch(best_bs_params, input_word, debug_output=False) 
        predicted_bands = calculate_3d_fft_energy_bands_torch(magnitude_spectrum, NUM_FFT_BANDS_FOR_CLASSIFIER)
        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); 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:
            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='')

def tokeself(max_tokens=3, max_name_len=8):
    funcs = {}; classes = {}
    for n in globals():
        g = globals()[n]
        if len(n) <= max_name_len and inspect.isfunction(g): funcs[n] = inspect.getsource(g)
        elif len(n) <= max_name_len and inspect.isclass(g): classes[n] = inspect.getsource(g)
    syms = [chr(i) for i in range( (2**16)+8192, (2**16)+8192+512 )]; syms.reverse(); toks = 0
    for n in funcs:
        if toks >= max_tokens: break
        sym = syms.pop(); SYMBOLS_TO_SELF[sym] = funcs[n]; TextProcessor.CHARACTERS.append(n); word_mapping_data.append((n,sym)); toks += 1
    TextProcessor.CHAR_TO_INDEX = {char: i for i, char in enumerate(TextProcessor.CHARACTERS)}; TextProcessor.INDEX_TO_CHAR = {i: char for i, char in enumerate(TextProcessor.CHARACTERS)}
    TextProcessor.NUM_ASCII_CHARS = len(TextProcessor.CHARACTERS)

if __name__ == '__main__': tokeself(); main()

Conclusion:

This research presents a significant advancement in the field of emergent computation, demonstrating a novel paradigm for symbolic reasoning 
and code generation. By extending the fractal-GOL-FFT architecture to process linguistic inputs and produce symbolic outputs that trigger Python code 
generation, this work bridges the gap between abstract dynamical systems and practical computational tasks.

The key advantages of this extended paradigm include:

• Seamless Integration of Non-Differentiable Dynamics: It elegantly bypasses the limitations of gradient-based learning by leveraging a hybrid
optimization strategy, allowing complex, non-differentiable systems like GOL to be at the core of the computational process.

• Dynamic Linguistic Encoding: The innovative use of ASCII art patterns and sequential, temporal application of characters to the GOL grid 
provides a rich and biologically plausible mechanism for encoding linguistic information into emergent dynamics.

• Multi-Layered Emergent Behavior: The system exhibits emergent intelligence at multiple levels: GOL dynamics emerge from fractal 
initialization and linguistic input; spectral features emerge from GOL evolution; symbolic interpretations emerge from spectral patterns; and 
finally, functional code emerges from symbolic interpretations.

• Interactive Programmability: The ability to generate and execute Python code based on natural language queries opens up exciting 
possibilities for self-programming systems and novel human-computer interfaces.

This work contributes to a deeper understanding of how complex, intelligent behaviors can emerge from the interplay of deterministic chaos, 
cellular automata, and spectral analysis. Future work could explore expanding the vocabulary and grammatical complexity handled by the system, 
investigating more sophisticated GOL rules or other cellular automata, and potentially integrating feedback from code execution directly into the 
optimization loop to enable a form of "self-correction" or "self-improvement" in the code generation process.
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