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AI Elliptic Curve Cryptography (ECC) 
Requirements
Abstract
The AI Coin project seeks to investigate novel artificial intelligence approaches for analyzing 
and potentially solving the Elliptic Curve Discrete Logarithm Problem (ECDLP), which forms the 
cryptographic foundation of many modern security systems. Specifically, this project 
implements a 32-bit elliptic curve cryptography system as an educational platform, creating a 
simplified cryptocurrency called "AI Coin" to provide a controlled environment for 
experimentation. The research explores three innovative AI approaches: (1) a diffusion model 
that mimics quantum computing's probabilistic nature by gradually converging on solutions; (2) 
a neural network designed to discover mathematical shortcuts that could lead to polynomial-
time solutions; and (3) a reinforcement learning system that explores the mathematical 
operation space to potentially discover entirely new factorization methods. This work serves as 
an educational exploration into the intersection of artificial intelligence and cryptography, with 
the goal of advancing understanding of AI's capabilities and limitations in cryptanalysis while 
simultaneously developing novel approaches that may inform future research in both fields.

1. Project Goals and Scope

1.1 Primary Objectives
Design and implement a 32-bit elliptic curve cryptography (ECC) system for educational 
purposes
Create a simplified cryptocurrency ("AI Coin") as a controlled testing environment
Develop three distinct AI approaches to analyze the ECDLP problem
Compare the performance of AI methods against classical cryptanalysis techniques
Document findings and insights for educational purposes

1.2 Scope Boundaries
Focus on 32-bit ECC systems rather than production-grade cryptographic 
implementations
Position as an educational exploration rather than an attempt to break real-world 
cryptography
Prioritize novel approaches and learning over practical cryptanalytic results
Limit to three specific AI methodologies with clear implementation boundaries

1.3 Success Criteria
Successful implementation of all three AI approaches (diffusion, neural network, 
reinforcement learning)
Measurable performance metrics for each approach against baseline methods
Documentation of discoveries, obstacles, and potential future directions
Educational value in understanding the intersection of AI and cryptography

2. Technical Requirements
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2.1 Development Environment
Programming Language: Python 3.11
Primary IDE: Cursor code editor with AI-assisted coding capabilities
Version Control: Git repository for tracking changes and collaboration
Package Management: pip with requirements.txt for dependency management

2.2 Hardware Requirements
Local Development: MacBook Pro Max 16" with 128GB RAM
GPU Acceleration: Utilize built-in Apple Silicon GPU capabilities
Cloud Resources: Design for optional deployment to cloud platforms for enhanced 
computation

2.3 Dependencies
PyTorch >= 2.0.0 for deep learning model implementation
NumPy >= 1.24.0 for numerical operations
SymPy >= 1.12.0 for mathematical operations and prime number generation
Matplotlib >= 3.7.0 for data visualization
TQDM >= 4.65.0 for progress tracking
PyYAML >= 6.0 for configuration management
Jupyter >= 1.0.0 for interactive exploration and documentation
Gym >= 0.26.0 for reinforcement learning environments

3. Core Implementation Requirements

3.1 Elliptic Curve Cryptography
Implement a complete 32-bit ECC system with the following components:

Elliptic curve definition and parameter management
Point representation, addition, and multiplication operations
Key generation, signing, and verification
Support for custom curve parameters

3.2 AI Coin Cryptocurrency
Implement a simplified blockchain with:

Transaction structure using ECDSA signatures
Block structure with previous block hashing
Basic ledger functionality for tracking balances
Simplified consensus mechanism for educational purposes

Include a mechanism for generating ECDLP problems from this environment
3.3 Data Generation and Management

Create a robust data generation pipeline for ECDLP training examples
Support for generating problems of varying difficulty levels
Data loaders compatible with PyTorch for model training
Data visualization tools for analysis and presentation

4. AI Model Requirements

4.1 Diffusion Model Approach
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Implement a complete diffusion model specifically adapted for ECDLP:
Noise scheduling and sampling mechanisms
U-Net style architecture for the denoising process
Problem encoding mechanisms for ECC parameters
Output decoding for private key candidates

4.2 Neural Network Shortcut Finder
Develop a neural network designed to discover mathematical shortcuts:

Feature extraction for relevant mathematical properties
Multi-layer architecture for pattern recognition
Training methodology to encourage discovery of optimizations
Binary output for private key representation

4.3 Reinforcement Learning System
Create an RL environment that enables mathematical operation discovery:

State representation capturing problem characteristics
Action space covering different mathematical approaches
Reward function that encourages novel solution pathways
Agent implementation using Deep Q-Networks or similar architectures

5. Training Requirements

5.1 Training Infrastructure
Support for both local and cloud-based training
Configurable training parameters via YAML configuration
Checkpoint saving and restoration functionality
Training progress visualization and monitoring

5.2 Training Methodology
Define progressive training stages for each model:

Initial training on simple problems
Gradual complexity increase
Fine-tuning on challenging problems

Implement early stopping, learning rate scheduling, and other training optimizations
Support for transfer learning where applicable

5.3 Hyperparameter Management
Comprehensive configuration system for model hyperparameters
Support for hyperparameter tuning experiments
Clear documentation of hyperparameter effects and recommendations

6. Evaluation Requirements

6.1 Performance Metrics
Define and implement the following metrics:

Success rate in solving ECDLP instances
Computational efficiency (time, memory usage)
Number of attempts required for successful factorization
Scaling behavior with increasing problem difficulty

6.2 Comparative Evaluation
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6.2 Comparative Evaluation
Implement baseline methods for comparison:

Brute force attack
Baby-step giant-step algorithm
Other classical approaches (Pollard's rho, etc.)

Comparative visualization tools for method comparison
Statistical analysis of performance differences

6.3 Benchmark Suite
Develop a comprehensive benchmark suite for testing all approaches
Include problems of varying difficulty levels
Support for automated benchmark execution and reporting
Visualization of benchmark results

7. Documentation Requirements

7.1 Code Documentation
Comprehensive docstrings for all functions and classes
Module-level documentation explaining purpose and approach
Inline comments for complex algorithms and techniques
Type hints for improved IDE support and code clarity

7.2 Technical Documentation
System architecture documentation
Algorithm descriptions and mathematical foundations
Model design documentation with diagrams
Performance analysis reports

7.3 Educational Materials
Jupyter notebooks illustrating key concepts
Step-by-step tutorials for each approach
Visualization of ECDLP and solution approaches
Explanation of findings and discoveries

8. Ethical Considerations

8.1 Responsible Use
Clear positioning as an educational project
Explicit documentation of limitations and scope
Avoidance of claims regarding real-world cryptographic systems

8.2 Research Transparency
Open methodology documentation
Clear separation between theoretical findings and practical applications
Responsible disclosure of any unexpected capabilities or results

9. Deliverables

9.1 Software Deliverables
Complete codebase following the specified structure
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Configuration files for all models and experiments
Trained model checkpoints for all approaches
Benchmark results and performance data

9.2 Documentation Deliverables
Project README with setup and usage instructions
Technical documentation as specified in section 7
Jupyter notebooks demonstrating key aspects of the project
Final report summarizing findings, challenges, and future directions

9.3 Evaluation Deliverables
Comparative analysis of all approaches
Benchmark results with statistical analysis
Visualization of performance characteristics
Assessment of each approach's potential for future development

Detailed Evaluation of the Diffusion Model 
Approach
Theoretical Foundation
The diffusion model approach for tackling the Elliptic Curve Discrete Logarithm Problem 
(ECDLP) draws inspiration from quantum computing's probabilistic nature. In quantum factoring 
algorithms like Shor's algorithm, the system explores multiple potential solutions 
simultaneously through quantum superposition. Our diffusion model approach emulates this 
probabilistic exploration by:

Starting with random noise (analogous to quantum superposition)
Gradually denoising toward plausible private key candidates
Generating multiple candidates that can be efficiently verified through classical 
computation

This "generate and verify" paradigm leverages the asymmetry of the ECDLP: while finding the 
private key k when given P and Q (where Q = kP) is difficult, verifying a candidate solution is 
computationally trivial (just multiply P by the candidate k and check if it equals Q).

Evaluation Methodology
To comprehensively evaluate the diffusion model approach, we'll implement the following 
methodology:

1. Performance Metrics
Success Rate: Percentage of ECDLP instances successfully solved
Time Efficiency: Average time to solution (including all attempts)
Sample Efficiency: Average number of candidates needed to find the correct solution
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Sample Efficiency: Average number of candidates needed to find the correct solution
Scalability: Performance as problem complexity increases (measured by bit-length)

2. Comparative Analysis
Versus Classical Methods: Compare with brute force and baby-step giant-step 
algorithms
Versus Neural Approach: Compare with the direct neural network solution
Versus RL Approach: Compare with the reinforcement learning discovery method

3. Qualitative Assessment
Convergence Patterns: Analysis of how the diffusion process gradually approaches 
solutions
Error Patterns: Common failure modes and their characteristics
Mathematical Insights: Any mathematical properties captured by the model

Experimental Design

Phase 1: Initial Capability Assessment
Training Dataset: 10,000 ECDLP instances with 16-bit private keys
Test Dataset: 1,000 unseen ECDLP instances with the same difficulty
Baseline Comparison: Record performance of brute force approach on identical 
problems
Metrics Collection: Success rate, average solution time, average candidates required

Phase 2: Scaling Analysis
Progressive Difficulty: Test on 16-bit, 20-bit, 24-bit, 28-bit, and full 32-bit problems
Resource Monitoring: Track memory usage, computation time, and GPU utilization
Performance Curve: Plot success rate vs. problem complexity

Phase 3: Hyperparameter Optimization
Diffusion Steps: Compare performance with different numbers of diffusion steps
Network Architecture: Test variations in model architecture (layer count, width, etc.)
Sampling Strategy: Compare different sampling strategies (ancestral, DDIM, etc.)
Noise Schedule: Evaluate linear vs. cosine vs. custom noise schedules

Phase 4: Convergence Analysis
Sample Visualization: Visualize how candidate solutions evolve through the diffusion 
process
Bit-level Analysis: Examine which bits of the private key converge first/last
Error Distribution: Analyze the distribution of errors in unsuccessful attempts
Confidence Metrics: Develop metrics to estimate solution confidence

Expected Outcomes

Strengths to Evaluate
Probabilistic Solution: The diffusion model may find solutions that deterministic 
approaches miss
Parallelizability: Multiple candidates can be evaluated simultaneously
Convergence Properties: The gradual denoising may reveal mathematical structure in 
the problem
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Scalability: Performance characteristics as problem complexity increases
Limitations to Assess

Computational Overhead: The diffusion process requires significant computation
Training Data Requirements: Sensitivity to training data size and distribution
Generalization: Ability to solve problems outside the training distribution
Mathematical Blindness: Potential inability to leverage mathematical properties that 
specialized algorithms exploit

Implementation Details for Evaluation

Key Components of the Evaluation Framework
Sampling Module:
def sample_from_diffusion(model, problem, num_samples=100, steps=1000):
    """
    Generate candidate solutions from the diffusion model.
    
    Args:
        model: Trained diffusion model
        problem: ECDLP problem instance (P, Q)
        num_samples: Number of candidates to generate
        steps: Number of diffusion steps
        
    Returns:
        List of candidate private keys
    """
    # Implementation of sampling logic
    # ...

Verification Module:
def verify_candidates(candidates, P, Q, curve):
    """
    Verify candidate solutions by checking if k*P = Q.
    
    Args:
        candidates: List of candidate private keys
        P: Base point
        Q: Public key
        curve: Elliptic curve parameters
        
    Returns:
        The correct private key if found, otherwise None
    """
    # Implementation of verification logic
    # ...
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Metrics Collection:
def evaluate_diffusion_performance(model, test_problems, curve):
    """
    Evaluate diffusion model performance on test problems.
    
    Args:
        model: Trained diffusion model
        test_problems: List of (P, Q, k) test cases
        curve: Elliptic curve parameters
        
    Returns:
        Dictionary of performance metrics
    """
    # Implementation of evaluation logic
    # ...

Visualization for Analysis
Convergence Visualization:
def visualize_diffusion_convergence(model, problem, true_k, steps=10):
    """
    Visualize how candidate solutions evolve through the diffusion process.
    
    Args:
        model: Trained diffusion model
        problem: ECDLP problem instance (P, Q)
        true_k: True private key
        steps: Number of steps to visualize
        
    Returns:
        Visualization of convergence
    """
    # Implementation of visualization logic
    # ...

Performance Comparison:
def compare_methods(results_dict):
    """
    Generate comparative visualizations of different methods.
    
    Args:
        results_dict: Dictionary containing results for different methods
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    Returns:
        Comparative visualization
    """
    # Implementation of comparison logic
    # ...

Future Research Directions
Based on the evaluation results, we'll identify promising research directions:

Hybrid Approaches: Combining diffusion models with classical algorithms
Mathematical Encoding: Better ways to encode mathematical structure into the model
Adaptive Sampling: Using feedback from verification to guide further sampling
Larger Scale: Scaling to larger bit-lengths and more complex curves
Transfer Learning: Applying knowledge from simpler curves to more complex ones

Evaluation Timeline
Week 1-2: Implementation of evaluation framework and baseline comparisons
Week 3-4: Scaling analysis and hyperparameter optimization
Week 5-6: Convergence analysis and error pattern identification
Week 7-8: Comprehensive comparative analysis and report generation

This evaluation plan provides a rigorous framework for assessing the diffusion model 
approach's effectiveness for ECDLP, with particular emphasis on its quantum-inspired 
"generate and verify" paradigm.


