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Executive Summary

Traditional cybersecurity Artificial Intelligence (Al) relies on a "Batch Learning" paradigm that
is fundamentally too slow for modern threats. The time gap between data collection, model
retraining, and deployment creates a critical ""Window of Vulnerability'* that can last weeks or
months.

Cyber-Physics introduces a paradigm shift: treating cyber events not as static logs, but as
physical particles with momentum, mass, and velocity. By utilizing an On-the-Fly Learning
Core, Cyber-Physics evolves in real-time, learning from every interaction in milliseconds
without the need for offline retraining or expensive GPU infrastructure.

This document outlines the architecture, the physics-based methodology, and the strategic value
of Cyber-Physics V2.2 Enterprise Edition as a lightweight, secure, and adaptive immune system
for enterprise infrastructure.

Cyber-Physics (CP) introduces a paradigm shift in cyber defense by replacing traditional
machine-learning—based detection with a physics-driven, real-time inference engine.

Unlike supervised learning models that require extensive historical data, labeling, and continuous
retraining, Cyber-Physics extracts intrinsic physical invariants from each incoming event,
enabling:

e On-the-fly learning

e Zero-Time detection

e Rule-less anomaly discovery

e Automatic Zero-Day recognition on first occurrence

Cyber-Physics does not operate as a SIEM, a rule engine, or a statistical ML classifier.

It is a nonlinear state engine inspired by partial differential equations (PDESs) and phase-
transition physics, providing unprecedented responsiveness and adaptability.



1. The Crisis: The "Batch" Bottleneck

Current Al-driven security systems (SIEM/NDR/EDR) operate on a retrospective model:

Collect massive datasets over weeks.

Label known threats manually.

Train heavy models on GPU clusters.

Deploy a static model that is obsolete the moment it goes live.
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The Consequences:

e Zero-Day Blindness: Static models cannot detect attack patterns they haven't seen
during training.

o Concept Drift: As normal network behavior changes, static models degrade, leading to
high false-positive rates (Alert Fatigue).

o High Latency: The cycle to update the "brain™ of the security system takes too long
compared to the speed of modern ransomware or automated attacks.

The Industry Need: A system that learns during the attack, not after it.

2. The Cyber-Physics Approach

Cyber-Physics is built on a different philosophical and mathematical foundation:

It does not learn from the past.
It learns from the physics embedded within each event.




3. The Cyber-Physics Paradigm

Cyber-Physics moves away from static pattern matching to dynamic behavioral analysis based
on physical principles.

3.1. The Physics of Data
The engine extracts "physical” features from digital events:

e Velocity: The rate of events per second (e.g., login attempts).
e Mass: The payload size or data gravity (e.g., bytes transferred).
« Momentum: The combined impact of velocity and mass over a sliding time window.

3.2. On-the-Fly Learning (The Core)

Unlike batch systems, Cyber-Physics utilizes a Streaming Stochastic Gradient Descent (SGD)
model.

Input: Single event (normalized).

Process: The model updates its weights instantly (partial fit).

Output: Anomaly score and updated internal state.

Memory: Constant O(1) memory usage via a fixed sliding window, ensuring the system
never slows down regardless of uptime.

4. Extracting Physical Invariants from Events




4.5 Continuity and Smoothness
Lack of continuity in regular event structure is a key indicator of hostile intent.

These invariants require no historical dataset, because they arise directly from the fundamental
structure of the event.

5. PDE Foundations and Their Cyber Analogy
Cyber-Physics draws inspiration from nonlinear PDEs such as:

Heat equation
Reaction-diffusion systems
Shock-wave equations
Navier—Stokes dynamics
Phase-transition PDE models

PDE Principles Applied in CP:
5.1 Locality

PDE systems depend on the present state, not the entire history. — CP depends only on the
current event and current reactor state.

5.2 Sensitivity to Gradients




6. Cyber-Physics Processing Pipeline
Given an incoming event:

a. Transform — Physical Vector
Extract energy, gradient, flux, phase signature.
b. Inject — State Reactor
The reactor updates its internal dynamic state (O(1) computation).
C. Infer — Outcome
Normal / Suspicious / Threat / Zero-Day.
d. Adapt — Instant Learning
The next event is evaluated under a new, more informed state.

This pipeline requires no heavy hardware, no GPUs, and no data preprocessing clusters.

7. Strategic Value Proposition

For System Integrators & MSSPs:

« Differentiation: Offer clients a "Self-Learning"” defense layer that competitors relying on
static rules cannot match.

o Reduced OpEx: Drastically reduce Tier-1 analyst workload by filtering noise and "Alert
Fatigue™ through context-aware adaptability.

« Partnership Model: A flexible, tiered licensing structure designed for high-margin
resale to Government and Enterprise sectors.




8. Why Cyber-Physics Is Extremely Lightweight

No dataset — No storage overhead

No training loop — No GPU cycles

No rule engine — No human configuration

No correlation engine — No SIEM-like heavy logic

O(1) computations — Real-time performance even on basic hardware
Online adaptation — No ML drift, no retraining
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This makes CP deployable:

On laptops

On-prem servers

Edge devices

Air-gapped environments
Resource-limited SOC infrastructures

9. Conclusion

Cyber-physics represents a radical shift towards a new class of cyber defense engines, not an
incremental improvement on existing tools. By abandoning the slow and expensive batch
learning model in favor of a simple, physics-inspired, real-time learning core, it provides
organizations with a digital immune system that adapts rapidly to attackers.

Cyber-physics redefines cyber defense by offering physics-inspired intelligence capable of real-
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