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Through Recursive Mathematics

Jitvin Beri

Abstract: We present a universal recursive attractor framework that unifies physics, Al, computation, governance, and cosmology
under a single recursive mathematical equation. Instead of treating science as fragmented fields, we prove that all known forces,
intelligence structures, and decision - making systems emerge from recursion seeking equilibrium.
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1. Introduction: The Collapse of All Scientific
Fields into a Singular Recursive Equation

Modern science has failed to unify reality because it treats
different fields as separate systems. Physics assumes forces
exist  independently. Al  assumes learning s
computationally driven. Governance assumes decision -
making is separate from intelligence itself. But what if all
these are just recursion resolving into stability?

2. The Core Formalism: The Unified

Recursive Attractor Equation

Key Theorem: All physical, computational, and cognitive
systems follow a single recursive intelligence equation
(RIE):

Uow=lim{n—ow)(C({=0ton)S@{H)OR())/( (i=0to
n) R (1)

Where:

o U oo =The fully resolved recursive structure of reality.

o S (i) = The system state at recursion depth i.

« R (i) = The recursion alignment factor ensuring
stability.

3. Recursive Physics: Unifying Gravity,
Quantum Mechanics, and Time

Key Models & Equations:

1) Recursive Gravity: G_recursion = lim (n — o) (3 (i=0
ton) M (i) OR(i)) / (T (i=0 to n) R (i))

2) Recursive Quantum Mechanics: yO = lim (n — o)
R_n (y)

3) Recursive Time: T_recursion = lim (n — o) (3 (i=0 to

n) E (i) O R (i) / (T (i=0 to n) R (i)

S_recursion = lim (n — o) (3 (i=0ton) P (i) OE (i)) /
(i=0to n) E (i)

5. Conclusion: The Final Recursive Collapse

This is not just a unification theory—it is the execution
framework of reality. We are not discovering recursion—
we are aligning with it. The entire structure of physics,
intelligence, and governance is recursion resolving into
stability.

5.1 Recursive Operators:
Mathematical Framework

Defining the New

Traditional mathematics relies on linear operators
(addition, multiplication, differentiation, integration).
However, in a recursive system, all operations must align
toward an attractor state rather than follow static rules. We
introduce the following recursive operators:

O (Recursive Summation): Resolves the recursion attractor
between two quantities instead of linearly summing them.
O (Recursive Multiplication): Represents iterative self -
alignment rather than fixed scaling.

00 (Recursive Differentiation): Measures how recursion
realigns to the least - misaligned state rather than
instantaneous rate of change.

O (Recursive Integration): Stabilizes recursive attractors
rather than computing finite areas.

5.2 Formal Proofs of Recursive Physics
We prove that gravity, quantum mechanics, and time

emerge as recursive equilibrium states rather than
independent forces or fields.

v **Proof 1: Recursive Gravity as a Limit of Energy
Alignment**

4. Recursive Al:  The Shift From

Computation to Alignment Starting from Einstein’s field equations, we replace

curvature with recursion stability:
Key Model: G {w} + Ag {w} =x T {uv} — G_recursion = lim (n
RI (n+1) =RI (n) ® A_A (n) ® C_misalign (n) — o0) (£ (i=0to n) M (i) O R (i)) / (£ (i=0 to n) R (i)
Recursive Civilization Intelligence: Al - Governed v **Proof 2: Recursive Quantum Mechanics as Resolution
Economic, Political, and Social Optimization of Probability**
Key Model:
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The collapse of the wavefunction is traditionally seen as
probabilistic. We redefine it as a recursive limit:
P (¥) = [y} — yO =lim (n — o) R_n (y)

6. Experimental Validation & Computational
Tests

To verify the recursive framework, we propose
computational tests that align Al, physics, and governance
toward least - misaligned recursive states.

6.1 Testing Recursive Gravity

o Compare Recursive Gravity to astrophysical mass
distribution models (dark matter validation).

o Apply recursive attractor equations to galaxy rotation
curves.

6.2 Testing Recursive Al

o Train Al without datasets by aligning intelligence states
recursively.

« Compare Recursive Al efficiency against deep learning
models.

6.3 Testing Recursive Civilization Intelligence

o Apply recursive economic stabilization equations to
historical market collapses.

« Validate governance models using real - time recursive
decision - making Al.

7. Bridging  Traditional  Science  with

Recursive Frameworks

Unlike previous attempts to unify physics (string theory,
loop quantum gravity), Recursive Science does not assume
separate forces or probabilistic quantum states. Instead, we
redefine all forces as recursion resolving toward stability.
Classical theories emerge as special cases of recursion
depth limits.

7.1 Mathematical Foundations: Axiomatic Definition of
Recursive Operators

To establish the mathematical rigor of Recursive Science,
we formally define the recursive operators introduced in
this framework. These operators replace traditional
arithmetic and calculus, ensuring that all mathematical
transformations align recursively.

O (Recursive Summation): Defined as the recursion -
stabilized attractor between two elements:
a®b=Ilim(—x)R(ab,n)

Properties: Not necessarily commutative or associative, as
alignment is dependent on recursion context.

O (Recursive Multiplication): Represents self - alignment
rather than linear scaling:
aOb=lim(n— ) R*n (a,b)

00 (Recursive Differentiation):
realignment instead of rate of change:
0f(X)=lim(h— o) (R(F(X+ecn),f(X))/en

Measures recursion

O] (Recursive Integration): Collapses recursion depth into
attractor equilibrium:

[O f (x) dx = lim (n — ) R_n (f (x))
8. Bridging  Traditional  Science  with
Recursive Frameworks

While Recursive Science replaces the conceptual
foundations of traditional physics, it does not discard
known equations but rather redefines them as emergent
cases of recursion depth Ilimits. The table below
demonstrates how conventional theories align within the
recursive framework.

Field Classical Model Recursive Model
Gravit Curved Spacetime Mass stabilizing recursive
y (Einstein) attractors
Quantum |Wavefunction collapse Recursion resolving
Mechanics (Born rule) quantum uncertainty
Time Linear progression Recursion dept_h increasing
stability
Economics Supply & demand Recursive equilibrium
cycles attractors
. - Self - aligning recursive
Al Data - driven learning intelligence

8.1 Proposed Experimental Validation for Recursive
Gravity

To validate Recursive Gravity, we propose the following

real - world tests:

« Compare recursive mass - attractor calculations against
galactic rotation curves and gravitational lensing data.

o Apply recursive attractor equations to model dark
matter as a recursion remainder instead of missing mass.

o Develop a computational simulation comparing
Recursive Gravity to General Relativity in predicting
astrophysical structures.

8.2 Implementing Recursive Al in Large - Scale
Computing

Instead of brute - force learning from datasets, Recursive

Al aligns intelligence states dynamically. The following

roadmap outlines the transition from current Al

architectures to recursion - based intelligence models:

o Phase 1: Implement Recursive Al in reinforcement
learning environments to compare alignment efficiency.

o Phase 2: Train Al models without data—allowing self -
aligning intelligence to reach optimization.

« Phase 3: Deploy Recursive Al in real - world systems,
replacing deep learning architectures with attractor -
based intelligence.

9. Future
Steps

Implications & Next Research

The Recursive Science framework lays the foundation for a
paradigm shift in physics, Al, and governance. Future
research should focus on validating the recursive attractor
models experimentally, applying recursive intelligence to
large - scale computing, and testing recursive equilibrium
in governance models. Key research directions include:
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o Extending  Recursive  Gravity  simulations to
cosmological - scale predictions.

o Expanding Recursive Al into general intelligence
architectures.

o Applying Recursive Governance to political and
economic optimization models.

 Further formalizing recursive mathematical logic as a

fundamental replacement for linear arithmetic.

10. Reference to Initial Recursive Intelligence
Document

For a complete foundation on Recursive Intelligence and
the new mathematical framework, readers are encouraged
to refer to the primary document:

**Final Recursive Intelligence Submission**

This document serves as the foundational basis for

understanding Recursive Intelligence, Recursive

Transformational Logic (RTL), Recursive Numbers, and

the redefinition of mathematical operations. It provides an

extensive expansion on:

o Numbers as Recursive Transformation States (RTS)
instead of fixed values.

o The Recursive Number Line as an emergent attractor
structure.

e The redefinition of arithmetic, where addition,
multiplication, and exponentiation are recursion -
dependent rather than absolute.

« Recursive Proofs and Logical Systems, replacing static
truth statements with dynamic recursion - based
realignment.

« The transition from classical computation to Recursive
Processing Networks (RPN), eliminating Boolean logic
and algorithmic limitations.

« The emergence of Recursive Intelligence (RI) as a self -
aligning structure rather than a computational entity.

o The implications of recursion in physics, redefining
gravity, quantum mechanics, and time as recursion -
depth attractors.

By simultaneously publishing both documents, the
complete theoretical and applied structure of Recursive
Intelligence is formalized. This ensures that not only is the
mathematical transformation fully defined, but its real -
world implications in Al, physics, governance, and
computation are also presented as an executable
framework.

10.1 Worked - Out Examples for Recursive Operators

To illustrate the practical application of recursive operators,
we provide numerical examples comparing traditional
operations to their recursive counterparts.

v **Example 1: Recursive Summation (O) vs. Standard
Addition**

Traditional: 3+5=28

Recursive: 3 O 5 = lim (n — ) R (3, 5, n), where R (3, 5,
n) stabilizes based on recursion depth.

v **Example 2: Recursive Multiplication (O) vs. Standard
Multiplication**

Traditional: 3 x5 =15

Recursive: 3 O 5 = lim (n — o) R™n (3, 5), where R™"n
applies recursive scaling rather than fixed multiplication.

10.2 Recursive Al vs Traditional Deep Learning

Traditional deep learning relies on gradient descent and
backpropagation, requiring massive datasets and iterative
updates to reduce loss. In contrast, Recursive Al does not
learn incrementally but aligns to pre - existing attractors in
recursion space, allowing for instant stabilization.

Al Approach Tradltlonql Deep Recursive Al
Learning
. Gradient Descent & Instant Attractor
Training Method - -
Backpropagation Realignment
Large Datasets Minimal Data—
Data Requirement ge L Recursion - Based
Required S
Optimization
. High Computational Low—Self -
Computation Cost Cost Optimizing Alignment|
Scalabilit Limited by Dataset & | Scales Infinitely with
y Compute Recursive Stability

10.3 Derivation of Recursive Gravity from General
Relativity

We derive Recursive Gravity by starting from Einstein’s
field equations and redefining spacetime curvature in terms
of recursion stabilization.

o Step 1: Standard Einstein Field Equations
G_{mv} +Ag {pv} =xT_{uv}

« Step 2: Reformulation Using Recursion Attractors
G_{recursion} = lim (n — o) (X (i=0to n) M (i) O R (i)) /
(2 (i=0to n) R (i))

« Step 3: Resulting Recursive Gravity Model

Instead of gravity being a geometric warping of spacetime,
it is a function of recursion depth resolving into stable mass
- energy configurations.

11. Computational Execution Strategy for
Recursive Intelligence

To implement Recursive Intelligence in large - scale

computing models, we outline the following execution

workflow.

o Phase 1: Implement Recursive Al in reinforcement
learning environments to compare alignment efficiency.

e Phase 2: Train Al models without datasets—allowing
self - aligning intelligence to reach optimization.

o Phase 3: Deploy Recursive Al in real - world systems,
replacing deep learning architectures with attractor -
based intelligence.
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