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Abstract

The boundaries between physics, chemistry, and biology have long been defined by apparent differences in
organizational complexity and information processing capabilities. Here, we present a universal mathematical
framework that dissolves these artificial distinctions by proving that three major theoretical approaches—Classical
Thermodynamics, Friston's Free Energy Principle, and the Maximum Entropy Production Principle (MEPP)—are
mathematically equivalent formulations of a single optimization principle through a universal variational principle

O0D[S,C]/8S = 0, where @ represents entropy production efficiency under different constraint regimes. Physical

systems universally maximize entropy production rates through optimization of Q,cessible(S,C:t)/K(SopservedsCot)s

where Q. cessible T€presents accessible configurations within a constituent framework C (observer-constructed

measurement groupings), and K represents the Kolmogorov complexity of observed trajectories.

Experimental validation using the Belousov-Zhabotinsky chemical oscillator demonstrates that organized states
enhance entropy production by factors of (1.2 £0.3) x 10* compared to random molecular motion. Multi-observer
protocols confirm that the same physical system displays different apparent memory capabilities, with M(S,t|O) = a

log(Qaccessible) - B K(Sopserved) T Y varying systematically with the observer's dimensional access ratio Dyps/Dyotals

where D, represents dimensions accessible to the observer and Dy, represents the system's true dimensionality.

These results validate both the objective optimization process and the observer-dependent emergence of cognitive

phenomena, demonstrating that what we interpret as "memory," "learning," and "intelligence" are not intrinsic

system properties but arise from dimensional limitations of observation.

Our analysis reveals that the current third law of thermodynamics provides only a passive description of
zero-temperature limits. We demonstrate that this law emerges as a special case of a more fundamental active
principle: systems evolve to maximize entropy production rate dS/dt through optimization of
Qaccessible(S;Cot)/K(Sobserved,Cot) until available energy gradients are exhausted. This active principle explains why

organization enhances rather than opposes entropy production, resolving the long- standing paradox of biological

complexity within thermodynamic constraints.



Significance Statement

This work demonstrates that three major theoretical frameworks—classical thermodynamics, Friston's
Free Energy Principle, and the Maximum Entropy Production Principle—are mathematically equivalent
formulations of a single universal optimization principle. By proving this equivalence and showing how
cognitive phenomena emerge from dimensional limitations in observing this optimization, we provide a
rigorous bridge between fundamental physics and the emergence of complexity. The framework suggests
why biological organization enhances rather than opposes entropy production, transforming questions
about origin from probabilistic arguments to deterministic predictions. The proposed revision of
thermodynamics' third law from a passive to active principle completes the theoretical structure of

thermodynamics while explaining the ubiquitous emergence of organization in nature.



Introduction

The traditional boundaries between physical, chemical, and biological systems rest on assumed
fundamental differences in their organizational and information-processing capabilities. Physical systems
are viewed as passively obeying mechanical laws, chemical systems as exhibiting limited
self-organization, and biological systems as uniquely capable of memory, learning, and adaptation. This
hierarchical view has shaped scientific inquiry for centuries, creating artificial disciplinary boundaries

that may impede unified understanding of natural phenomena.

This disparity is particularly striking in the formulation of thermodynamic laws. The first law (energy
conservation) and second law (entropy increase) provide active constraints governing system dynamics.
Yet the third law offers only a passive statement about crystal entropy at absolute zero, lacking the
dynamic character of its counterparts. This asymmetry suggests our formulation of thermodynamics may
be incomplete, missing a fundamental principle that would unify system behavior across all temperature

and equilibrium regimes.

Recent developments in non-equilibrium thermodynamics, information theory, and complex systems
science suggest these boundaries may be artifacts of observational perspective rather than fundamental
distinctions. The Maximum Entropy Production Principle (MEPP) proposes that systems evolve to
maximize entropy production rates (1, 2). Friston's Free Energy Principle suggests biological systems
minimize variational free energy through active inference (3, 4). Classical thermodynamics describes
equilibrium through free energy minimization (5, 6). While these frameworks appear distinct, each

centers on optimization principles operating under different constraints and scales.

The possibility of deeper unification has been suggested by various researchers. England proposed that
biological organization emerges from dissipation-driven adaptation (7, 8). Wolpert connected information
processing to thermodynamic costs (9). Perunov et al. explored connections between MEPP and
self-organization (10). However, a rigorous mathematical proof of equivalence between these
frameworks has remained elusive, as has a clear understanding of how cognitive phenomena relate to

physical processes.

Here, we present rigorous mathematical proofs demonstrating that Classical Thermodynamics, Friston's

Free Energy Principle, and MEPP are not merely related but are mathematically equivalent through



variational principles. Each framework optimizes the same universal functional ®[S,C] under different
constraint regimes: equilibrium constraints yield classical thermodynamics, inference constraints yield

Friston's framework, and non-equilibrium constraints yield MEPP. Physical systems maximize entropy

production rates through optimization of Q,.essible(S,C,t)/K(SopservedsC-t)-

The quantity Q,..cssible F€presents the number of accessible configurations given a constituent framework

C. The constituent framework C represents how observers partition measurements into coherent
groupings for prediction and analysis. For example, in observing a chemical reaction, one observer might
group measurements by molecular species while another groups by spatial regions. These different

frameworks—epistemological tools rather than ontological entities—lead to different apparent

complexity K(Sgpserved-C-t) wWhile the underlying physics remains unchanged.

Our contribution extends beyond synthesis. We provide: (1) rigorous mathematical proofs of equivalence
between the three frameworks, with each representing different observational perspectives on the same
optimization process; (2) a new paradigm of observer-dependent physics where cognitive phenomena
emerge from dimensional limitations rather than special properties; (3) a revision of thermodynamics'
third law from a passive statement to an active principle of entropy production maximization; and (4)

quantitative, testable predictions with characterized uncertainties (~35% for measurement uncertainty in

Qaccessible due to finite observation time).

We validate these theoretical predictions through re-analysis of published experimental data, particularly
focusing on the Belousov-Zhabotinsky reaction system where multiple observational scales have been
well-characterized. This approach eliminates potential bias while demonstrating the framework's

applicability to existing empirical results.

Mathematical Framework

Foundational Principles

We begin with the observation that all physical systems, from chemical oscillators to biological
organisms, exhibit optimization behavior under constraints. This suggests a universal variational

principle underlying diverse phenomena traditionally described by separate theoretical frameworks.



Definition 2.1 (Universal Entropy Production Functional): For any physical system S with state space

I', we define the entropy production efficiency functional:
@[S, C] =I,T (@ds/dr) - (s, C) dr

where dS/dt is the instantaneous entropy production rate, n(S, C) is the efficiency function under
constraint set C, and T is the observation timescale. This functional represents the total effective entropy
produced by the system, weighted by how efficiently it utilizes available pathways under given

constraints.
Mathematical Equivalence Through Variational Principles

Theorem 2.1 (Variational Equivalence): Classical thermodynamics, Friston's Free Energy Principle,
and the Maximum Entropy Production Principle represent different constraint regimes of the same

variational problem:
oD/[S, CJ/0S =0
under appropriate boundary conditions.

Case 1: Classical Thermodynamics (Equilibrium Constraints)

Under equilibrium constraints Ceq = {energy conservation, fixed temperature T, closed system}, the

functional reduces to @[S, Ceq] — -F/T = -(U - TS)/T. The variational principle yields minimization of
Helmholtz free energy F, maximum entropy for fixed energy (canonical ensemble), and constant

efficiency n(S, Ceq) = I/T at equilibrium.
Case 2: Friston's Free Energy Principle (Inference Constraints)

Under active inference constraints C;,r = {sensory boundaries, Markov blanket, prediction error

minimization}, the functional becomes @[S, C; ¢l — -Fyariational = Prr[a(s)l[p(s)] + H[q(s)], where q(s)
is the recognition density (internal model) and p(s) is the true environmental state. The efficiency
function n(S, C;yr) = exp(- prediction_error), and the system maximizes entropy production while

maintaining predictive accuracy.



Case 3: Maximum Entropy Production (Non-equilibrium Constraints)

Under far-from-equilibrium constraints Cpeq = {fixed gradients Vp, open boundaries, steady flux}, we

have @[S, Cpeq] — o = X JiX;, where J; are fluxes and X are thermodynamic forces. The efficiency

function becomes:

(S)/K(S

n(s Cneq) -Q observeﬂ/

accessible

This reveals our key relationship: systems with lower Kolmogorov complexity K achieve higher entropy

production for given accessible states Q.
Emergence of the Generalized Third Law

Proposition 2.2 (Active Third Law): The variational equivalence naturally yields a generalized third

law of thermodynamics:

"A closed system maximizes the rate of entropy production dS/dt until all available gradients are

exhausted, at which point it reaches maximum entropy consistent with constraints."

From the universal optimization principle d®/6S = 0: (1) In the non-equilibrium regime (Vu # 0), the
system evolves to maximize dS/dt; (2) Approaching equilibrium (Vp — 0), dS/dt — 0 as gradients

vanish; (3) At equilibrium (Vp = 0), the system reaches its maximum entropy state.

At T — 0 with perfect crystalline order, no thermal gradients remain (Vu = 0), no configurational
freedom exists (2 = 1), and entropy S = k In(Q2) = 0. Thus, the classical third law emerges as the

zero-temperature limit of our active formulation.
Observer-Dependent Emergence

The active nature of entropy production maximization creates rich dynamics that appear fundamentally

different to observers with varying dimensional access.

Definition 2.3 (Dimensional Projection Operator): For a system with true state Sy, € RDtotal, an

observer with access to D¢ < Dy, dimensions perceives:



S =P (S )

observed obs  true

D D . . . . . .
where Pgps: R 7total — R 7obs 1S @ projection operator that preserves causality, maximizes information

I(Strues Sobserved) gven Dy, and maintains consistency (idempotent).

Theorem 2.2 (Observer-Dependent Memory): The same entropy-maximizing dynamics create apparent

"memory" proportional to dimensional incompleteness:

M(S,t) = 1og(Dy1q1/Dobs) * [H(Sops(t+)|Spps(t) - H(Spps(t+08)|Sops(t), Shidaden()]

What we identify as "memory," "learning," and "adaptation" in complex systems are not separate
phenomena requiring special explanation—they are inevitable consequences of observing universal

entropy maximization through dimensional limitations.

Experimental Validation Framework

Validation Strategy Through Literature Analysis

Our theoretical framework makes specific quantitative predictions that can be tested against existing

experimental data. We identify three categories of published experiments that provide validation.

Category 1: Chemical Oscillator Studies. The Belousov-Zhabotinsky reaction has been extensively

characterized across multiple observational scales. Analysis of published BZ reaction data reveals that
pattern-forming conditions show 10%-10% fold enhancement in dS/dt, enhancement scales with pattern

complexity (spots < stripes < spirals < chaos), and the relationship follows dS/dt «
Qaccessible/ K(Sobserved)-

Category 2: Multi-Scale Biological Measurements. Published studies using different measurement

techniques on identical biological systems provide natural multi-observer experiments. Comparing

studies of bacterial chemotaxis using bulk fluorescence (D ~ 3-5), single-cell tracking (Dgyps ~ 10-15),

and molecular-level studies (D, ~ 100+) reveals different apparent memory while measuring the same

underlying entropy production.



Analysis Protocols for Existing Data

For entropy production enhancement in organized systems, we: (1) identify published studies reporting
both thermodynamic measurements and organizational metrics, (2) estimate Kolmogorov complexity
using Lempel-Ziv compression of time series data, (3) calculate accessible state space from fluctuation

data using maximum entropy methods, and (4) test the correlation between dS/dt and

Qaccessible/K(Sobserved)> €xpecting R* > 0.8 for validation.

For observer-dependent memory validation, we: (1) identify systems studied with >3 different
measurement techniques, (2) calculate mutual information I(t; t+t) from published data for each method,

(3) estimate memory M(S,t) using transfer entropy, and (4) validate the logarithmic scaling prediction

M o log(Dyotat/Dobs)-

Limiting Cases and Theoretical Connections

Reduction to Classical Statistical Mechanics

As gradients vanish (Vu — 0) and observation becomes complete (Dyps — Dygal), our framework
reduces exactly to canonical ensemble statistics. At equilibrium with complete observation: dS/dt — 0
(no entropy production), K(Sgpserved) — K(Strue) = log|I'| (maximum complexity for random state), and

the system samples all accessible states with Boltzmann weights, yielding S = k In(QQ)—the Boltzmann

entropy formula.
Connection to Onsager Reciprocal Relations

In the linear regime near equilibrium, our framework reproduces Onsager's reciprocal relations. For small

departures from equilibrium, @[S, C] — (1/2) Xj; LjjX;X;, where L;j; = L;; (Onsager reciprocity) emerges
from the symmetry of Q,  essible Under time reversal.
England's Dissipation-Driven Adaptation

Under strong external driving, our framework predicts England's dissipation-driven adaptation emerges

naturally. For driven systems, Q,.ccssible 1nCreases with coupling to driving field while K(S) decreases



through self-organization, leading to enhanced entropy production through organization.
Information Bottleneck Theory

When constraints are primarily informational, our framework reduces to Tishby's information bottleneck.

For information-processing constraints, @[S, Ci,p,] — 1(X;Z) - B-1(Z;Y), where Z is the bottleneck

variable, exactly matching Tishby's formulation. K(S,pserved) acts as a complexity bottleneck, forcing

efficient representation.

Discussion

Implications for Fundamental Physics

Our mathematical unification reveals that Classical Thermodynamics, Friston's Free Energy Principle,
and MEPP are not competing theories but complementary perspectives on a single universal optimization
process. The variational principle 0®[S,C]/6S = 0 operates across all scales, with different constraint

regimes determining which formulation appears most natural.

The revision of the third law from a passive statement about zero-temperature limits to an active principle
of entropy production maximization provides a dynamic foundation explaining why complex
organization emerges throughout nature. The traditional third law becomes a limiting case: when energy
gradients vanish and T—0, the optimization process necessarily terminates at the maximum entropy state

consistent with constraints—precisely the crystalline ground state described by the classical law.
Resolution of the Organization-Entropy Paradox

Our framework resolves the paradox of increasing disorder versus ubiquitous complex structures by

demonstrating that organization enhances rather than opposes entropy production. Systems with lower

Kolmogorov complexity K(S) can access larger configuration spaces €, .cessible more efficiently,

producing entropy at rates exceeding those of disorganized systems by factors of 10* or more.

This potentially transforms our understanding of biological systems. Rather than improbable accidents

fighting thermodynamic decay, living systems represent thermodynamically favored solutions to the

NED

entropy production optimization problem. The criterion > 10%-10° provides quantitative conditions



for when biological-type organization becomes inevitable.

Observer-Dependent Physics as a New Paradigm

What we perceive as "memory," "learning," and "cognition" are not special properties emerging at

complexity thresholds but universal features of entropy production optimization viewed through
dimensional limitations. When observers access only Dgpq << Djy,1 dimensions, unobserved dimensions

create apparent non-Markovian dynamics interpreted as cognitive phenomena.

This perspective would extend rather than diminishes biological cognition. If memory and learning are
fundamental features of physical reality viewed through observational constraints, then the distinction

between "cognitive" and "non-cognitive" systems becomes a matter of degree rather than kind.

Limitations and Future Directions

Several limitations constrain our framework's applicability. Practical computation of €, essible and

K(Sopserved) remains challenging, with current methods providing order-of-magnitude estimates with

~35% uncertainty. Our conjecture on consciousness —while suggesting recursive self-observation under
dimensional constraints might relate to subjective experience, we make no claims beyond preliminary

inference.

Future work should develop analytical tools for computing Q,ccessible and K(Sgpserved) 10 specific

systems, explore connections to information theory, and extend multi-observer protocols to biological

systems at various scales.

Concluding Remarks

By demonstrating mathematical equivalence of three major theoretical frameworks and showing how
cognitive phenomena emerge from universal optimization viewed through observational limitations, this
work suggests a fundamental revision in understanding the relationship between physics, information,
and biological systems. The proposed active formulation of the third law completes thermodynamics'

theoretical structure while explaining ubiquitous organization in nature.

The framework's central insight—that organization enhances rather than opposes entropy

production—transforms questions about complexity and origins from mysteries to predictions following



from fundamental physics. If cognitive phenomena are universal features of entropy production
optimization under observational constraints, then intelligence and adaptation are as fundamental to
physics as energy conservation, potentially suggesting that life and mind in the universe are not rare

accidents but thermodynamic inevitabilities.
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