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We present a data-driven thermodynamic framework for analyzing how scientific concepts evolve as

open, non-equilibrium systems coupled to an informational environment. Each concept is modeled as a

grand-canonical ensemble whose empirical frequency distribution follows a generalized Boltzmann

form derived from the Maximum Entropy principle. Using large-scale data from more than 500,000

physics papers (about 13,000 concepts, 2000–2018), we reconstruct temporal trajectories of key

thermodynamic observables such as temperature, entropy, free energy, and residual entropy, and

identify three characteristic regimes of concept dynamics: stochastic, non-equilibrium, and

equilibrium. The analysis reveals an empirical stability plateau in the ratio between entropy and

effective information energy, with mature concepts clustering around a characteristic value. This

behaviour reflects a finite-size scaling constraint on the accessible informational phase space, and

marks the transition to a buffered regime in which entropy production and information dissipation

become balanced. In this regime, well-established concepts behave as effective thermodynamic

reservoirs that stabilize the informational environment of their field. Using the Hatano–Sasa

decomposition of irreversible work, we introduce efficiency measures that separate steady maintenance

dissipation from adaptive reorganization costs. Together, these quantities provide a unified,

thermodynamically consistent description of how scientific concepts emerge, stabilize, and reorganize

under finite informational capacity, offering new insight into the statistical mechanics of knowledge

production.
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1. Introduction

Entropy occupies a central position in both physics and information theory as a measure of multiplicity,

uncertainty, and disorder. Since the work of Boltzmann and Gibbs, thermodynamic entropy has quantified

the number of microscopic configurations compatible with a macroscopic state. Shannon [1] extended this

concept to symbolic communication, defining information entropy as a measure of uncertainty within

message ensembles. Jaynes [2] later showed that the two are not merely analogous but formally connected:

statistical mechanics can be reformulated as an inference procedure based on the Maximum Entropy

(MaxEnt) principle, where physical laws provide the relevant macroscopic constraints. This insight laid the

foundation of modern statistical inference and has inspired extensive research linking informational and

thermodynamic quantities across physics, chemistry, biology, and cognitive systems [3][4][5].

However, the relationship between thermodynamic and information-theoretic entropy remains a topic of

conceptual debate  [6][7]. Thermodynamic entropy, rooted in classical physics, measures the number of

microstates consistent with given macroscopic observables, while Shannon entropy quantifies uncertainty

in a probability distribution. Their mathematical forms are identical, but their physical interpretation

aligns only when the probabilities in the Shannon expression correspond to the MaxEnt distribution, the

least biased estimate consistent with known constraints such as average energy or particle number. In this

sense, Jaynes’ equivalence is conditional, not absolute. As several authors emphasize [8][9], entropy should

not be regarded as an intrinsic property of a system but as a measure relative to the observer’s description;

Caticha succinctly notes that “entropy is fundamentally tied to our method of observation and description,

rather than being an intrinsic property of the system under study.” Entropy therefore depends on the

descriptive level—microstate, mesostate, or macrostate—and differences between these levels quantify the

additional information required to uniquely specify a system. Gao et al.  [10]  further formalized this

connection, showing that thermodynamic and Shannon entropy coincide precisely when the underlying

probability distribution assumes a generalized Boltzmann form. This result provides the theoretical

foundation for applying thermodynamic reasoning to information-theoretic and cognitive systems

described via MaxEnt methods.

An essential physical understanding that supports this correspondence is the Landauer principle, which

establishes the minimal energetic cost of information processing  [11]. According to this principle, any

logically irreversible operation, such as erasing a bit of information, must be accompanied by a

corresponding increase in entropy and dissipation of at least    of heat to the environment.Q = T ln2kB
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This result unifies computation and thermodynamics by asserting that the information has an

unavoidable physical embodiment. Together with Brillouin’s notion of negentropy[12], Landauer’s principle

grounds the generalized second law of thermodynamics, in which information and energy are jointly

conserved: the decrease in informational entropy within a system must be compensated by an equal or

greater increase in thermodynamic entropy elsewhere  [13]. In the context of knowledge production, this

principle implies that the acquisition or refinement of knowledge, understood as a reduction of

uncertainty, necessarily involves a corresponding expenditure of energy, effort or cognitive work.

Within this framework, scientific communication can be viewed as an open infodynamic system: one in

which symbolic entities like scientific concepts, rather than particles, interact, transform, and organize

under constraints of limited attention and transmission capacity. In the digital era, this collective system

of knowledge is embodied in a vast and continuously evolving corpus of publications amenable to

computational analysis. By extracting its ontology, a structured set of scientific concepts, and examining

their statistical behavior in texts, we can represent science as a dynamic network of interacting

information units[14][15]. Each concept, operationally defined as an    gram encoding a scientific notion,

model, or process (e.g. energy, mass, or quantum Hall effect), reflects a local degree of informational activity

within the global system.

Empirical studies reveal that word and concept frequencies in scientific corpora follow power-law

distributions, whereas co-citation and co-occurrence networks exhibit small-world and hierarchical

structures. These regularities suggest that the production and diffusion of scientific knowledge may follow

principles analogous to entropy maximization and energy redistribution in physical systems. Just as

classical thermodynamics provided a framework for optimizing energy and work during the industrial

revolution, a thermodynamic perspective on information may illuminate the organization and efficiency

of knowledge in the digital age. Conceptualizing scientific communication as a collection of statistical-

mechanical ensembles of evolving informational states enables a rigorous and quantitative analysis of its

structure, dynamics, and emergent thermodynamic behavior.

Despite the growing number of studies exploring thermodynamic analogies in social and informational

systems, a clear theoretical and methodological gap remains. Existing models, such as the thermodynamic

principles of social collaboration proposed by Peng  [16]  offer valuable insights but operate at a binary or

coarse-grained level of description, where the presence or absence of a logical particle in the message

defines the state of the system. This binary approach simplifies empirical implementation but collapses

the internal heterogeneity of concept usage, implicitly fixing the number of such “particles” and thus

n
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constraining the system to a canonical-like regime. As a result, it cannot capture the open-system

fluctuations, mesoscopic structure, or connections to thermodynamic potentials necessary for a complete

description of information dynamics. More generally, the literature lacks a grand-canonical, frequency-

resolved framework for modeling scientific concepts as open thermodynamic systems, one that explicitly

derives their equilibrium reference states from the MaxEnt principle and links these to measurable

thermodynamic quantities such as temperature, chemical potential, free energy, and heat capacity.

The present work addresses this gap by developing a thermodynamic framework that treats each scientific

concept as an open grand-canonical ensemble that exchanges ’logical particles’, its textual mentions, with

a document reservoir. This approach extends previous binary models by introducing a frequency-resolved,

open-system formalism grounded in MaxEnt and consistent with the Landauer limit and the generalized

second law. In this framework, the empirical distribution of the concept frequencies defines the

mesoscopic structure of the system, while the corresponding equilibrium distribution, shown to take the

form of a generalized Boltzmann law, represents its macrostate. By comparing empirical, non-equilibrium

states with their equilibrium projections, we can quantify entropy production, information exchange, and

thermodynamic efficiency in knowledge production. This enables a unified and physically interpretable

description of how scientific concepts evolve, stabilize, and interact within the collective thermodynamic

landscape of scientific communication.

2. Materials and Methods

2.1. Database description

For our analysis, we used a corpus of 451,524 English-language research articles from the High Energy

Physics and Astronomy sections of arXiv, spanning the period 2000–2018. Each record contains the full

text of the document as well as standard bibliographic metadata (title, authors, publication date, and

abstract). In addition, each document was annotated with term-frequency counts for 13,945 scientific

concepts drawn from a curated domain ontology[14][17][18]. All data processing and thermodynamic

parameter estimation were performed on a Google Cloud Linux virtual machine using Wolfram

Mathematica 14.3 in combination with a MySQL backend for efficient large-scale storage and querying.

This corpus and closely related variants have previously been examined in the context of concept network

structure, innovation emergence, and topic extraction dynamics. Previous studies have used network

embedding techniques to trace the emergence of scientific innovations within the arXiv concept co-
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occurrence network  [19]; applied entropic selection methods to identify latent topical organization in

scientific corpora [20]; and analyzed empirical scaling properties and growth patterns of scientific concept

networks  [21]. While these works focus primarily on structural and network-theoretic characterizations,

the present study develops a thermodynamic framework for the same concept usage data, providing a

complementary description in terms of residual entropy, free energy, and nonequilibrium work associated

with semantic evolution.

2.2. Thermodynamic framework

To formalize our model, we consider the scientific concept   and define its empirical support at time   as

the collection of relevant documents that contain at least one mention of the concept. The number of such

documents is denoted   among the total number of   documents in a corpora. If no further

information is known beyond whether a concept appears in the document or not (Peng et al. binary

approach[16]), then a uniform probability    can be assigned to each document. This yields a

maximum entropy value of    per document, representing the highest possible uncertainty under

this minimal description[22][23]. In this representation, each document is associated with a single

indistinguishable microstate of a concept.

More detailed information on a concept state arises from the in-text term frequency analysis, where each

frequency class    defines a mesostate – a coarse-grained representation of the underlying

microstates of individual concept mentions  [24]. The corresponding empirical probability, 

  is proportional to the number    of documents that mention the concept 

 exactly   times at time  . The Shannon entropy of this mesoscopic description: 

quantifies the uncertainty or diversity of concept usage across documents. Because   reflects structural

organization rather than pure randomness, it is typically smaller than the maximal value 

 corresponding to uniform ignorance unless it is a new concept.

In the early stage of its appearance, a concept is supported by only a small number of documents, and its

mesostate    is correspondingly sparse and almost identical to its microstate configuration. In this

regime, the dynamics of    is governed primarily by stochastic accumulation of new mentions, driven

by heterogeneous research events rather than by stable semantic context. Formally, the evolution can be

described by a master equation of the form 

c t

(t)Nc >ND Nc

1/ (t)Nc

ln (t)Nc

k ∈ Z+

p(k, t) = (k, t)/ (t)Nc Nc (k, t)Nc

c k t

S(t) = − p(k, t) lnp(k, t),∑
k=1

max(k)

(1)

S(t)

ln (t)Nc

p(k, t)

p(k, t)
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where    denote effective transition rates reflecting how documents accumulate additional

mentions of the concept. The concept behaves as a nascent nonequilibrium entity, whose structure is shaped

by contingent research activity rather than by a coherent semantic environment.

As the concept accumulates sufficient usage across documents, the empirical distribution   stabilizes

and develops a well-defined heavy-tailed form. This enables a power–exponential fit  ,

defining the concept’s instantaneous fixed point (IFP) [24]. The power law   is responsible for the fat tail

of the distribution, while the cutoff   for the finite size of the frequency band  . The values of these

coefficients can be obtained from the maximization of    under two empirical constraints: the mean

frequency    and the logarithmic moment  , both computed from the observed empirical

distribution  . This constrained maximization yields:

where    is the normalization constant expressed through the polylogarithm function  , and 

 are Lagrange multipliers determined by: 

The entropy of the resulting macrostate then follows as [20]: 

Following the standard approach in statistical mechanics, the instantaneous macrostate entropy   is

mapped onto the entropy of the open thermodynamic system   through the relation[25]: 

where    is the Boltzmann constant (set to unity throughout),    is the inverse temperature, 

  represents the internal energy of the system,    is the chemical potential and 

  is the average number of logical particles. The normalization constant    now serves as the

grand partition function of the ensemble.

p(k, t) = [ (t)p( , t) − (t)p(k, t)],
d

dt
∑
k′

W →kk′ k′ Wk→k′ (2)

(t)Wk→k′

p(k, t)

p(k, t) ∝k−βte− kλt

k−βt

e− kλt {k}

S

⟨k⟩p ⟨lnk⟩p

p(k, t)

π(k, t;β,λ) = , Z = = L ( ),
1

Z

e−λk

kβ
∑
k=1

∞
e−λk

kβ
iβ e−λ (3)

Z L ( )iβ e−λ

β,λ > 0

⟨k = ⟨k = , ⟨lnk = ⟨lnk = − .⟩p ⟩π
L ( )iβ−1 e−λ

L ( )iβ e−λ
⟩p ⟩π

L ( )∂β iβ e−λ

L ( )iβ e−λ
(4)

Smacro =

=

− π(k, t) lnπ(k, t)∑
k=1

max(k)

lnZ + β(⟨lnk + ⟨k ) .⟩p
λ

β
⟩p

(5)

(6)

Smacro

Stherm

= = (lnZ + βU − μβN) ,Stherm kBSmacro kB (7)

kB β = 1/T

U = ⟨lnk⟩p,π μ = −λ/β

N = ⟨k⟩p,π Z
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The thermodynamic interpretation of Eq. (7) is justified by recognizing that the distribution   is

a special case of the generalized Boltzmann distribution[10]. In this formulation, a scientific concept is

modeled as an open thermodynamic system composed of discrete information units, or logical particles,

each representing a single in-text mention within a scientific publication, which remains open to the

inflow or depletion of logical particles from the surrounding document reservoir. Documents serve as

heterogeneous containers that accommodate varying numbers of such particles. In this representation,

the microstates correspond to distinct document-level realizations of the concept, while the ensemble

averages define its macroscopic informational state specified by the variables  . Together, these

quantities describe a macrostate coarsegrained configuration of the concept frequency mentions at a given

moment, analogous to the equilibrium state of an open thermodynamic system.

Importantly, while    describes such an instantaneous equilibrium configuration under the prevailing

constraints, the empirical distribution    generally deviates from it. This deviation quantifies the

degree to which the current informational structure of the concept differs from its IFP, reflecting the fact

that concepts evolve as nonequilibrium systems continuously shaped by the expanding and reorganizing

corpus. Within this framework, the departure from equilibrium can be expressed as residual entropy 

  or athermality[26][27], which measures the information required to specify the system’s

nonequilibrium state relative to its maximum-entropy reference. This formulation naturally extends the

thermodynamic description to the dynamical regime, enabling the consistent definition of entropy

production, free energy dissipation, and irreversible informational work in the evolution of concept usage.

In this sense, the informational thermodynamics of concepts captures how structured knowledge

emerges, stabilizes, and dissipates within the evolving scientific corpus.

2.3. Residual Entropy and Free Energy

We refer to a concept as being in equilibrium – more precisely, in a stationary state – when its empirical

mesoscopic entropy   coincides with the corresponding maximum entropy value  . In this limit, the

macroscopic descriptors    cease to evolve in time, and the informational structure of the

concept becomes effectively stabilized.

The trajectory of a concept toward such a stationary state can be understood geometrically. The family of

IFP distributions    forms a smooth statistical manifold equipped with the Fisher information

metric  [28][29]. The thermodynamic length of the trajectory of a concept in this manifold quantifies the

cumulative amount of irreversible dissipation required to traverse it. Shorter (geodesic) paths correspond

π(k, t;β,λ)

(U,N,T ,μ)

π

p(k, t)

R(t)

S Smacro

(U,N,T ,μ)

{π(β,λ)}
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to evolution driven by minimal dissipation as for the equilibrium concepts, whereas longer paths signal

sustained nonequilibrium reorganization or repeated contextual shifts more relevant for the concepts that

represent a novel ideas.

Equilibrated concepts are typically highly generic and foundational terms that appear broadly in many

documents and contexts. In the high–energy physics corpus, examples include terms such as particle, field,

entropy, etc. Their frequency distributions already maximize Shannon entropy given their moment

constraints, yielding    and making them behave as stable and statistically balanced informational

reservoirs. Such concepts form the core equilibrium background against which more specialized concepts

evolve.

A collection of such equilibrated basic concepts forms core for any topic – a locally stable subsystem whose

collective state can be characterized by an effective temperature  . This temperature reflects the average

informational dispersion within the core and defines a local thermal bath for other related, dynamically

evolving concepts. For each non-equilibrium concept, the surrounding topic core provides a

thermodynamic reference temperature, analogous to the solvent in the Rao–Esposito formulation of

chemical reaction networks  [30]. Its own IFP state temperature  , as well as other thermodynamic

parameters, may differ from  , reflecting the concept’s informational distance from the nearest

equilibrated (basic) concepts. Concepts in this regime populate the topic periphery, where residual entropy

and temperature deviations indicate ongoing semantic innovation and structural reorganization. These

concepts are still adapting to changing semantic and disciplinary environments, reflecting their active role

in the dynamic evolution of scientific knowledge. Representing emerging or specialized terms, such non-

equilibrium concepts therefore carry a higher reactive potential (the ability to perform work), which we

quantify below. The geometric and topological properties of the resulting core–periphery structure,

including its induced information curvature and metric deformation of the informational space, will be

analyzed in detail in a forthcoming study [31].

The information required to specify a nonequilibrium structure of the concept with respect to its IFP

baseline is quantified by the residual entropy:

which is the Kullback–Leibler divergence between the empirical mesostate    and its corresponding

instantaneous macrostate  [20]. In thermodynamic terms,    represents the information content

necessary to characterize the system’s deviation from its IFP configuration at a given average energy 

R ≈ 0

Tref

Tc

Tcore

R(t) = (t) − S(t) = (p(t) ∥π(t)) = p(k, t) ln ≥ 0,SIFP DKL ∑
k

p(k, t)

π(k, t)
(8)

pc

π R
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 and the number of particles   per document, and measures the effective information capacity or internal

organization of the system[32][33][34].

Introducing the instantaneous grand potentials for the IFP state and the mesoscopic nonequilibrium

state: 

taking their difference, using Eq. (4) we obtain (see also Appendix D) 

Equation  (10) thus expresses a nonequilibrium Landauer-type relation: the excess grand potential (or

informational free energy) represents the energetic cost of maintaining or reorganizing the information

encoded in    with respect to its IFP. This relation provides a thermodynamically consistent basis for

describing the informational irreversibility inherent in the evolution of scientific concepts: deviations from

IFP (positive  ) correspond to stored informational energy that must eventually dissipate as the concept

stabilizes.

The temporal variation of residual entropy: 

quantifies the change in informational structure as the system evolves from an initial to a final state over a

finite interval  . As the system approaches equilibrium,    typically decreases, reflecting the gradual

loss or redistribution of structured information according to the second law of thermodynamics. However,

individual entropies   and   need not change synchronously: both may increase or decrease together,

or even evolve in opposite directions (e.g.    while  ). Such an asynchronous evolution

reflects the adaptive balance between thermodynamic disorder and the informational organization

characteristic of open, driven systems.

The associated change in the grand potential    quantifies the system’s capacity to reorganize its

informational structure. When   is large and positive relative to its instantaneous fixed point value  ,

the concept carries excess informational free energy that can drive further semantic restructuring in

relation to other concepts (e.g., through emerging associations, contextual shifts, or disciplinary

redefinitions). Conversely, as the system approaches its steady configuration,    decreases,

signaling a reduced potential to effect such reorganization. From Eq. 10 we find: 

U N

ΦIFP

Φ
=
=

− T − μ = −T lnZ,Uπ Smacro Nπ

− TS − μ ,Up Np

(9)

(Φ − = T R ≥ 0.ΦIFP)T,μ (10)

pc

R

ΔR = Δ − ΔS = − ,Smacro Rf Ri

Δt ΔR

Smacro S

Δ < 0Smacro ΔS > 0

Φ

Φ ΦIFP

Δ(Φ − )ΦIFP

Δ(Φ − ≃ T ΔR,ΦIFP)T (11)

qeios.com doi.org/10.32388/UM6NLZ.3 9

https://www.qeios.com/
https://doi.org/10.32388/UM6NLZ.3


where   reflects the internal relaxation towards the IFP manifold at constant  , in which the residual

informational structure is dissipated.

2.4. Irreversible Work in a Grand–Potential Framework (Baseline: No Driving)

We first consider the case in which the instantaneous fixed point   is stationary and the thermodynamic

control parameters    remain constant. These conditions define the non-driven regime, in which the

empirical mesostate evolve autonomously,  , without any external perturbation or parameter driving.

Under these conditions, the nonequilibrium identity for the second law integrated over a finite transition

reduces to the Esposito–Van den Broeck result [4] (see Appendix A): 

where   is the (constant) system temperature and   is the irreversible entropy production. When 

 is stationary, detailed local balance implies (see Appendix B) 

which integrates to 

Thus, for such a hypothetical transition (with  ), the residual informational structure   is entirely

converted into entropy, and    acts as a Lyapunov function that governs relaxation towards the IFP

manifold  [35][36][37][38]. Equation  (13) is also trivially satisfied when  , i.e., when the residual

information potential remains constant over the time interval  .

In physical systems, the case   corresponds to an isothermal process in which a system with fixed

total energy   and particle number   relaxes toward equilibrium, such as the expansion of an ideal gas

into a larger accessible volume while in contact with a thermal reservoir. The entropy increases because

the available microstates become more uniformly occupied, redistributing the system’s probability mass

across phase space.

In the informational system studied here, logical particles have no spatial degrees of freedom, and

redistribution of microstates that would lead to higher entropy is possible only when the corpus expands –

when new documents introduce additional logical particles into existing or newly accessible  -channels

(frequency states). In this process, both the first and logarithmic moments of the mesoscopic distribution

may change, thereby modifying the corresponding IFP parameters, temperature   and chemical potential 

. Crucially, however, empirically stationary concepts maintain nearly constant values of   and   despite

T ΔR T

π

(T ,μ)

p → π

= T Δ + T ΔR,Wirr Si (12)

T Δ ≥ 0Si

π

(t) = − R(t),
d

dt
Si

d

dt

Δ = −ΔR, ⇒ = 0.Si Wirr (13)

ΔR > 0 R

R

ΔR = 0

Δt

ΔR > 0

E N

k

T

μ T μ
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this continuous exchange of information with their environment. This regime can be interpreted as a form

of thermodynamic buffering near a critical point.

The large response coefficients (susceptibility and heat capacity) observed for such core concepts indicate

that the region near the most probable MaxEnt parameters ( ,  ) corresponds to a parameter

space that lies close to a critical surface, where fluctuations naturally become large. In this region, the

system exhibits maximal sensitivity to perturbations, but maximal ability to absorb them – its intrinsic

volatility compensates external driving, allowing   and   to remain effectively constant. In this sense, the

equilibrium core of scientific vocabulary behaves as a buffering reservoir: it exchanges logical particles and

informational energy with the environment while preserving its intensive variables.

Analogous behavior is well known in finite physical systems operating near criticality. In the finite-size

Ising model, for example, the heat capacity and magnetic susceptibility reach large but finite values near

the pseudo-critical temperature, enabling the system to absorb large energy or magnetization fluctuations

without a significant change in temperature or field  [39][40]. Similarly, bounded open chemical reaction

networks (CRNs) can maintain nearly constant internal affinities and concentrations even under external

flux perturbations—an effect attributed to the large but finite response coefficients that appear near non-

equilibrium steady-state bifurcations [41][42][43].

In both types of systems, finite boundaries suppress the true divergence of critical fluctuations but

produce an extended region of near-constant intensive parameters—a thermodynamic buffering plateau.

At the liquid–gas critical point of a van der Waals fluid, for instance, the isothermal compressibility

diverges while the temperature remains fixed  [44][45][46]. Thus, these physical systems act as effective

reservoirs in criticality: their large internal capacity allows them to accommodate substantial changes in

extensive variables ( ,  ) with only minimal changes in intensive ones ( ,  ). In the same way, the

core concepts in scientific discourse are statistically “pinned” to the critical surface, using their large

intrinsic capacity to maintain a stable and self-regulating reference distribution against continual

informational influx.

In this framework, the chemical potential  —or, more precisely, the cutoff parameter  —does not control

the critical behavior itself but rather sets the effective size of the system in terms of the range of accessible

frequency states  . Small values of   correspond to a wider, close to power-law support of the distribution

and hence to a larger “semantic volume” available to the concept. By contrast, the parameter   governs the

scaling of probabilities across these states and determines the approach to criticality. Consequently, the

β ≃ 3/2 λ ≃ 0

T μ

ΔN ΔU T μ

μ λ

k λ

β
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critical surface observed in the empirical system is primarily defined by  , while    acts as a finite-size

cutoff that regularizes the otherwise divergent behavior near the transition.

To quantify the system’s sensitivity to environmental driving, we evaluated several response coefficients.

The heat capacities, 

characterize how the average informational energy    responds to changes in the effective temperature 

 at fixed chemical potential.

The susceptibilities, 

quantify how the concept’s usage intensity   responds to changes in   or in the semantic temperature of

its environment.

Finally, the combined differential, 

captures the joint variations in    and  , representing the net change in the effective energy. Here, 

 quantifies the thermal response of semantic energy to temperature variations, while   measures its

coupling to the chemical potential, reflecting the sensitivity of information energy to contextual cost.

Large values of these coefficients correspond to the enhanced response typical of physical systems

approaching a critical point, where the system can absorb substantial fluctuations with only minimal

change in its control parameters – an informational analogue of thermodynamic buffering.

This regime stands in sharp contrast to dynamically evolving concepts discussed in the next subsection.

Their IFP trajectories   deviate from the stationary manifold, resulting in nonzero irreversible

work   and finite semantic adaptation effort.

2.5. Dynamic Efficiency and Non-Equilibrium Work Decomposition (driving case))

We now consider the complementary case: the dynamic regime where the instantaneous fixed point ( )

evolves over time and the thermodynamic parameters   vary under external informational driving. In

this regime, the evolution of a non-equilibrium scientific concept can be represented as a trajectory

through successive non-equilibrium steady states (NESS).The sequence of pairs  , where   locally

β λ

= , = , = ,Cμ ( )
∂U

∂T μ

CN ( )
∂U

∂T N

αU ( )
∂U

∂μ T

(14)

U

T

= , = ,χT ( )
∂N

∂μ T

αμ
1

N
( )

∂N

∂T μ

(15)

N μ

dE = dT + dμ = dT + dμ,( )
∂E

∂T μ

( )
∂E

∂μ T

CE
μ αE (16)

U N

CE
μ αE

(T (t),μ(t))

> 0Wirr

π

(T ,μ)

{ , }pt πt π(k, t)
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approximates the empirical frequency distribution  , defines a coarse-grained path through the

concept’s informational phase space. This path characterizes how the concept’s internal energy   and

particle number   continuously adapt to changes in the surrounding topical environment. To quantify

the efficiency of this adaptive process and the associated irreversible dissipation, we employ the Hatano–

Sasa formalism[37][47], which generalizes the second law of thermodynamics to NESS transitions. This

framework naturally decomposes the total entropy production ( ) into parts associated with driving

and maintenance.

For an open system coupled to an informational reservoir at temperature   different from the system

temperature, the total entropy production associated with a finite evolution can be decomposed into non-

adiabatic (excess) and adiabatic (housekeeping) parts, 

The term    represents the total irreversible entropy production estimated from mesoscopic state

dynamics. The non-adiabatic term    measures the dissipation associated with changes in the IFP

parameters, that is, with the structural or contextual adaptation of the concept. The adiabatic term 

 quantifies the steady “housekeeping” dissipation required to maintain the system’s nonequilibrium

structure ( ) even under fixed environmental conditions. In discrete form, this decomposition is

implemented by evaluating the Hatano–Sasa excess functional[47]

and the residual entropy change  . Their combination yields the non-

adiabatic entropy production, 

where  , as before, denotes the Kullback–Leibler divergence between the empirical and IFP states.

The total work performed on the system along a finite evolution can be decomposed into a reversible

(quasistatic) component and an irreversible (dissipative) component, 

The reversible part corresponds to the change in the grand potential evaluated on the reference IFP

manifold at the bath parameters  , 

p(k, t)

U(t)

N(t)

ΔStot
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and would be the only contribution in the quasistatic limit where the system remains on the IFP at all

times. The remaining contribution is irreversible work, 

which, under isothermal conditions at  , is directly proportional to the total entropy production, 

In the Hatano–Sasa formalism, the total entropy production is split into non-adiabatic and adiabatic parts, 

, capturing respectively the cost of structural adaptation and the steady dissipation

required to maintain the nonequilibrium structure. Consequently, the irreversible work is separated into

components excess (driving) and housekeeping, 

This decomposition enables us to distinguish (i) the steady energetic budget necessary to maintain a

concept’s existing informational structure ( ), from (ii) the additional dissipation required to

reorganize or reposition the concept in semantic space ( ).

From Eq. (46) we define two complementary efficiencies:

The first quantity measures the proportion of total dissipation that stabilizes the existing nonequilibrium

structure, while the second reflects the share of dissipation invested in reorganizing the informational

configuration of the system. A complementary indicator: 

evaluates the degree to which dissipation compensates for information loss, providing a direct measure of

the system’s ability to maintain its residual information potential  .

The reference temperature    defines the statistical environment in contact with the concept. Several

operational choices are possible: (i) a global ontology-wide mean value    (e.g., the mode near 

); (ii) a topic-core temperature   estimated from the ensemble of equilibrated concepts

within the same topic; or (iii) an adaptive local reference   chosen to minimize non-adiabatic entropy

production   within a short temporal window. Comparing these references allows us to test whether

the topic core provides a valid thermodynamic framework for the evolution of a given concept.
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High values of   identify basic stabilized concepts whose dynamics is dominated by steady maintenance

of their established informational structure. Low   values correspond to emerging or adaptive concepts

for which dissipation is mainly expended in reorganizing contextual relations (high  ). As concepts

approach their asymptotic equilibrium ( ), both    and    become small, producing 

, consistent with spontaneous equilibration without external driving. The combined set of

measures    therefore captures the dynamic efficiency of informational self-organization in

evolving scientific knowledge systems.

3. Results

For each of the 13,945 concepts, we estimated the macrostate parameters    in Eq.  (3) in historical

windows by maximum likelihood. As a cross-check, the fitted pairs were required to satisfy the moment

constraints in Eq.  (4) when empirical    and    are computed directly from the data; fits that fail a

tolerance of   were rejected for that window. Concepts whose mesostates were too sparse for reliable

inference (distributions dominated by single mentions,  , implying  ) were excluded from that

window; over 2000–2018 this affected 2,208 concepts, leaving 11,737 analyzed. Figure  1 displays the

empirical density in the    plane: the mass concentrates near    and  , with the

mode shifting from   at   toward   around  . Period means of   are temporally stable

and close to    (   through 2010 and    in 2018), consistent with heavy-tailed usage

reported previously. The differences in    are most visible in the occupancy of the information

channels  . For high-support concepts, the channel mass decays approximately as a power law with non-

negligible probability at large  ; larger    concentrates probability in low-   channels, lowering both the

mesostate entropy   and the macro entropy  . In this regime   is typically small, i.e., the logarithmic

contribution dominates the single-particle effective energy    (recall  ), while

increasing    enhances the effective linear part and pushes the spectrum from logarithmic-dominated

toward mixed and eventually linear-dominated behavior. Empirically, mixed spectra are most frequent

near   as  , and the pure power-law limit   is most prevalent around   before declining

for  .
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Figure 1. A heat map illustrating the distribution of macrostate parameters for 11,737 scientific

concepts. The sub-figure demonstrates the distribution of inverse temperature   (where  )

and the evolution of the distribution over three time periods, beginning in 2002 and concluding in

2010, 2015, and 2018. The mean value of  , which is specified, is calculated at the end of each period.

Figure 2 arranges the macrostate parameters of the concepts by the time of their first appearance in the

documents. Equilibrium-like concepts with minimal residual entropy ( ) are overrepresented among

the earliest terms, but instantaneous equilibrium is also reached by a subset of newer concepts. Not all

“old” concepts are maximally entropic; many, however, exhibit quasi–power-law usage with  .

Concepts that remained thermodynamically stationary over long periods (green in Fig. 2) tend to combine

near-power-law tails ( ) with  , saturating the Shannon–Gibbs bound under observed

constraints and behave as informational reservoirs whose    are effectively time-invariant. In

this sense, they constitute the topical “bath” against which adaptive concepts evolve. The grand potential 

  (denoted    in the plots) and the inverse temperature cluster around characteristic nonzero values for

β β > 0.001

β

R→ 0

λ→ 0

λ∼ 0.02 R≈ 0

(U,N,T ,μ)

Φ A
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these stationary concepts, indicating a stable balance between entropic dispersal and the usage energy

landscape. Concepts that equilibrated only recently share inverse temperatures close to the global mode 

  but often exhibit lower    than the long-stationary group, consistent with the reduced stored

informational free energy relative to their IFP reference.

Figure 2. Thermodynamic state parameters  ,  , residual entropy  , free energy   (marked as  ),

internal energy  , and mesostate entropy   for 11,737 physical concepts, estimated from concept

in-text frequency ( ) data spanning from 1991 to 2018. Concepts are ordered by the time of their

first mention in the studied collection (ArXiv, which began accepting documents on August 14,

1991). Blue dots represent concepts with  . Green dots indicate concepts that remained with 

 between 2010 and 2018. Red dots highlight concepts exhibiting a near power-law term

frequency distribution ( ), while black dots represent all other concepts. The orange line

traces the state evolution of the ’Anomalous Hall effect’ concept.

β≈ 3/2 Φ

β λ R Φ A

E S

tf

R < 0.04

R < 0.04

λ < 0.04
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Figure 3 shows that document support   is the practical control parameter of equilibration. The concept

“age” and    are strongly correlated, and we observe a robust threshold    beyond which most

concepts satisfy    and the empirical and IFP entropies coincide. As support grows,    drifts toward

zero and the term-frequency tails become more like power-law. Stationary high-support concepts are on

average older and display higher    and    than other equilibrium concepts while maintaining lower  ,

indicating that over their evolutionary histories they have dissipated more informational free energy.

Finally, genuinely new or rare concepts remain underdetermined within shorter windows but typically

become analyzable as data accumulates; the trajectory of the ‘Anomalous Hall effect’ illustrates that

approximately four years (2000–2004) of accumulation were required to meet the moment-matching

tolerance and yield stable   estimates.

Figure 3. The concept state parameters and thermodynamic quantities as a function of the number

of documents. Non-equilibrium concepts are shown in red ( ) and black; stationary state

concepts are in green, and concepts with small residual entropy   are in blue.

Nc

Nc ≳Nc 103

R≈ 0 λ
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Together, these patterns establish a compact empirical picture that we will refine with state-diagram

analyzes in the following: a concentrated landscape    with a persistent mode near  , a

progressive approach to    as support grows, residual entropy that decays toward zero around 

, and a low-  stationary backbone formed by high-support quasi–power-law concepts that act

as informational reservoirs for the evolving periphery.

3.1. Energy-entropy diagram

To explore the organization of concept states, we mapped the ensemble of all concepts onto the energy–

entropy (E–S) plane. Figure  4 show the resulting diagrams. The dashed blue curves represent the

theoretical maxima of macrostate entropy    for different fixed cut-off parameters  , computed

from Eqs. (5), (4) and the corresponding energy relation. The solid blue curve denotes the limiting case of

an almost pure power law ( ). From Fig.  4 it follows that instantaneous thermodynamic

equilibrium is attainable for nearly any value of    (system size), although most concepts reach a stable

equilibrium for  . Concepts lying close to the solid blue line therefore occupy maximal-entropy

configurations for their energy, consistent with near-power-law frequency spectra.

In Fig. 4 (Right), examples of individual trajectories illustrate this behavior. Concepts such as Diquark and

Mass remain in stable equilibrium for more than a decade, maintaining nearly constant internal energy

and entropy. The Diquark concept shows a slow decline in both residual and mesostate entropy with small

oscillations of temperature; on average, its free-energy changes  , indicating that it performs work

in the surrounding informational environment. In contrast, the Mass concept preserves a small and almost

constant residual entropy ( ) while its macrostate entropy increases slightly ( ) at

negligible change in internal energy ( ), implying    and suggesting that the surrounding

concepts perform work on it, gradually stabilizing its usage.

A third example trajectory, Anomalous Hall effect, represents the typical evolution of emerging concepts. In

Fig. 4(Right), its mesostate (orange) and macrostate (red) paths show a continuous decline in both residual

entropy    and effective energy    as the system relaxes. By 2018, this concept approaches its IFP at 

. Earlier in its history, the parameters fluctuated strongly, but the amplitude of these variations

steadily decreased towards equilibrium, in agreement with the trends visible in Fig. 2.
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Figure 4a. Entropy–energy diagram for 11,737 physical concepts as of the end of 2018. Dots

represent individual concepts: black for  , blue for  , and orange for  .R > 0.04 R < 0.04 R < 0.005
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Figure 4b. Orange and red lines trace mesostate and macrostate evolution for example concepts

Diquark, Mass and Anomalous Hall effect. Blue horizontal curves correspond to 

 for   range from   to   from top to bottom, green curves are isotherms for 

 from right to left, with the solid green line marking  .

The trajectory of the Anomalous Hall Effect concept exemplifies the relaxation of an emerging, driven

system toward the instantaneous fixed-point (IFP) manifold characterized by maximal entropy and

minimal effective energy  . During its early evolution, the system operates in the driving regime, in which

both temperature    and chemical potential    vary strongly between consecutive intervals, indicating

significant external forcing and structural adaptation. As the trajectory progresses, these fluctuations

decrease, marking a transition to the non-driving regime, where the system’s parameters stabilize and its

evolution becomes effectively autonomous. At this point, the concept approaches criticality near  ,

where the heat capacity and susceptibility (  and  ) reach their characteristic maxima (see Fig. 5). This

behavior signifies the entry of the system into a buffered, near-critical state in which intensive variables

remain nearly constant despite continued information exchange with the environment.
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Figure 5. Heat capacity   and susceptibility   diagrams. Blue dots represent concepts with  , orange

mark concepts with  . Green dots indicate concepts that remained with   between 2000 and

2018. Red dots highlight concepts exhibiting a near power-law term frequency distribution ( ), while

black dots represent all other concepts. Cyan color mark the trajectory of anomalous Hall effect concept.

In Fig. 5 we show only the effective response pair,   and  . We focus on these quantities because

they directly span the differential in Eq.  16, and, empirically, the remaining coefficients in Eqs.  14–15

exhibit the same qualitative dependence on   and  , differing mainly in overall scale. Therefore,   and 

  are representative of the system’s thermal and chemical responses and suffice to summarize the

behavior of the complete set of response functions.

Following Peng et al. [16], the ratio of macrostate entropy to internal energy, 

was originally introduced as an entropy efficiency and proposed to provide an alternative formulation of the

second law in informational terms. In that interpretation, a system is said to “maximize its entropy

efficiency,” meaning it minimizes the amount of energy required to generate a given amount of entropy.

While this terminology is suggestive, the notion of “efficiency” here does not correspond to the standard

thermodynamic meaning of the term, since   does not measure a ratio of useful work to input energy.

Empirically, many equilibrium concepts cluster around the characteristic value  . Figure  6 (Left)

displays   as a function of the inverse thermodynamic product  , which, from Eq. 10, represents

the inverse distance from equilibrium in energetic units. Figure 6 (Left) plot reveals a systematic relation

between   and proximity to the IFP manifold for the selected concepts.
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Figure 6. The entropy–energy ratio   as a function of the inverse free-energy difference 

. (Left) Static values computed for all concepts over the period 2002–2018. (Right)

Temporal trajectories for selected examples. Green points denote stationary (equilibrium) concepts. The

apparent increase of   toward higher values corresponds to an effective growth in system size (lower  ).

Concepts exhibiting a nearly constant entropy–energy ratio    trace horizontal trajectories in

the diagram (green), indicating relaxation along an iso–   manifold. For these cases, the residual

entropy   decreases monotonically, implying positive irreversible entropy production ( )

and purely dissipative relaxation toward the IFP manifold. This regime corresponds to the non-driven

limit, where the instantaneous fixed point    remains stationary and no external informational work is

performed.

By contrast, driven concepts display episodes where both    and    increase, reflecting a temporary

increase in structural disorder during contextual reorganization. According to the Hatano–Sasa

framework, this is fully consistent with the second law: the total entropy production 

 remains non-negative as long as the excess (driving) entropy   compensates the increase in  . Such

episodes represent phases of semantic adaptation in which a concept invests additional informational

work to adjust its internal distribution to a changing topical environment.

The stability plateau around    marks an equilibrium-like regime of efficient dissipation, whereas

excursions above or below this level correspond to adaptive transients with increased susceptibility.

Concepts near this plateau behave as dynamically balanced systems—continuously driven yet

thermodynamically consistent—operating close to the critical surface of the informational state space.
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The right panel of Fig.  7 illustrates that the maximized version of the entropy-energy ratio 

  converges toward a limiting value as the effective heat capacity    increases. Theoretical

relation 

imply  , producing    at the critical temperature. Empirically, most stable concepts

cluster slightly below this value ( ), whereas smaller or less equilibrated systems exhibit a

broader dispersion. This pattern indicates that, as the effective system size or energy increases, the ratio 

  asymptotically approaches the predicted value reflecting a finite-size realization of the

thermodynamic scaling limit.

Figure 7. (Left) The dimensionless ratio   as a function of the inverse free-energy

difference  . (Right) The maximized entropy-energy   from heat

capacity   from Eq. 16. Green points denote stationary (equilibrium) concepts. The apparent increase of 

 toward higher values corresponds to an effective growth in system size (lower   – red dots).

This interpretation parallels well-known relations in statistical physics where entropy and energy are

linearly constrained by a characteristic proportionality constant. Two classical precedents are: (i) the

Bekenstein bound, which limits the entropy of a spatially bounded physical system by a proportionality

constant multiple of its energy [48]; and (ii) the Hagedorn scaling in hadronic matter, where the exponential

growth of the density of states produces a limiting (critical) temperature that fixes the maximal entropy

per unit energy [49][50]. In the present informational framework,   plays the role of such a limiting

proportionality constant. Concepts situated near the plateau    thus operate close to the critical

energy capacity of the system, representing a buffered regime of equilibrium-like stability, while persistent
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deviations above or below this value indicate under- or over-production of entropy relative to the effective

energy during adaptive reorganization.

3.2. Dissipative Regimes and Efficiency of Informational Maintenance

The decomposition introduced in Section  2.5 provides a natural basis for evaluating the efficiency and

stability of evolving scientific concepts before they enter the buffered regime. In this framework, total

irreversible work    is separated into two physically interpretable components: steady housekeeping

work , required to preserve the existing non-equilibrium structure, and excess work , associated

with adaptive reorganization under external driving. The corresponding efficiencies from Eq.  [hk_eff], 

  and  , thus quantify the division of the dissipated energy between maintenance and

adaptation. A complementary quantity,    from Eq.  (23), measures how effectively dissipation

compensates for changes in residual entropy  .

The empirical distribution of   shown in Fig. 8, exhibits a pronounced mode near  , indicating that

most concepts dissipate primarily to maintain their established informational structure rather than to

perform adaptive reorganization. Buffered and near-critical concepts, which already operate close to

equilibrium, display a wider dispersion of    values: while the majority remain near  , a subset

exhibits significantly lower efficiencies ( ), corresponding to intermittent adaptation or contextual

reconfiguration episodes. Concepts with nearly power-law frequency spectra ( ) cluster strongly

near  , consistent with quasi-stationary dynamics and high dissipation devoted to self-

maintenance. Interestingly, the residual entropy magnitude    does not correlate directly with  ,

confirming that maintenance efficiency is determined by the balance between adiabatic and non-adiabatic

dissipation rather than by the absolute distance from equilibrium.

The residual–information ratio   defined in Eq. (23) quantifies how much of the total dissipation is used

to counterbalance losses in the informational structure. Empirically,    assumes three characteristic

values— ,  , and  —which correspond to different dynamical regimes. The plateau at   represents

periods in which the residual information potential remains nearly constant ( ), indicating

efficient maintenance of the existing informational structure. The ridge at    marks a balanced

exchange between information loss and entropy production (see Eq. (13)); a small dispersion around this

line arises from the additional   term produced in non–equilibrium steady states (NESS) under weak

driving. Finally,    identifies purely dissipative transitions characterized by complete structural

degradation (the least populated line in Fig. 8).
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For the time window (2017-2018), concepts concentrate predominantly on the    ridge (

), with a substantial fraction in   ( ); values in   are

rare ( ). All concepts with high  , which indicate a large phase space ( , red

color), and buffered concepts (green) are located on these two ridges, while adaptive concepts (blue/orange,

small  ) exhibit only a narrow dispersion around  , consistent with partial compensation during

structural reorganization.

To visualize the relationship between stability and dissipation efficiency, Figure  8 presents two joint

distributions: (i) the product   as a function of  , and (ii) the entropy ratio   as a function of  .

The first panel reveals that high housekeeping efficiency ( ) coincides with most equilibrium

concepts, confirming that stable buffered concepts maintain both high coherence of energy entropy and

steady dissipation. Lower efficiencies correspond to reduced  , indicating that adaptive concepts

expend more energy on structural change than on maintaining equilibrium. The second panel

demonstrates that    strongly correlates with the entropy ratio: the concepts in    lie near the

stability plateau  , while those in    deviate from it, exhibiting greater variability in their

informational states. These relations reinforce the interpretation of    and    as complementary

measures of dissipative balance and structural stability.

Figure 8. (Left) The product   plotted against the housekeeping efficiency   for time window 2017-2018.

(Right) The entropy ratio   versus the residual-information ratio  . Color denotes concept class as in

previous figures.

Taken together, these patterns confirm that conceptual dynamics is stratified into discrete

thermodynamic modes of information processing. Stable and stationary concepts populate the

maintenance regime ( ,  ), where dissipation sustains informational order with minimal
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adaptation. Buffered near-critical concepts occupy the balanced regime ( ), characterized by

reversible-like compensation between entropy production and information loss. Emergent or reorganizing

concepts lie in the adaptive regime ( ), where excess work drives contextual reconfiguration at the

expense of higher dissipation. This tri-modal structure represents a thermodynamic taxonomy of

knowledge evolution, linking stability, efficiency, and information dissipation in the self-organization of

scientific concepts.

4. Discussion

The thermodynamic framework developed in this study provides a data–driven formalization of how

scientific concepts evolve within the collective knowledge system. By treating concepts as open grand–

canonical ensembles accepting informational energy and logical particles from their textual environment,

we show that their frequency distributions conform to generalized Boltzmann statistics. This allows the

introduction of measurable thermodynamic quantities such as temperature, free energy, residual entropy,

and irreversible work—enabling a consistent mapping between the dynamics of concept usage and the

principles of nonequilibrium thermodynamics. In contrast to previous work that invoked thermodynamic

analogies only qualitatively[16], our approach derives these quantities directly from empirical distributions,

providing a physically interpretable quantitative description of the evolution of knowledge.

A central finding of the analysis is that concepts exhibit three characteristic regimes of evolution:

stochastic, nonequilibrium, and equilibrium. Newly emerging or weakly supported concepts behave as

stochastic systems dominated by random fluctuations in usage, whose evolution is described by the

master equation. As empirical support grows, concepts enter a nonequilibrium (driving) regime where

their distributions acquire a power-exponential form and begin to converge toward instantaneous fixed–

point (IFP) manifolds. Finally, basic concepts approach equilibrium in a non-driving regime (autonomous),

characterized by constant intensive parameters    but gradually decreasing free energy difference (

). This progression mirrors the general behavior of open thermodynamic systems

relaxing from driven, dissipative dynamics toward stationary states.

Empirical state diagrams reveal that the ensemble of scientific concepts self–organizes near a critical

temperature    and near zero chemical potential  , where heat capacity and susceptibility reach

their maximums. This point corresponds to a transition between the exploratory and stabilized

knowledge regimes and marks the beginning of thermodynamic buffering, a condition in which intensive

variables remain nearly constant despite ongoing information updates (in    and  ) from the

≃ 0.5ρR

< 0.5ηhk

(T ,μ)

Φ − = TRΦIFP

= 3/2βc μ

U N
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environment. Analogous phenomena are known in finite physical systems, such as bounded chemical

reaction networks and finite–size Ising models, where large but finite response coefficients suppress true

divergences while maintaining stability near criticality  [51][52][53][54][55][56][57]. In this sense, the

equilibrium core of scientific ontology functions as a critical reservoir that stabilizes the informational

temperature of the field.

The analysis of the entropy–energy ratio    further clarifies this structure. Stable concepts cluster

around  , consistent with a theoretical upper limit  , analogous to the Bekenstein

bound[48]  or the Hagedorn scaling[49], where entropy and energy are linearly constrained by a system–

specific constant  . This stability plateau identifies a regime of maximal entropy per unit of informational

energy, a point of efficient dissipation where disorder and organization are optimally balanced. Deviations

above or below this plateau correspond to under– and over–production of entropy, reflecting adaptive

transitions or structural reorganization in semantic space. The emergence of this empirical limit suggests

that knowledge systems operate near a critical energy–entropy capacity determined by the finite phase–

space volume of accessible information channels  .

Within this framework, the decomposition of irreversible work using the Hatano–Sasa formalism provides

a natural quantitative link between microscopic textual fluctuations and macroscopic conceptual order.

When the empirical distribution   is actively driven through the control parameters  , the non–

adiabatic entropy production    quantifies the informational cost of such interventions. The total

entropy production remains non–negative because the excess (driving) term    compensates for

transient increases in the residual information  . Thus, apparent violations of the second law, such as

those suggested by Maxwell’s paradox, are resolved by explicitly accounting for the information work

performed by the “demon” – whether human, algorithmic or collective – during semantic reorganization.

Entropy in this context acquires a dual meaning. The mesoscopic entropy    measures the

uncertainty of textual realizations, while the residual entropy    quantifies the distance

from the instantaneous equilibrium state   on the Maximum Entropy manifold defined by sufficient

statistics  . Because    decreases monotonically under coarsegraining, it provides an invariant

ordering of concept states by informational distance. Derived quantities such as the entropy–energy

coherence   and its stability form   serve as coarse–graining–invariant

order parameters that reflect global stability in the informational manifold.

The residual–information ratio    further distinguishes three characteristic regimes of conceptual

dynamics:   corresponds to near–stationary maintenance, where  ;   marks a balanced

Qeff

≃ 2Qeff S ≤ β Eβc

βc

k

(k)pt ( , )βt λt

ΔSna

ΔSex

R

[p]Smeso

R = (p∥ )DKL πθ

(k)πθ

θ = (β,λ) R

= /(U − μN)Qeff Smeso = 3/2βQeff

ρR

= 1ρR ΔR ≃ 0 = 0.5ρR
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exchange between information loss and entropy production under weak driving; and    identifies

purely dissipative transitions with complete structural degradation.

The results thus support three operational principles of an emerging physical theory of information: (i)

every subsystem interacting with an informational reservoir is characterized by conjugate variables 

  and extensive quantities  ; (ii) its non–equilibrium evolution satisfies the extended second

law  ; and (iii) for finite systems, the entropy–energy ratio is bounded as  ,

marking the buffered regime where entropy production and information dissipation are balanced. In this

sense, the evolution of scientific concepts offers an empirical realization of Maxwell’s program for a

physical theory of information, one that unifies the statistical mechanics of matter and meaning.

Finally, the framework naturally extends from individual concepts to entire semantic networks. Each

concept represents a node whose thermodynamic state is coupled to the network’s topology. As a node’s

thermodynamic length decreases – signaling equilibration – the structural information encoded in its

connections is expected to increase. This interplay points toward a new class of information–

thermodynamic uncertainty relations that link local informational uncertainty to the energetic cost of

increasing mutual information with neighboring nodes and, ultimately, with the global network structure.

A promising theoretical approach for describing this behavior is the minimization of the Bethe free–

energy functional[58], which governs equilibrium configurations in complex networks and probabilistic

graphical models. We conjecture that evolving knowledge networks self–organize toward configurations

that minimize the Bethe free energy (maximize the nodes entropy and minimize mutual information)

under informational driving, thereby balancing local entropy reduction with global structural coherence.

Our recent results, reported elsewhere, indicate that equilibrium concepts constitute locally Euclidean

cores—regions of minimal curvature within the broader curved information manifold that represents each

topic[59][60]. Exploring this connection between thermodynamic node states, network geometry, and

topological optimization represents a key next step in extending the present framework from individual

node dynamics to the collective thermodynamics of knowledge networks.

In summary, the proposed thermodynamic framework bridges microscopic (textual) dynamics with

macroscopic (conceptual) organization, demonstrating that knowledge production follows measurable

thermodynamic regularities. The coexistence of equilibrium and nonequilibrium concept populations, the

presence of a system–specific critical temperature, and the emergence of efficiency plateaus collectively

indicate that the evolution of scientific ideas mirrors the behavior of finite self–organized critical systems.

This perspective not only deepens our understanding of the informational mechanics of scientific

= 0ρR

(T ,μ) (U,N)

= T Δ ≥ 0Wirr Stot ≤ βQeff βc
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communication, but also provides a general methodology for quantifying stability, adaptation, and

dissipation across complex symbolic systems from scientific discourse and innovation processes to

financial, technological, and biological ecosystems.

Appendix A. Derivation of the irreversible work identity (system

reference frame)

For an open system exchanging heat  , work  , and particles   with its environment, the first law reads 

where    is the mechanical work done on the system to reorganize the empirical coarse-grained

distribution,   is a work done on the system to add new logical particles. The non-equilibrium second

law decomposes the total entropy change as 

where   is the entropy production and   represents an entropy flow - a reversible contribution from

the heat flow  .

The entropy production   between empirical   and time dependent Gibbs form reference state   is

defined as

where the time dependence of the reference state is a source of the excess contribution  .

Introducing the grand potential   as a non-equilibrium open system free energy 

and differentiating gives: 

Substituting the first and second laws eliminates  : 

Hence, we have: 

Q W N

dE = δQ + δ + μdN,Wmech (25)

δWmech

μdN

dS = + d , d ≥ 0, d ≡ ,
δQ

T
Si Si Se

δQ

T
(26)

dSi dSe

δQ

dSi p(t) π(t)

(t) = − (p(t) ∥π(t)) + [p∥π](t), [p∥π](t) = − (t) ln (t).Ṡ i
d

dt
DKL Ṡ ex Ṡ ex ∑

i

pi ∂t πi (27)

Ṡ ex

Φ

Φ = E − TS − μN

dΦ = dE − T dS − SdT − μdN − N dμ. (28)

δQ

dΦ = (δQ + δ + μdN) − T( + d ) − SdT − μdN − N dμWmech
δQ

T
Si

= δ − T d − SdT − N dμ.Wmech Si

T d = δ − dΦ − SdT − N dμ ≥ 0,Si Wmech (29)
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which is an exact differential identity for the second law of thermodynamics expressed through the non-

equilibrium grand potential  .

Irreversible work decomposition. We now assume that the reference state is IFP state of a systems

mesostate. In this case, the free energy for the grand potential    from Eq.  (9) from the main text of the

paper, assuming time dependence  , satisfies the relation: 

Differentiating yields 

Substituting this into Eq. (29) gives 

Integrating from   to   gives 

If the system evolves quasistatically along the equilibrium manifold ( ,  ), Eq. (32) reduces to the

definition of the reversible work performed along the same protocol:

Subtracting Eq. (33) from the general case, we obtain the non-equilibrium irreversible work:

The Eq. [eq:w_irr_general] is exactly the iso-( )) form derived by Esposito and Van den Broeck [4]: 

clearly identifies the total irreversible work as the sum of two contributions: the production of

thermodynamic entropy,  , and the informational term,  , associated with the maintenance or

reorganization of the non-equilibrium structure of the system.

Φ

Φ

(S(t),R(t),T (t),μ(t))

Φ = (T ,μ) + T R, = S + R.ΦIFP SIFP (30)

dΦ = d + T dR + RdT .ΦIFP

T d = δ − d − T dR − RdT − SdT − N dμ.Si Wmech ΦIFP (31)

ti tf

T d = − Δ − T dR − RdT − SdT − N dμ.∫
tf

ti

Si Wmech ΦIFP ∫
tf

ti

∫
tf

ti

∫
tf

ti

∫
tf

ti

(32)

= 0Si R = 0

= Δ + dT + dμ.Wrev ΦIFP ∫
tf

ti

SIFP ∫
tf

ti

NIFP (33)

Wirr ≡ −Wmech Wrev

= T d + T dR + (R + S − )dT + (N − )dμ∫
tf

ti

Si ∫
tf

ti

∫
tf

ti

SIFP ∫
tf

ti

NIFP

= T d + T dR = TΔ + T ΔR.∫
tf

ti

Si ∫
tf

ti

Si

T ,μ

= T Δ + T ΔR.Wirr Si (34)

T ΔSi T ΔR
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Appendix B. Residual Entropy and Entropy Production under

Instantaneous Fixed-Point Reference

In this appendix we demonstrate that, when the reference distribution is chosen as the instantaneous fixed

point (IFP) of the system, the time derivative of the residual entropy equals the negative of the entropy

production rate:

Let    denote the empirical (mesoscopic) probability of observing the microstate    at time  ,

corresponding in the main text to the document–level frequency distribution   defined in Eq. (1). The

instantaneous fixed point (IFP) or macrostate of the system is the distribution that maximizes the Shannon

entropy    under the current empirical constraints    This

constrained maximization yields an exponential–family form (cf. Eqs. 3–4 in the main text): 

where the Lagrange multipliers   (identified in the main text as   and  ) are determined at each

instant by the empirical moments  .

The residual entropy—the informational distance between the empirical distribution and its instantaneous

MaxEnt reference—is the Kullback–Leibler divergence (cf. Eq. (8) in the main text): 

The equality    occurs only when the mesoscopic state coincides with its IFP,  , that is,

when the system is locally in equilibrium with respect to the chosen constraints.

Taking the time derivative of Eq. (37) gives

The first sum in the second term vanishes because the probabilities are normalized,  . Hence, 

From Eq. (3) we have  , so that

(t) = − (t).Ṙ Ṡ i (35)

(t)pi i t

p(k, t)

(t) = − (t) ln (t)Smacro ∑i πi πi ⟨ = ⟨ .fj⟩p(t) fj⟩π(t)

(t) = exp[− (t) (i)] , Z(t) = exp[− (t) (i)] ,πi
1

Z(t)
∑
j

θj fj ∑
i

∑
j

θj fj (36)

(t)θj β(t) λ(t)

⟨fj⟩p(t)

R(t) = (p(t) ∥π(t)) = (t) ln ≥ 0.DKL ∑
i

pi
(t)pi

(t)πi
(37)

R = 0 p(t) = π(t)

(t)Ṙ = ln + [ln ]∑
i

ṗ i
pi

πi
∑
i

pi
d

dt

pi

πi

= ln + ( − ) .∑
i

ṗ i
pi

πi
∑
i

pi
ṗ i

pi

π̇i

πi

= 0∑i ṗ i

(t) = ln − .Ṙ ∑
i

ṗ i
pi

πi
∑
i

pi
π̇i

πi
(38)

ln = − lnZ − (i)πi ∑j θjfj
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Taking the expectation value with respect to the empirical distribution  : 

For an exponential-family distribution, the partition function satisfies  , so that 

. Substituting this into Eq. [eq:mean_dlnPi] gives 

By definition of the instantaneous fixed point, these expectation values coincide ( ), and

therefore

With Eq. (40), the residual-entropy rate (38) reduces to

For a continuous-time Markov process with transition rates  , the entropy production rate is defined as 

If the transition rates satisfy detailed balance with respect to the instantaneous reference distribution 

, 

then the right-hand side of Eq. (42) can be rewritten as

Comparing with Eq. (41) immediately yields the desired identity

Equation [eq:dRdt_eq_Sprod] shows that when the reference state is the instantaneous MaxEnt fixed point 

 (determined self-consistently from the data at each time), the residual entropy   decreases exactly

at the rate at which the entropy is produced. In fact, the reference state need not be the IFP of the empirical

= − lnZ − (i).
π̇i

πi
∂t ∑

j

θ̇ j fj (39)

pi

∑
i

pi
π̇i

πi
= − lnZ − ⟨ .∂t ∑

j

θ̇ j fj⟩p

lnZ = −⟨∂θj fj⟩Π

lnZ = lnZ = − ⟨∂t ∑j ∂θj θ̇ j ∑j θ̇ j fj⟩Π

= − (⟨ − ⟨ ).∑
i

pi
π̇i

πi
∑
j

θ̇ j fj⟩p fj⟩Π

⟨ = ⟨fj⟩p fj⟩Π

= 0.∑
i

pi
π̇i

πi
(40)

(t) = (t) ln .Ṙ ∑
i

ṗ i
(t)pi

(t)πi
(41)

Wij

(t) = (t) ln , = − .Ṡ i
1

2
∑
i,j

Jij
(t)pi Wij

(t)pj Wji

Jij piWij pjWji (42)

(t)πi

(t) (t) = (t) (t),πi Wij πj Wji

(t) = − (t) ln .Ṡ i ∑
i

ṗ i
(t)pi

(t)πi

(t) = − (t).Ṙ Ṡ i (43)

π(t) R(t)
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mesostate, the equation (41) holds when    and its temperature and chemical potential remained

constant ( ) for the reference state. To see this, we need to compare equations (41) and (27).

In both cases, the system relaxes monotonically toward  , and the relative entropy   plays the role of a

Lyapunov function: 

The identification of    as a measure of “informational distance from equilibrium” justifies its

interpretation as an internal measure of the system’s nonequilibrium organization, and explains why,

under IFP dynamics, entropy production precisely quantifies the rate of information dissipation.

Appendix C. Dynamic Efficiency and Work Decomposition in Concept

Evolution

To quantify the efficiency of concept evolution as a non-equilibrium process, we consider the system (a

scientific concept) interacting with an effectively isothermal informational reservoir at temperature  ,

representing the statistical background of its topical environment. At discrete times  , the concept is

described by its empirical mesostate    and the corresponding instantaneous fixed point (IFP) 

  obtained by maximum entropy fitting under constraints    and  . The

non-equilibrium potential is defined as  .

Discrete Hatano–Sasa decomposition

The Hatano–Sasa equality  [37][47]  extends the fluctuation theorems to transitions between non-

equilibrium steady states (NESS) or IFPs. For a discrete-time trajectory  , we define the excess

functional 

which satisfies   and therefore  . The total entropy production accumulated over a process

consists of two additive contributions: 

where 

= 0π̇

= 0θ̇ j

π R(t)

(t) ≤ 0, (t) ≥ 0.Ṙ Ṡ i

R

Tref

t

(k)pt

(k)πt ⟨k = ⟨k⟩pt ⟩πt ⟨lnk = ⟨lnk⟩pt ⟩πt

(k) = − ln (k)ϕt πt

→pt pt+1

= (k) [ (k) − (k)] = (k) ln ,Ŷ t→t+1 ∑
k

pt ϕt+1 ϕt ∑
k

pt
(k)πt

(k)πt+1

(44)

⟨ ⟩ = 1e−Ŷ ⟨ ⟩ ≥ 0Ŷ

Δ = Δ + Δ ,Stot Sna Sa (45)
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Here    is the change in residual (informational) entropy, quantifying how the empirical distribution 

  approaches or departs from its instantaneous fixed point  . The first term,  , represents the

irreversible entropy production associated with parameter driving or adaptation of the IFP, while the

second term,  , measures the steady dissipation required to sustain non-equilibrium currents even

when the parameters are fixed.

In an isothermal process at temperature  , the dissipated irreversible work equals the total entropy

production multiplied by  : 

where 

The total dissipated work   thus separates into: (i) an excess work  associated with adaptive changes

in the system’s IFP (informational “steering”), and (ii) a housekeeping work   corresponding to the

steady dissipation required to maintain the system’s non-equilibrium structure.

The reference temperature   defines the informational “bath” in contact with the concept.

Mid-point approximation for entropy production estimate In the main text, we distinguish two

quantities: the change in residual entropy , which quantifies the instantaneous distance

between the empirical state and its equilibrium reference, and the entropy production , which measures

the total irreversible dissipation accumulated along a trajectory. These quantities coincide only for

relaxation toward a fixed equilibrium; in general,    is a state function, while   depends on the full path

taken.

For empirical data sampled at discrete times   and  , we approximate the integrated entropy balance of

Eq. (26) over a finite interval   as

The entropy flow    is evaluated using a midpoint (Stratonovich[61]) approximation of the time-

dependent reference distribution  , defined by the average bath parameters

ΔSna

ΔSa

= +ΔR 
( ∥ )− ( ∥ )DKL pf πf DKL pi πi

∑
t

Ŷ t→t+1

= Δ − Δ ≥ 0Stot Sna

(non-adiabatic, excess),

(adiabatic, housekeeping).

ΔR

pt πt ΔSna

ΔSa

Tref

Tref

= Δ = (Δ + Δ ) = + ,Wtot Tref Stot Tref Sna Sa Wex Whk (46)

= Δ , = Δ .Wex Tref Sna Whk Tref Sa

Wtot Wex

Whk

Tref

R = D(p∥ )peq

ΔSi

R Si

ti tf

Δt = −tf ti

ΔS = Δ + Δ , Δ = .Se Si Se ∫
tf

ti

δQ

T
(47)

ΔSe

(t)peq

= [β( ) + β( )], = − .β∗
1
2

ti tf μ∗

λ( ) + λ( )ti tf

β( ) + β( )ti tf
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For each mesoscopic state   we define the “generalized energy”

so that the entropy flow over the interval is estimated by

This expression follows directly from discretizing the excess term

replacing the derivative   by a finite difference evaluated in the bath parameters at the midpoint  .

The total entropy production over the interval is then obtained as 

consistent with the second law. In practice, small negative values due to sampling noise are truncated to

zero. Finally, the change in residual entropy 

quantifies the variation of informational mismatch between empirical and equilibrium states.

This midpoint estimator provides a numerically stable and physically consistent way to compute the

entropy production and the efficiency of the information-flow directly from empirical frequency

distributions  , while retaining the connection to the continuous-time formulation based on 

 and the Esposito–Seifert decomposition [4][37].

Appendix D. Nonequilibrium Grand Potential Gap Equals    at

Fixed 

We consider the discrete microstate index   with “energy” 

At each time    on a fixed grid, let    denote the empirical (nonequilibrium) distribution and let the

instantaneous fixed point (IFP)    be the maximum-entropy (grand-canonical) distribution at the

same intensives  : 

k

H(k) = lnk − k,μ∗

Δ ≃ [ (k, ) − (k, )]H(k).Se β∗ ∑
k

Pc tf Pc ti (48)

(t) = − (t) ln (t)Ṡ ex ∑
i

pi ∂t p
eq
i

∂t ( , )T∗ μ∗

Δ = ΔS − Δ ≥ 0,Si Se (49)

ΔR = R( ) − R( ) = [ ( ) − S( )] − [ ( ) − S( )]tf ti Smacro tf tf Smacro ti ti

p(k, t)

D(p∥ )peq

T R

(T ,μ)

k ∈ N

H(k) = lnk − μk, β ≡ 1/T , λ ≡ βμ. (50)

t (k)pt

(k)πt

( , )Tt μt

(k) = = , = .πt
1

Zt

e− (k)βtHt
1

Zt

k−βte− kλt Zt ∑
k≥1

e− (k)βtHt (51)
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The nonequilibrium grand potential of   at fixed   is 

and the IFP (equilibrium) grand potential is 

For any distribution   and its IFP   at the same , 

with equality if and only if   (a.e.).

Proof. Compute the Kullback–Leibler divergence 

Since  , we have 

Multiplying by   yields 

Thus  , with an equality iff  , i.e.,  . ◻

The result (54) requires only that   be held fixed; it does not assume fixed extensive moments such as 

 or  . Differences in these moments between   and   are precisely encoded in  .

On a discrete time grid   with intensives   and pairs  , 

Writing 

makes explicit that   is the residual information potential that elevates   above its IFP value.

p (T ,μ)

Φ[p;T ,μ] = ⟨H − T S[p] = (lnk − μk) − T(− ln ),⟩
p

∑
k

pk ∑
k

pk pk (52)

(T ,μ) ≡ Φ[π;T ,μ] = −T lnZ.ΦIFP (53)

p π (T ,μ)

(Φ − = T R(p∥π) ≥ 0,ΦIFP)
T,μ

(54)

p = π

R(p∥π) = ln = ln − ln .∑
k

pk
pk

πk
∑
k

pk pk ∑
k

pk πk (55)

ln = −βH(k) − lnZπk

R(p∥π) = ln + β H(k) + lnZ.∑
k

pk pk ∑
k

pk (56)

T

T R = T ln + H(k) + T lnZ = − .∑
k

pk pk ∑
k

pk (⟨H − TS[p])⟩p
  

Φ[p;T,μ]

(−T lnZ)
  

(T,μ)ΦIFP

(57)

Φ[p;T ,μ] − (T ,μ) = T R(p∥π) ≥ 0ΦIFP R = 0 p = π

(T ,μ)

⟨k⟩ ⟨lnk⟩ p π R(p∥π)

{ }tn ( , )Ttn μtn ( , )ptn πtn

Φ( ; , ) − ( , ) = R( ∥ ) ≥ 0 for each  .ptn Ttn μtn ΦIFP Ttn μtn Ttn ptn πtn tn (58)

Φ[p;T ,μ] = + ,(T ,μ)ΦIFP
  

equilibrium part

T R(p∥π)
  

nonequilibrium excess

(59)

TR Φ
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Nomenclature

Term frequency: number of times   a concept appears in a document.

Number of documents containing concept   up to time  .

Number of documents containing   exactly   times up to time  .

Observed probability that concept   is cited   times up to  .

Mesostate probability mass function at time  .

Reference probability mass function at time   (thermal bath).

Macrostate PMF or instantaneous fixed point (IFP) of the mesostate  .

Lagrange multiplier; inverse temperature ( ).

Lagrange multiplier related to the chemical potential.

Chemical potential ( ).

Boltzmann constant (set   in numerical computations).

Grand partition function that normalizes the macrostate PMF.

Internal (information) energy of a concept per document.

tf k ∈ Z+

Nc

(t

)

c t

Nc

(k,
t

)

c k t

p

(k,

t

)

c k t

pc

(

{k

},
t

)
≡ pt

t

πeq

(k,
t;

β,

λ

)

t

π

(k,
t

)
≡ πt

pc

β β = 1/( T )kB

λ

μ μ = −λ/β

kB = 1kB

Z

U

=
⟨ln

k

⟩
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Average number of logical particles (concept mentions).

The generalized energy function.

Mesostate entropy per document derived from  .

Macrostate (thermodynamic) entropy per document.

Entropy efficiency.

Residual entropy,  .

Grand canonical potential,  .

Change in residual entropy over a finite interval  .

Residual (informational) energy —  .

Heat capacity at constant chemical potential,  .

Heat capacity at constant document support,  .

Particle-number susceptibility,  .

Thermal expansion coefficient,  .

Energy–chemical potential coupling coefficient,  .

Heat capacity at constant chemical potential for effective energy  .

Housekeeping efficiency,  .

Driving (adaptive) efficiency,  .

Residual-information retention ratio,  .
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N

=
⟨k

⟩

E

= U

− μN

S p(k, t)

Smacro

Qeff

= S

/E

R R = − SSmacro

Φ Φ = U − TS − μN

ΔR Δt

TR Φ − ΦIFP

Cμ = (∂U/∂TCμ )μ

CN = (∂U/∂TCN )N

χT = (∂N/∂μχT )T

αμ = (1/N)(∂N/∂Tαμ )μ

αE = (∂⟨E⟩/∂μαE )T

CE
μ E

ηhk = Δ /Δηhk Sa Stot

ηex = Δ /Δ = 1 −ηex Sna Stot ηhk

ρR = 1 − [−ΔR /ΔρR ]+ Stot
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