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Abstract: Stochastic thermodynamics is a framework for describing non-equilibrium processes at the level of 

fluctuating trajectories, where the state of a system evolves as a stochastic time series, allowing thermodynamic 

quantities such as work, heat, and entropy production to be defined along individual realizations rather than 

at the ensemble level only. Over the past three decades, the field has yielded fundamental results, including 

fluctuation theorems and several universal bounds, such as thermodynamic uncertainty relations, speed limit 

theorems, and many others. Many of them have been tested on a range of experimental platforms. This Per-

spective reviews recent developments in stochastic thermodynamics that extend its scope beyond its traditional 

domains, including systems with memory and hidden degrees of freedom, microscopic approaches to interact-

ing and active matter, and geometric formulations based on optimal transport. Next, the Perspective surveys the 

challenges that arise when applying these ideas to macroscopic and complex systems, where the link between 

statistical irreversibility and thermodynamic dissipation becomes less direct. Finally, emerging applications in 

non-physical contexts are highlighted, including computation, biological systems, and social dynamics. Tran-

scending the traditional boundaries of physics, these developments catalyze an unorthodox framework to tackle 

the thermodynamics of complex systems.

Keywords: stochastic thermodynamics; entropy production; non-Markovian dynamics; optimal transport; 

active matter

Stochastic thermodynamics is a rapidly growing subfield of statistical physics. Its main goal is to extend concepts 

from non-equilibrium thermodynamics – such as heat, work, and entropy production – to microscopic fluctuat-

ing systems. A key achievement has been to describe the thermodynamics of small-scale fluctuations associated 

with individual stochastic trajectories of a few degrees of freedom that describe the time evolution of the sys-

tem under study. Since its foundations about 30 years ago, it has led to a series of fundamental results, including, 

among others, fluctuation theorems, theory of stochastic response, trajectory-level formulations of entropy pro-

duction, and universal trade-off relations between accuracy, dissipation, and speed. These advances have been
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extensively tested in experiments on micro- and nanoscale systems, establishing stochastic thermodynamics as 

a central framework for non-equilibrium physics.

At the same time, the scope of stochastic thermodynamics has been rapidly expanding. Many complex sys-

tems of current interest – ranging from active matter and biological systems to computation and social dynamics

– can be described within the framework of stochastic processes, yet operate under conditions that differ sub-

stantially from those originally assumed in foundational studies of stochastic thermodynamics. These include 

coarse-graining, hidden degrees of freedom, memory effects, and unidirectional transitions. Extending stochas-

tic thermodynamics to such settings raises fundamental questions about the applicability and interpretation of 

the field’s central concepts.

Recent work has approached these challenges along several complementary directions. These include the 

development of stochastic thermodynamics under partial information and non-Markovian dynamics, the study 

of irreversibility in interacting and active many-body systems, and geometric approaches that characterize non-

equilibrium processes through optimal transport and thermodynamic constraints. At the same time, attempts to 

scale up the framework to larger systems have revealed limitations of the traditional connection between statis-

tical irreversibility and thermodynamic dissipation, motivating more general formulations that extend beyond 

energy-based interpretations. Across these directions, coarse-graining provides a recurring cross-cutting chal-

lenge: being able to access only a partial set of the relevant non-equilibrium degrees of freedom may generate 

memory, obscure dissipation, and impact the thermodynamic interpretation of the variables retrieved upon 

coarse-graining.

In this Perspective, we review some recent developments around a set of research directions that are 

reshaping stochastic thermodynamics. We first briefly summarize the conceptual foundations of the field, and 

then discuss their extension beyond their original domains. These developments raise broader questions about 

the nature of irreversibility, the roles of information and interactions, and the extent to which thermodynamic 

concepts can be applied to complex systems.

1 Foundations and evolution – an emerging, evolving field

Stochastic thermodynamics extends the laws of thermodynamics to individual stochastic trajectories of sys-

tems evolving arbitrarily far from equilibrium. Its emergence was driven by the need to reconcile macroscopic 

irreversibility with the time-reversal symmetry of microscopic dynamics in regimes where thermal fluctua-

tions are significant [1], a problem already anticipated in the network thermodynamics of Schnakenberg [2], [3]. 

This challenge became particularly acute with the realization of high-precision experiments on non-equilibrium 

mesoscopic systems, accompanied by molecular-dynamics and Monte Carlo simulations, which revealed non-

negligible, quantifiable fluctuations of work, heat, and entropy production. Since its foundation, the field has 

sought so-called ‘universal’ principles that constrain the statistical properties of thermodynamic quantities and 

apply to a wide range of systems driven away from equilibrium. See Figure 1 for an illustration of the original 

aims of early developments in stochastic thermodynamics.

The first major breakthrough took place in the 1990s with the discovery and formulation of fluctuation 

theorems for nonequilibrium steady states [4]–[6], which revealed a fundamental symmetry that governs 

the fluctuations of entropy production. Another critical development was the formulation of work, heat, and 

entropy production 1 at the level of individual fluctuating trajectories [7]–[10]. Closely related results, such as 

the Jarzynski equality [7] and Crooks fluctuation theorem [11], further established exact connections between 

non-equilibrium fluctuations and equilibrium free-energy differences. Unification was provided by a general 

definition of stochastic entropy production associated with stochastic trajectories and analysis of its fluctuation 

properties [12]–[14].

In the early 2000s, these insights were consolidated into a coherent theoretical framework, marking the 

emergence of stochastic thermodynamics as a trajectory-level theory. Building on the stochastic energetics

1 We use the term “entropy production” and “dissipation” interchangeably in the rest of the Perspective.
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Figure 1: Illustration of the ‘dream’ of early developments of stochastic thermodynamics. A tiny nano-sized motor navigates through a 

biological tissue, tracing a stochastic trajectory. Such motion, powered by fuel and controlled through feedback upon information 

retrieval, is converted partially into useful work while the rest is dissipated to the surrounding media as heat. The first decades

of stochastic thermodynamics research aimed to understand the statistical constraints for various dynamical and thermodynamic 

properties of such small-scale non-equilibrium processes. AI-generated image using Gemini, inspired by a presentation by Ignacio A. 

Martínez and by the movie Innerspace (1987).

approach pioneered by Sekimoto [9], [15], this period established consistent definitions of heat, work, and 

entropy production along individual stochastic trajectories, culminating in fluctuation theorems for entropy pro-

duction [16]. The framework was extended from transformations between equilibrium states to non-equilibrium 

steady states, drawing on earlier ideas in steady-state thermodynamics [17] and yielding a rich development 

of novel theoretical results in response theory. They include extensions of fluctuation response relations to 

processes arbitrarily far from equilibrium [18], [19], relations between entropy production and the degree of 

violation of Kubo’s fluctuation-dissipation theorem [20], and definitions of housekeeping (adiabatic) and excess 

(non-adiabatic) contributions of heat (entropy production) [21]–[24]. In parallel with these theoretical develop-

ments, major advances in experimental techniques enabled direct measurements of work, heat, and entropy 

production fluctuations and experimental verification of fluctuation relations [25]–[27], establishing stochas-

tic thermodynamics as an experimentally accessible framework. Ref. [28] contains an extensive review on 

experiments in stochastic thermodynamics.

In the late 2000s and early 2010s, notable progress was achieved in information thermodynamics. The tools 

of stochastic thermodynamics shed new light on long-standing problems in the thermodynamics of information, 

such as reconciling Maxwell’s demon and Landauer’s principle with the laws of thermodynamics. The correct 

interpretation of the thermodynamics of these milestone problems remained elusive until the development 

of fluctuation theorems and second laws of thermodynamics in the presence of feedback control, pioneered 

by Sagawa and Ueda [29], [30], and followed up by other major endeavors of the community, both theoretical 

[31]–[34] and experimental [35]–[40].

In parallel to thermodynamics of information, key studies in the first decade of the 21st century disentan-

gled the structure of entropy production and its relation to information. A central contribution was the unifying 

formulation of non-equilibrium entropy production, applicable to Markovian dynamics described by either Mas-

ter equations and Markov-jump processes, or by Fokker–Planck equations and Langevin dynamics [41], [42]. 

Furthermore, a series of works [43]–[45] showed that the arrow of time can be quantified using fluctuation 

relations, thereby linking dissipation to the degree of time-reversal asymmetry. Other work derived and exper-

imentally tested fluctuation theorems for currents and response coefficients in nonequilibrium steady states 

[46]–[48]. These works show that entropy production can be estimated directly from data without detailed 

knowledge of the underlying mechanism by computing the Kullback–Leibler divergence between forward and 

time-reversed trajectories [49]. These developments were also summarized in early tutorial reviews of stochastic 

thermodynamics [50], [51].
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A further conceptual shift occurred in the mid-2010s with the emergence of universal bounds and 

trade-off relations constraining non-equilibrium processes. While fluctuation theorems and generalized sec-

ond laws provide a statistical rationale for various thermodynamic fluctuating quantities, it remained unclear 

whether fundamental trade-off limits constrain them. One of the fundamental questions was whether there is a 

minimal cost (e.g., rate of heat dissipation) needed to sustain a prescribed accuracy of a mesoscopic (e.g., parti-

cle, energy) current. A central result of this period was the development of so-called thermodynamic uncertainty 

relations, which establish trade-offs between the signal-to-noise ratio of time-integrated currents and the associ-

ated cost to sustain them (dissipation or total entropy production) [52], [53]. This perspective identified entropy 

production as a resource that controls fluctuations in non-equilibrium processes, leading to a broader class 

of uncertainty relations for currents, activities, and observables. Closely related developments extended these 

ideas to finite-time thermodynamics and dynamical constraints. These developments include thermodynamic 

speed limits, bounds on the minimal time required for state transformations in terms of entropy production and 

dynamical activity [54]–[56], and finite-time trade-offs on power, efficiency, and dissipation in small engines and 

driven systems [57]–[60]. In parallel, the identification of martingale structures underlying entropy production 

[61], [62] provided a swift route to derive fluctuation relations of thermodynamic quantities at stopping (e.g., 

first-passage) times as well as their extreme-value statistics, see the treatise [63] for a review.

These developments laid the foundations of stochastic thermodynamics as a systematic framework for 

describing fluctuations in nonequilibrium systems. Since then, it has been successfully applied to a wide range 

of experimental platforms at the micro- and nanoscale [28]: electric circuits [64], single electron transistors [39], 

[65], [66], mechanical resonators [67], [68], levitated nanoparticles [69], [70], and colloidal particles in optical 

traps [71] that enabled precise tests of key theoretical predictions [35], [40], [56], [72]–[76]. Applications have 

also included biophysics and chemistry, including single-molecule experiments on DNA and RNA [26], [27], [77], 

molecular motors [78]–[82], and chemical reaction networks [83]–[85].

In addition to biochemical applications, stochastic thermodynamics is now being applied to the problem of 

reducing the energy consumption of computers, a key challenge in the current era of high-performance comput-

ing and artificial intelligence. By extending thermodynamics to engineered information-processing technologies 

(e.g., CMOS and electronic circuits), thermodynamics of computing is gaining considerable momentum as a field 

on its own, going far beyond a mere extension of information thermodynamics [86]–[92].

More recently, stochastic thermodynamics has been extended beyond some of its original idealizations. This 

includes developments addressing strong system–bath coupling through the Hamiltonian of mean force [93], 

[94] and related approaches [95], which show that thermodynamic quantities such as work, heat, and entropy 

production can remain well-defined even when standard reservoir assumptions break down. At the same time, 

increasing attention has been devoted to inference, the role of constraints, and partial information. A central 

challenge has been to quantify entropy production and irreversibility from limited or coarse-grained data [96], 

leading to inference-based approaches that extract thermodynamic bounds and dissipation estimates from time 

series [97], [98] and short experiments [99].

Finally, several recent textbooks summarize the progress of stochastic thermodynamics, including key 

recent monographs [63], [100]–[102], marking its consolidation as a mature, self-contained yet still evolving field. 

The following sections explore several directions in which stochastic thermodynamics is being extended beyond 

the original scenarios considered in the field’s early development. We do not cover developments of stochastic 

thermodynamics in quantum systems here, but we refer the interested reader to the recent perspective [103] 

and textbooks [104], [105].

2 Dealing with the hidden – thermodynamics of non-Markovian 

dynamics

A key recent development concerns the thermodynamics of partially observed systems, where some relevant 

non-equilibrium degrees of freedom are hidden; this situation naturally arises, for example, in single-molecule
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biophysics, where experiments routinely track the fluctuating motion of molecular machines while other 

internal variables remain often inaccessible. For instance, optical tweezers can resolve the position of a molecu-

lar motor with nanometer precision, while its chemical driving (e.g., ATP consumption) remains hidden. In such 

cases, the observed dynamics acquires memory, reflecting coupling to hidden degrees of freedom [45], [49], [106], 

[107].

To tackle thermodynamics with hidden variables, a key theoretical task is to extend stochastic thermody-

namics beyond the Markov regime. In experimentally relevant situations, memory arises, e.g., from strong sys-

tem–environment coupling, time-delayed feedback, or coarse-graining over hidden internal degrees of freedom. 

In such cases, the dynamics of the observed variable becomes non-local in time and history-dependent, substan-

tially complicating analytical descriptions and rendering standard results – such as state-based expressions for 

entropy production and free-energy dissipation – no longer directly applicable.

Building on earlier formulations of coarse-grained entropy production, recent work has sharpened 

trajectory-level and inference-based approaches. In particular, bounds based on variational or information-

theoretic estimators relate observable irreversibility to hidden entropy production using time-series data from 

partial observations [49], [97], [98], [106], [108]–[113].

Another route embeds the observed non-Markovian dynamics into an enlarged Markovian description, 

often by introducing auxiliary degrees of freedom [114]–[117]. This restores a consistent thermodynamic struc-

ture and clarifies that apparent violations of Markovian bounds reflect unaccounted contributions to entropy 

production and free energy stored in hidden variables and correlations. Despite their success, these approaches 

can suffer from non-uniqueness and ambiguities in thermodynamic interpretation. This embedding perspective 

builds on general results from coarse-graining and strong coupling [95], [118], and has been applied to active or 

colored-noise systems [119]–[124], delayed-feedback controlled systems [125], and optimal control problems for 

systems with memory [126], [127].

A complementary line of theoretical work formulates thermodynamic relations directly for non-Markovian 

dynamics. This approach has been extensively developed for time-delayed systems [128], [129], leading to gener-

alized second-law-like inequalities in which memory enters through additional entropy-pumping contributions, 

thereby tightening thermodynamic bounds compared to Markovian descriptions. While this route avoids intro-

ducing auxiliary variables with (ambiguous) thermodynamic interpretations, it is, however, technically chal-

lenging, as it requires direct treatment of time-nonlocal dynamics and their associated path integrals, where 

time-reversal symmetry and causality become subtle. More recently, stochastic thermodynamic frameworks 

have been developed for general non-Markov jump processes, including consistent definitions of entropy pro-

duction and time-reversal symmetry [130]. Notably, semi-Markov processes provide a transparent intermediate 

framework that incorporates memory through non-exponential waiting times while preserving a jump-process 

structure. These approaches offer complementary perspectives: embedding restores thermodynamic consis-

tency by enlarging the state space, while direct formulations and inference-based methods quantify irreversibil-

ity more directly, retaining the hidden character of the inaccessible degrees of freedom.

Regarding experiments, colloidal particles in e.g., viscoelastic fluids or under time-delayed feedback control 

have emerged as experimentally accessible platforms for directly probing non-Markovian thermodynamics [69], 

[126]. In these systems, it was recently shown via feedback protocols that work can be extracted from (viscoelas-

tic) hidden degrees of freedom, experimentally demonstrating the idea that environmental memory can be har-

vested as a thermodynamic resource through nonequilibrium driving [131]. In addition, experiments tracking 

the thermal fluctuations of mechanical cantilevers (e.g., AFM tips) reported high-quality underdamped oscil-

lations with a distinctive non-Markovian structure, which are amenable to memory-assisted thermodynamic 

protocols and information engines that exploit first-passage-time statistics as a resource [132], [133].

Overall, these theoretical and experimental developments are reshaping stochastic thermodynamics into 

a framework that systematically incorporates memory, hidden variables, and time-delayed feedback control, 

thereby extending its applicability to realistic non-equilibrium scenarios and the constraints faced by complex 

systems.
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3 Active and interacting matter – a microscopic thermodynamic 

perspective

Active matter is a class of systems out of equilibrium, characterized by continuous input energy consump-

tion and its efficient conversion to execute output tasks [119], [134], [135]. Typical examples involve agents that 

transform fuel into directed motion, such as motile bacteria and flocking birds. Quantifying irreversibility and 

energy dissipation in active-matter systems has attracted significant attention over the last few decades [119], 

[136]–[143], as a step towards understanding the thermodynamic properties of living matter.

A hallmark of active dynamics is the emergence of local currents that break time-reversal symmetry, 

thereby driving global circulation and fluxes fueled by the constant energy supply at the microscopic scale. Self-

propulsion provides a clear example of such microscopic currents, which, in conjunction with anisotropy, can 

generate emergent global behavior. For instance, self-propelled particles subject to ratcheted landscapes exhibit 

particle rectification [144]–[149]. However, emergent currents are not limited to physical transport in space. 

Currents also arise in phase space, for example, due to non-reciprocal interactions in chase-and-run dynam-

ics, where a chaser tends to run behind a prey [150], [151], while the reverse process is rarely observed. These 

examples highlight that irreversibility in active matter is inherently a many-body and dynamical phenomenon 

that often eludes standard coarse-grained descriptions. Characterizing such microscopic and emergent macro-

scopic currents requires theoretical frameworks that retain the particle-level description [152]. In particular, 

one must account for the multiplicative noise inherent to interacting particle systems, which is often lost in 

coarse-grained mesoscopic approaches [141]. Microscopic theories such as the Doi–Peliti path integral formal-

ism and Dean’s equation provide exact representations of stochastic particle dynamics governed by Langevin or 

Fokker–Planck equations, and offer a systematic route to compute observables through perturbative expansions 

in non-linear couplings [153]–[155].

Within this framework, a central goal has been to derive closed-form expressions for thermodynamic quan-

tities, in particular the entropy production rate. Building on its expression for Markov jump processes [24], [156], 

[157] and its extension to exactly solvable stochastic systems [158], recent work has begun to address general 

interacting active particle systems. Microscopic approaches enable the calculation of entropy production for 

particles with persistent motion, correlated noise, n-point interactions, and confining potentials [159].

A key insight from analytical treatments based on Doi–Peliti field theory is that entropy production is dom-

inated by short-time contributions, so only the lowest-order terms in the perturbative expansion are relevant. 

Moreover, the entropy production associated with n-point interactions involves the (2n − 1)-point equal-time 
correlation function, independently of the total number of particles in the system. In particular, pairwise interac-

tions require three-point correlation functions, whereas for short-ranged interactions the description effectively 

reduces to two-point correlations [159], [160]. These results illustrate how microscopic theories provide access 

to thermodynamic quantities that remain hidden at the coarse-grained level. Another promising direction is 

the construction of thermodynamically consistent hydrodynamic descriptions of active matter via exact coarse-

graining or related approaches. Exact coarse-graining approaches in active lattice models can preserve entropy 

production from the particle-based model to hydrodynamic field theories, which, in turn, can be formulated as 

non-ideal reaction–diffusion systems with an interpretable dissipation rate [161], [162].

Despite these advances, several conceptual and technical open challenges remain. A central open problem 

concerns the systematic treatment of hidden internal non-equilibrium variables in active systems [109], [137], 

[163]–[165]. For instance, the direction of propulsion in run-and-tumble particles [166] and active Brownian 

particles [167] and the instantaneous speed of active Ornstein-Uhlenbeck particles [168] are both governed by 

evolving internal degrees of freedom that are often not directly observable. When such internal states are hid-

den, the observed trajectories of free, unbiased self-propelled particles can appear time-reversible, provided 

the dynamics is  -symmetric [169]. However, time-reversal symmetry is typically broken once interactions or 

environmental couplings are introduced, even if the internal states remain unobserved [123], [170]. A systematic 

framework for quantifying irreversibility in such partially observed active systems remains an active area of 

research in the field.
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Microscopic theories offer promising avenues, for instance, by analyzing first-passage time statistics and 

splitting probabilities, which can be combined with thermodynamic bounds to estimate dissipation [74], 

[171]. Another open challenge concerns systems with non-conserved particle number, such as branching or 

birth–death processes used to model cell division and population dynamics [172], [173]. In their simplest form, 

such processes are intrinsically irreversible due to absorbing states corresponding to extinction, which explicitly 

breaks the local detailed balance condition.

These challenges highlight that extending stochastic thermodynamics to active and interacting systems 

requires not only new computational tools, but also a rethinking of how irreversibility is defined and quantified 

in systems with hidden variables, interactions, and changing particle numbers.

4 Geometry and optimal transport in stochastic thermodynamics

Thermodynamics has long been connected to geometry, dating back to the pioneering work of Gibbs [174], [175]. 

Geometric perspectives have since deepened our understanding of thermodynamic structure and enabled the 

derivation of new results. In equilibrium, thermodynamics can be formulated in terms of a contact geometry 

on the manifold of thermodynamic variables [176], while Riemannian metrics [177], [178] capture stability and 

fluctuations, thereby encoding aspects of the second law. This geometric picture extends to the linear-response 

regime, where thermodynamic length quantifies dissipation during slow transformations, and geodesics pre-

scribe optimal protocols [179]–[181].

Recent developments have pushed this perspective far from equilibrium, where the state of a system is 

described by a probability distribution and stochastic thermodynamics becomes the natural framework [182]. 

In this regime, optimal transport theory has emerged as a powerful tool to characterize the geometry of non-

equilibrium transformations. Originally formulated by Monge in 1781 as a problem of minimizing transport cost 

[183], optimal transport provides a natural Riemannian geometry on the space of probability distributions. Its 

associated geodesic distance, known as the Wasserstein-2 distance, quantifies the cost of redistribution.

A central result of stochastic thermodynamics is that this geometric structure has a direct thermody-

namic interpretation. For overdamped Langevin systems with constant diffusivity, the entropy produced along 

a stochastic trajectory coincides with the optimal transport cost of redistribution [182]. As a consequence, the 

Wasserstein-2 distance provides a tight lower bound on the entropy production required to transition from one 

thermodynamic state to another in finite time. This result refines the second law by adding a finite-time correc-

tion that depends on the distance traversed, demonstrating that dissipation induces a geometry on the space of 

probability distributions.

Moreover, the solution to the optimal transport problem yields optimal control protocols that minimize 

dissipation. These control protocols turn out to be of conservative form, corresponding to dynamics that 

can be implemented through time-dependent potentials. Further, the overdamped ensemble dynamics can be 

expressed as gradient flows of a free energy functional with respect to the Wasserstein-2 metric [184], thereby 

connecting stochastic thermodynamics to broader formalisms such as GENERIC [185], [186] and Steepest Entropy 

Ascent [187], [188]. This unifies thermodynamic dissipation, optimal control, and geometric structure within a 

single framework.

The optimal transport perspective has found numerous applications, including decomposing entropy pro-

duction for systems that do not satisfy detailed balance [189], deriving thermodynamic uncertainty relations 

[190], and designing heat and information engines [191]. While optimal transport results are well understood for 

overdamped systems, extending them beyond this setting remains an active area of research. Generalizations 

have been proposed for underdamped dynamics [192], [193], discrete stochastic systems [194]–[196], chemical 

reaction networks [197], [198], reaction-diffusion systems [199], and quantum systems [194], [196], [200]. These 

developments demonstrate the broad applicability of geometric ideas, but also reveal that the extension of the 

Wasserstein framework is not unique.

Two main approaches have emerged. The first generalizes the Wasserstein-2 structure by introducing 

Onsager-type operators that relate thermodynamic forces to fluxes [194], [197], [199], [200]. This preserves the
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connection to Riemannian geometry and gradient flows, and recovers known results in appropriate limits. 

However, it typically assumes fixed linear-response structures that may not be realistic far from equilibrium. 

The second approach abandons the strict Riemannian structure and instead defines generalized 

Wasserstein-1 geometries based on constraints on dynamical activity or related quantities [195], [196], [198], 

[201]. These formulations are often more flexible and physically interpretable, and can lead to tighter thermody-

namic bounds, but at the cost of losing the geometric structure that underpins gradient-flow formulations and 

thermodynamic metrics.

These advances raise several open questions. In particular, it remains unclear how to construct geomet-

ric frameworks that faithfully capture realistic optimal control problems beyond idealized settings. Connec-

tions to large deviation theory and classical problems such as the Schrödinger bridge are expected to play 

an important role in this direction. Extensions to the aforementioned non-Markovian dynamics and mixed 

conservative–dissipative systems also remain largely unexplored.

More broadly, these efforts point toward a deeper question: to what extent is dissipation fundamentally 

geometric? While a unified geometric description of stochastic thermodynamics has not yet emerged, the search 

for such a framework continues to provide powerful insights and tools for understanding fundamental bounds 

on non-equilibrium transformations.

5 Scaling up stochastic thermodynamics – challenges 

and opportunities

Stochastic thermodynamics was originally developed to describe the energetics of small systems where thermal 

fluctuations are comparable in scale to internal energy changes. A central assumption underlying this frame-

work is the principle of local detailed balance (LDB) [202]. For a Markov jump process with transition rates 

k(x → y), LDB takes the form ΔS env ∕k B = ln[k(x → y)∕k( y → x)]. Here, ΔS env is the change of the environment’s 
entropy associated with the system’s transition x → y (k B = 1.38 × 10 −23 J∕K is Boltzmann’s constant). This rela-
tion connects thermodynamic dissipation to statistical irreversibility, and it underpins many central results 

of stochastic thermodynamics, including fluctuation theorems [50], thermodynamic tradeoffs [203], [204], and 

inference schemes based on trajectory data [98], [156].

Despite its success, the applicability of LDB becomes limited when scaling to larger or more complex 

systems. A first limitation arises from the microscopic energy scale involved. Once a transition dissipates sig-

nificantly more than ΔS env ∕k B ∼ 10, the reverse transition is effectively never observed. As a consequence, the 
ratio ln[k(x → y)∕k( y → x)] becomes empirically inaccessible, and transition statistics decouple from thermody-

namic dissipation [205]. This is particularly challenging since it corresponds to very small energy scales: the in 

vivo hydrolysis of a single ATP molecule dissipates ΔS env ∕k B ∼ 10 − 20 (206, p. 184), while the combustion of a 
single glucose molecule dissipates ΔS env ∕k B ∼ 1.2 × 10 3 (206, p. 188).

A second limitation concerns coarse-graining. Many systems of interest – from intracellular structures [207] 

to living cells [208] and brains [209], [210] – are described at a macroscopic level where internal degrees of free-

dom remain out of equilibrium. In such cases, LDB holds only as an inequality, ΔS env ∕k B ≥ ln[P(x → y)∕P( y → 

x)] [208], and the bound is typically very loose. Empirically, macroscopic irreversibility can underestimate ther-

modynamic dissipation by several orders of magnitude, ranging from 10 6 in the cytoskeleton [207] to more than 

10 20 in brain data [209]. Thus, at large scales, statistical irreversibility and thermodynamic dissipation become 

effectively decoupled.

Several approaches have been proposed to address these limitations. One direction extends standard meth-

ods by appropriately discounting the contribution from irreversible transitions [211]–[214]. A second direction 

exploits decompositions of entropy production into non-negative components, such as excess and housekeeping 

contributions, to derive coarse-grained bounds [91], [198], [215]–[217]. These methods are helpful in situations 

where either a set of a few transitions or a specific component of the entropy production is responsible for 

almost all the dissipation, allowing one to focus on the stochastic thermodynamics of the complementary part.
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A third direction seeks to extend fluctuation theorems to macroscopic driven systems by introducing “effective” 

temperatures or other phenomenological parameters. This approach has led to interesting experimental results 

in granular media [218]–[220], although its interpretation and thermodynamic validity remain debated [205], 

[221]. Finally, a more radical approach shifts focus away from thermodynamic dissipation and toward tradeoffs 

formulated in terms of alternative, non-energetic resources, such as dynamical activity [222], [223] or topological 

constraints [224].

These limitations suggest that the direct link between statistical irreversibility and thermodynamic dissi-

pation becomes increasingly fragile at larger scales, raising the question of whether stochastic thermodynamic 

concepts can be meaningfully extended beyond their traditional domain of microscopic physics. Indeed, there 

is growing interest in applying ideas from stochastic thermodynamics to systems where fluctuations are not 

thermal, ranging from the aforementioned active matter [123], [139], [225], [226] to computational systems [92], 

brain dynamics [209], [210], evolutionary dynamics [227]–[229], and social systems [230]–[233].

In such contexts, statistical irreversibility is often treated as an observable in its own right, independent of 

thermodynamic dissipation. This perspective has proven useful in data-driven settings, for instance, for identi-

fying brain states [113], [209], [210], diagnosing diseases [234], [235], and characterizing intracellular regulation 

[236]. In this role, irreversibility is conceptually similar to information-theoretic measures of complexity [237]. 

Another promising direction is to identify generalized forms of LDB tailored to specific classes of systems, 

where entropy changes are related to relevant currents in the system. This approach allows the formal struc-

ture of stochastic thermodynamics to be extended beyond its traditional domain while preserving its predictive 

power. An example is provided in Ref. [233], where such a framework is developed for social imitation dynamics, 

with applications to cultural dissemination [238], [239], opinion formation [240], and financial behavior [241]. 

Nonetheless, it is important to emphasize that, in general, statistical irreversibility at macroscopic scales 

does not have a direct quantitative relationship to physical energy dissipation. Despite this, this statistical irre-

versibility is typically referred to as “entropy production” and “dissipation” in the literature, due to its formal 

and conceptual similarity to definitions motivated by thermodynamics.

6 Summary and outlook

The developments discussed in this Perspective highlight a field undergoing a rapid and ongoing transformation. 

Extensions to systems with memory and hidden degrees of freedom, the emergence of microscopic approaches 

to interacting and active matter, and the geometric reformulation of dissipation in terms of optimal transport all 

point toward a broadening of stochastic thermodynamics beyond its original domain. At the same time, attempts 

to scale the framework to larger and more complex systems reveal fundamental limitations of its traditional 

foundations.

This Perspective reveals that several apparently independent directions share common conceptual chal-

lenges, including the thermodynamics of coarse-grained and partially observed systems and inference, and 

more broadly, the question of which thermodynamic structures survive the passage from microscopic dynam-

ics to effective macroscopic descriptions. Some of these developments challenge the traditional identification 

between statistical irreversibility and thermodynamic dissipation, raising the broader question of which aspects 

of stochastic thermodynamics remain universal beyond its original setting.

Beyond these fundamental aspects, the Perspective highlighted the ample room for opportunities to apply 

theoretical ideas from stochastic thermodynamics – first developed to optimize small machines (see Figure 1) – 

to tackle complex systems spanning over a wide range of scales and impacting various disciplines. Some promis-

ing directions are: optimal control of soft and biological matter towards maximal thermodynamic performance 

[127]; characterization of non-trivial response properties of active materials [242], [243]; elucidation of the rel-

evance of time-symmetric (frenetic) aspects of nonequilibria [222]; and design of optimal protocols that enable 

efficient energy extraction from macroscopic fluctuations [244].
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These directions suggest that stochastic thermodynamics is evolving from a theory of small fluctuating 

systems into a more general framework for quantifying irreversibility, constraints, and tradeoffs in complex 

systems.Whether a unified formulation encompassing these diverse extensions exists remains an open question.
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