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Abstract
Living systems operate within physical constraints imposed by nonequilib-
rium thermodynamics. This review explores recent advancements in
applying these principles to understand the fundamental limits of biological
functions. We introduce the framework of stochastic thermodynamics and
its recent developments, followed by its application to various biological
systems. We emphasize the interconnectedness of kinetics and energetics
within this framework, focusing on how network topology, kinetics, and
energetics influence functions in thermodynamically consistent models. We
discuss examples in the areas of molecular machine, error correction,
biological sensing, and collective behaviors. This review aims to bridge
physics and biology by fostering a quantitative understanding of biological
functions.
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1 | INTRODUCTION

Physics and biology, while sharing a common goal of
understanding the natural world, employ distinct para-
digms and terminologies to achieve this objective.
Physics strives to identify fundamental, universal laws
governing the behavior of matter and energy, often
expressed using concepts such as energy, entropy,
forces, and rates. In contrast, biology delves into the
intricate complexities of life, focusing on the structures,
functions, and information flow within living systems,
often utilizing terms such as signals, codes, transcrip-
tion, and translation.

Modern biological physics, or the physics of living
systems, bridges the disciplinary gap by applying the
principles and methodologies of physics to elucidate
biological phenomena. A central focus of this interdis-
ciplinary field is the investigation of biological functions.
From the molecular machinery within a cell to the
biomechanics of organismal movement, biological

physics seeks to unravel the underlying physical prin-
ciples governing these processes.

The functionality of living systems is constrained by
the fundamental laws of physics, chemistry, and
biology. Within signaling networks, for example, re-
ceptor specificity ensures that they only respond to
specific ligands. This biochemical specificity arises from
the molecular structures shaped by evolution. However,
as will be detailed later, the fundamental limitations
governing many biological functions stem not only from
biological and chemical factors but also from the basic
physical principles governing cellular processes and
their environment.

Among the relevant subfields of physics, thermo-
dynamics provides some of the most universal con-
straints on biological systems. For instance, the
conservation of energy (the first law of thermody-
namics) and material limits the yield of cellular meta-
bolism [1, 2]. The second law of thermodynamics,
which states that isolated systems tend toward
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maximum disorder (and therefore incompatible with
life), has long challenged physicists seeking to under-
stand how living systems maintain their ordered state.
Erwin Schrödinger, in his influential book What is Life?,
asserted that living cells must absorb “negative en-
tropy” or “free energy” as it is termed in standard ther-
modynamics, to counterbalance the entropy produced
within biological processes and maintain their low‐
entropy (highly ordered) states. Thermodynamically, a
key distinction between a cell and a box of gas is that a
cell represents an open system, continuously
exchanging energy with its surroundings to remain in a
state of dynamic order.

Traditional equilibrium thermodynamics offers a
well‐suited framework for describing a box of gas mol-
ecules. However, due to their continuous exchange of
free energy with the environment, cells are inherently
nonequilibrium systems. Notably, a central theme of
this review is that the cost of free energy imposes
fundamental limits on the performance of biological
functions. Furthermore, cellular systems often operate
at the microscopic or mesoscopic scale, where the
number of participating molecules, typically ranging
from 10 to 105, falls well below the thermodynamic limit
of 1023 particles. This characteristic classifies a typical
cell as a microscopic or mesoscopic nonequilibrium
system. Consequently, the performance of biological
functions is also inherently limited by the inevitable
fluctuations arising from the small number of molecules
involved.

Recent advances in stochastic thermodynamics
provide a powerful tool to address the two features
listed above. Stochastic thermodynamics investigates
the behavior of mesoscopic systems governed by
thermal fluctuations, both in and out of equilibrium,
establishing a fundamental relationship between ther-
modynamic principles and stochastic kinetics. This field
traces its roots to Einstein’s seminal work on Brownian
motion, in which he established the fluctuation–
dissipation theorem (FDT), revealing a profound
connection between fluctuation and dissipation at
thermodynamic equilibrium. For systems out of equi-
librium (such as a Brownian particle coupled to multiple
thermal reservoirs or subjected to time‐dependent
environmental changes), a broader thermodynamic
framework is necessary, particularly for understanding
inherently nonequilibrium biological processes at the
subcellular level. From the latter half of the 20th cen-
tury, significant efforts were made to connect the irre-
versible dynamics of stochastic processes with entropy
production [3–5], leading to a comprehensive frame-
work with precise definitions of thermodynamic quanti-
ties like work and heat at the mesoscopic level [6].
Building upon this framework, researchers have applied
advanced mathematical and physical tools to investi-
gate fundamental thermodynamic constraints, resulting
in key findings such as the fluctuation theorem which

quantifies the irreversibility of mesoscopic systems [7–
9], the thermodynamic uncertainty relation (TUR) which
identifies the thermodynamic cost of suppressing cur-
rent fluctuations [10], and nonequilibrium response
bounds demonstrating universal constraints on the
sensitivity of nonequilibrium response [11]. These ad-
vances in stochastic thermodynamics illuminate the
thermodynamic principles governing mesoscopic sto-
chastic systems and set physical constraints on
mesoscopic biological processes.

This review delves into recent advancements in
understanding the physical limitations, particularly from
a nonequilibrium thermodynamics perspective, on the
performance of various biological functions. We begin
by introducing the fundamental framework and recent
developments in stochastic thermodynamics. Subse-
quently, we showcase advancements in applying these
principles to diverse biological systems. Recognizing
the deep connection between kinetics and energetics in
stochastic thermodynamics (e.g., local detailed balance
[LDB]), the review specifically focuses on studies that
elucidate how kinetics, energetics, and network topol-
ogy determine biological function within thermody-
namically consistent models. Three key questions will
be addressed and discussed: (1) how to define a spe-
cific biological function within the context of biological
networks and thermodynamics, (2) how stochastic
thermodynamics, particularly free energy dissipation (or
entropy production), imposes constraints on biological
functionality, and (3) how to approach these limitations
and optimize performance. These key aspects will be
examined with specific examples in various areas,
including the precision of molecular machines, error
correction mechanisms, biological sensing, and the
emergence of collective behaviors. This review aims to
bridge the gap between physics and biology, fostering a
quantitative understanding of biological functions.

2 | INTRODUCTION TO STOCHASTIC
THERMODYNAMICS

2.1 | Thermodynamics of stochastic
processes

Many biological processes, such as molecular motor
motion, transcription, and protein folding, can be
modeled as Markovian dynamics where thermal noise
triggers transitions between mesoscopic states [12–
15]. Stochastic thermodynamics offers a comprehen-
sive framework for describing the thermodynamics of
stochastic processes by establishing constraints on ki-
netics. Consequently, it enables precise definitions of
thermodynamic quantities, such as entropy production,
at both trajectory and ensemble levels [16–18]. This
framework further allows for the derivation of thermo-
dynamic constraints on various physical observables,
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illustrating how physical laws limit biological functions.
Here, we will introduce the basic framework of sto-
chastic thermodynamics and highlight several recent
advances in this field.

2.1.1 | Master equation

A discrete‐state stochastic process is governed by a
master equation that describes the time evolution of the
occupation probabilities of states:

d
dt
pðtÞ ¼WpðtÞ; ð1Þ

where p(t) = [p1(t), p2(t), …, pn(t)] represents the vector
of probability distribution across all states in the system
at time t. Here, W is the transition rate matrix, with its
element Wij indicating the transition rate from state j to
state i. The time evolution of the probability for state i
can be derived from the equation as follows:

d
dt

pi ¼
X

j≠i

Wijpj − Wjipi
� �

; ð2Þ

where Jij = Wijpj represents the probability current from
state j to state i, contributed by all transition events
along the edge eij from j to i. The net current from state j
to state i is Jij ¼ Jij − Jji. In the long time limit, the system
reaches a stationary state, denoted by pst, in which all
net currents are balanced, such that

P
j≠iJ

st
ij ¼ 0 for any

i or in matrix product form Wpst = 0. If all net currents
are zero, that is, J st

ij ¼ 0 for all pairs i, j, the steady state
is an equilibrium state.

The steady‐state probability distribution can be
derived using a graph‐theoretic approach, expressed
as follows:

pst
i ¼

P
T w T ið Þ

P
j
P
T w T j
� �; ð3Þ

where T i is a directed spanning tree rooted at state i,
and w T ið Þ is the weight of the directed tree T i, calcu-
lated as the product of the transition rates along the
edges of the tree. Figure 1 illustrates the spanning tree
representation of the steady‐state probability distribu-
tion for a 3‐state system.

This graph‐theoretic solution has been discovered
several times throughout history [19–21]. It circumvents
the direct computation of matrix inversions and facili-
tates theoretical analysis based on the graph‐theoretic
properties of the network. This analysis serves as a
foundational element for exploring the thermodynamics
of stochastic processes. Such explorations have led to
numerous results, including cycle‐decomposition of
entropy production [20], bounds on nonequilibrium

responses [11, 22], constraints on symmetry breaking
in biochemical system [23], and the development of the
spanning‐tree representation for first passage times
statistics in Markov chains [21, 24].

2.1.2 | Local detailed balance

For small systems, the principle of microscopic
reversibility mandates that for any transition, an asso-
ciated backward transition must exist. In a system
governed by the master equation, thermodynamics is
introduced on every pair of transition rates through the
LDB condition [18, 25],

Wij

Wji
¼ eΔSenv

ij =kB ; ð4Þ

where kB is the Boltzmann constant and ΔSenv
ij repre-

sents the entropy production into the environment for
the transition j → i. The entropy production into the
environment is determined by the energy exchange
between the system and its environment, incorporating
two contributions: the energy difference between the
two states, ej − ei, and the driving force Fij,

ΔSenv
ij ¼ ej − ei

� �
=T þ Fij ; ð5Þ

where T is the temperature of the environment. The
entropy production quantifies the irreversibility of a
transition—if the entropy production is positive (i.e. the
transition from state j to state i increases the entropy of
the environment), then Wij > Wji, indicating a preference
for the forward transition over the backward one. The
local thermodynamic definition of transition rates allows
us to assess whether a system is in or out of equilibrium
on a global level. One can calculate the nonequilibrium
driving force along a cycle c = [m0, m1, m2, …, mn, m0]
in the network,

Fc ¼ ln
Wm0;m1Wm1;m2…Wmn;m0

Wm1;m0Wm2;m1…Wm0;mn

� �

; ð6Þ

referred to as cycle affinity, or cyclic driving force. When
Fc ≠ 0, the time‐reversal symmetry is broken, indicating
the system is out of equilibrium—as traversing a cycle
results in nonzero entropy production. Conversely, if
Fc = 0 for all cycles in the network, known as Kolmo-
gorov’s criterion [26], the system is an equilibrium
system and preserves time‐reversal symmetry. The
equilibrium nature of a system allows the construction
of an energy landscape in which the entropy production
of a transition is solely determined by the energy dif-
ference between the initial and final states, that is,
ΔSenv

ij ¼ ej − ei
� �

=T . Consequently, the LDB condition
reduces to the detailed balance condition
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peq
i

peq
j

¼
Wij

Wji
¼ e−β ei−ejð Þ; ð7Þ

for any pair of states, where β = 1/(kBT) is the inverse
temperature. Detailed balance ensures the system can
relax to an equilibrium Boltzmann distribution,

peq
i ¼

e−βei

P
je

−βej
; ð8Þ

where the summation in the denominator is over all
states. With detailed balance, the graph‐theoretical
solution, Equation (3), can be reduced to the Boltz-
mann distribution.

2.1.3 | Entropy production rate

The LDB condition links the kinetics of a Markov pro-
cess with its thermodynamic properties. Beyond the
entropy production of individual transitions, it is possible
to define the entropy production rate (EPR) at the
ensemble level, which quantifies the average rate of
entropy production across the entire system. Denoting
the EPR as _Σ, it can be expressed as follows:

_Σtot¼ kB

X

i;j>i

Jij ln
Jij

Jji

¼ kB

X

i;j>i

Jij ln
Wij

Wji
|fflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflffl}

environment EPR; _Σenv

þ kB

X

i;j>i

Jij ln
pj

pi
|fflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflffl}
system EPR; _Σsys

:

ð9Þ

The total EPR, _Σtot, can be decomposed into the
environment EPR, _Σenv, and the system EPR, _Σsys.
Notably, the system EPR equals the time derivative of
the system’s Shannon entropy, _Σsys ¼

d
dt −kB

P
ipi lnpi

� �
.

At a nonequilibrium stationary state, the probability
distribution remains unchanged over time, resulting in
zero system EPR. The sign of Jij ¼ Jij − Jji always aligns
with that of ln(Jij /Jji), ensuring the non‐negative total
EPR. This property is consistent with the second law of
thermodynamics, which states that the total entropy of
an isolated system (here the system and environment
together constitute an isolated system) is a non‐
decreasing function.

2.2 | Stochastic trajectories and
fluctuation theorems

The master equation provides a deterministic descrip-
tion of the time evolution of probability distributions in a
Markov chain, obtained by averaging over the many
possible stochastic trajectories which are generated by
the transition rate matrix W. On the other hand, the
Markov chain itself models the random transitions be-
tween states, capturing the inherent fluctuations at the
level of individual trajectories. As depicted in Figure 2B,
a stochastic trajectory (and the time‐reversed trajectory
in Figure 2C) within a three‐state network provides a
visual representation of these concepts. Understanding
the thermodynamic properties of stochastic trajectories
and extracting information from them are central
problems in stochastic thermodynamics. To address
these challenges, we first introduce the probability of
a stochastic trajectory for a general discrete‐state sto-
chastic process. In the most general case, a system
can be subjected to external control, λt, leading to a
time‐dependent transition matrix, Wλ(t). A stochastic
trajectory is a sequence of states [γ0, γ1, …, γn] along
with the corresponding times of transition events [t0, t1,
t2, …, tn, tnþ1], where t0 = 0 and tnþ1 = τ denote the
initial and final times of the trajectory, respectively, and
each ti represents the time for the transition γi−1 → γi.
The probability of a trajectory can be written as follows:

F I GURE 1 Graph‐theoretic solution for Markov chain. (A) A three‐state Markov chain. (B) The graph‐theoretic solution of stationary state
probability.

4 of 19 - CAO and LIANG



Pγ ¼ p γ0; 0ð Þ∏
n

i¼1
W λ

γiγi−1
tið Þ∏

n

i¼0
e
R tiþ1

ti
W λ

γi γi
ðtÞdt

; ð10Þ

where p(γ0, 0) is the probability at state γ0 with the
initial distribution, W λ

γiγi−1
tið Þ is the probability of transition

γi−1 → γi at time ti, and e
R tiþ1

ti
Wγi γiðλðtÞÞdt

is the survival
probability on state γi between the in and out
transitions. Denoting the probability of the reversed tra-
jectory γ under time‐reversed protocol λðtÞ ¼ λ tnþ1 − tð Þ

asPγ, one can find that the ratio of these two probabilities
is determined by the total entropy production along the
trajectory [27].

Pγ

Pγ
¼ eΔStot

γ =kB ; ð11Þ

where,

ΔStot
γ ¼ kB ln

p γ0; 0ð Þ

p γn; τð Þ
þ kB ln

∏n
i¼1W λ

γiγi−1
tið Þ

∏n
i¼1W λ

γi−1γi
tið Þ
: ð12Þ

Equation (11) quantifies the irreversibility on trajec-
tory level, and can also be understood as a direct
consequence of LDB condition [25]. By integrating over
all trajectories with equal entropy production, we can
find the detailed fluctuation theorem [28].

P ΔStot
� �

P −ΔStot
� �¼ e

ΔStot
kB ; ð13Þ

which states that the probability of observation of en-
tropy production of an amount ΔStot is eΔStot

=kb more
likely than observing the same amount of negative
entropy production under a time‐reversal control pro-
tocol. This is one of the most fundamental relations in

stochastic thermodynamics. By averaging e−ΔStot
γ =kB

over all possible trajectories, one can obtain the inte-
grated fluctuation theorem,

D
e−

ΔStot
γ

kB

E

γ
¼

Z

γ
Pγe

−
ΔStot

γ
kB dγ ¼

Z

γ
Pγdγ ¼ 1: ð14Þ

The fluctuation theorem has been found several
times at the end of the last century [7, 8, 28]. Its
applicability extends beyond Markovian processes,
encompassing deterministic Hamiltonian systems [29]
and quantum systems [30]. For example, Jarzynski
equality as one of the very first integrated fluctuation
theorems [8] reveals a relation between work and free
energy change in a nonequilibrium process in which a
system is driven from an initial equilibrium distribution
pinit to a final equilibrium distribution pfin. The work done
to the system for different realizations varies due to
fluctuations, thus an exact relation between work and
free energy change cannot be established. However,
an equality exists for the average value based on the
fluctuation theorem. For such a process, the total en-
tropy production is ΔStot = (W − ΔF)/T, where W is the
work done on the system and ΔF = Ffin − Finit is the free
energy change of the system. Therefore, the detailed
fluctuation theorem, Equation (13), leads to Crooks
relation for work [28].

PðWÞ

Pð−WÞ
¼ eβðW−ΔFÞ; ð15Þ

where P(W) is the probability of applying an amount of
work W during a forward process, and Pð−WÞ is the
probability of applying an amount of work −W during a
time‐reversed process. Similarly, the integrated fluctua-
tion theorem, Equation (14), leads to the Jarzynski
equality [8],

F I GURE 2 Stochastic trajectories for a Markov chain. (A) A three‐state Markov chain. (B) A stochastic trajectory on the three‐state
network. The probability of a trajectory contains the contribution from transition events and the survival probability among the states along the
trajectory. (C) The time‐reversed trajectory.
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he−βW i ¼ e−βΔF : ð16Þ

By applying the Jensen’s inequality, e−βhWi ≤
he−βWi, the second law of thermodynamics is recovered
as follows:

ΔF ≤ hW i; ð17Þ

which means that the average work done on the sys-
tem, taken over all realizations of stochastic trajec-
tories, provides an upper bound for the change in free
energy. The equal sign is taken in the quasi‐static limit.
This inequality can be seen as a statistical‐level mani-
festation of the second law of thermodynamics.

On the basis of the fluctuation theorem and incor-
porating the concept of information by feedback control,
Sagawa and Ueda introduced a generalized version of
Jarzynski equality [31],

he−βðW−ΔFÞ−Iiγ ¼ 1; ð18Þ

where I is the mutual information introduced by feed-
back control.

2.3 | Thermodynamic uncertainty
relation

At the mesoscopic scale, physical observables are al-
ways subject to fluctuation due to thermal noise. The
relation between fluctuations and dissipation is a core
focus of stochastic thermodynamics, and the cost of
suppressing fluctuation is the central problem of the
study of the thermodynamics of biochemical systems. In
2015, Barato and Seifert proposed a universal thermo-
dynamic bound on the fluctuation of stochastic currents
[10]. In their work, they studied a biased random walk (a
random walk where the probabilities of moving in
different directions are not equal) in one dimension to
introduce the uncertainty relation of currents. In such a
system, the forward and backward transition rates are kþ
and k−, respectively, which generate stochastic trajec-
tories as shown in Figure 3. Starting from the origin, the
mean and variance of the position of the random walker
at time τ are Var[Xτ] = 2Dτ = (kþ þ k−)τ and
hXτi = vτ = (kþ − k−)τ, respectively. The biased nature of
random walk is associated with a cost of entropy pro-
duction according to the LDB condition Equation (4), as
ΔS = kB ln(kþ/k−) per step. The total entropy production
after time τ is Στ = hXτiΔS. Combining these expressions
one can find a relation between dissipation and precision
as follows:

Var Xτ½ �

hXτi
2 ¼

ΔS= 2kBð Þ

tanh ΔS= 2kBð Þ½ �

2kB

Στ
≥

2kB

Στ
: ð19Þ

It can also be formulated in terms of velocity, diffu-
sion coefficient, and EPR as follows:

D
v2 ≥

kB

_Σ
; ð20Þ

where _Σ¼ vΔS is the EPR.
Although TUR was originally obtained from specific

models, it was conjectured to hold for more general
stochastic currents in stochastic process, and had later
been proven using the large deviation theory in Markov
jump processes [32], martingale theory in continuous
stochastic process [33], Cramér–Rao bound for multi‐
dimensional currents [34, 35] and many other ap-
proaches [36–38]. The general form reads as follows:

Var Jτ½ �

hJτi
2 ≥

2kB

Στ
; ð21Þ

which sets a trade‐off relation between the uncertainty
of currents and entropy production. This means that
achieving higher precision in a current generally re-
quires a greater dissipation. However, it is worth noting
that TUR can be broken in underdamped systems, as
illustrated with an example of an underdamped clock
[39]. Thus, the validity of TUR is established within the
overdamped regime, contingent upon a number of
additional assumptions [40]. The extension of TUR
beyond the overdamped limit needs to incorporate
additional treatments [41–44].

In addition to TUR, which set a bound on the pre-
cision of currents, physicists also focused on the ac-
curacy of clocks in noisy environments, which is directly
relevant to the energy cost of maintaining the accuracy
of biochemical clocks in living systems [45–48].

2.4 | Response around nonequilibrium
steady states

A prominent feature of biological systems is their
response to the external environment, which is crucial
for different biological functions such as sensing, in-
formation processing, and copying processes [49–51].

F I GURE 3 Stochastic trajectories of a biased random walk.

6 of 19 - CAO and LIANG



In equilibrium systems, the probability distribution is
given by Boltzmann distribution, which does not contain
any kinetics of transition rates, and the response
function of a physical observable is related to equilib-
rium fluctuation by FDT [52]. However, when a system
is out of equilibrium, the steady‐state distribution de-
pends not only on the energies of states but also on the
kinetics of the transitions, and the FDT can be violated
[53, 54].

How do nonequilibrium steady states respond to
external perturbations, and what are the constraints
imposed by thermodynamics? Recently, a series of
works have focused on the general characteristics of
nonequilibrium responses, revealing relationships be-
tween response sensitivity and factors such as
nonequilibrium driving forces, system size, and network
topology [11, 22, 55].

The basic idea of these works is to consider the
response of the Markov chain around the nonequilib-
rium steady state, which is determined by the transition
rate matrix, Wpst = 0. The perturbations are classified
into three types with a general expression for the tran-
sition rates as follows:

Wij ¼ e−Fij−BijþEj ; ð22Þ

where Fij = −Fji is the edge asymmetric parameter, Bij is
the edge symmetric parameter and Ej is the vertex
parameter. By expressing the steady‐state probability
using spanning trees, as given in Equation (3), and
employing non‐trivial graph‐theoretic manipulations,
Owen et al. found universal bounds on different types of
perturbations [11]. For example, in the case of edge‐
symmetric perturbation, the upper bound of sensitivity
is dictated by the nonequilibrium driving force

∂pst
i

∂Bmn

�
�
�
�

�
�
�
� ≤ pst

i 1 − pst
i

� �
tanh Fmax

c =4
� �

; ð23Þ

∂ ln pst
i =p

st
j

� �

∂Bmn

�
�
�
�
�
�

�
�
�
�
�
�

≤ tanh Fmax
c =4

� �
ð24Þ

where Fmax
c is maximized over all cycles containing the

edge emn. When detailed balance holds, all cycle af-
finities vanish, rendering the equilibrium system unable
to respond to any edge‐symmetry perturbation (i.e.,
rescaling a pair of forward and backward rates by the
same amount leaves the equilibrium distribution un-
changed). This distinction is crucial in differentiating
between equilibrium and nonequilibrium systems.

These general response relations can be applied to
biological sensing, among other applications. They
effectively describe the response of signaling systems,
a topic we will discuss in more detail in Section 3.2. In
later work, Owen and Horowitz further investigated how

the size of a kinetic scheme inherently limits response
sensitivity, revealing that even nonequilibrium condi-
tions cannot bypass structural constraints on the
effectiveness of biochemical sensitivity mechanisms
[22]. More recently, Aslyamov and Esposito provided
an alternative derivation of the bounds on response
based on simple linear algebra and further obtained
bounds on nonequilibrium currents responses [56].

2.5 | Thermodynamic bounds on
spatiotemporal symmetry breaking

Stochastic systems deviate from the equilibrium Boltz-
mann distribution when the detailed balance is broken.
Importantly, this deviation serves as a foundation for
spatiotemporal symmetry‐breaking in biological sys-
tems such as error correction, pattern formation (e.g., in
reaction‐diffusion systems), cross‐membrane transport,
and the synchronization of biological clocks [45, 57–
60]. The emergence of such symmetry breaking is
closely linked to nonequilibrium driving, which leads to
the probability distribution capable of varying in a
certain range.

Moreover, a critical difference between equilibrium
and nonequilibrium systems lies in their response to
external perturbations as discussed in Section 2.4,
where a feasible range of steady‐state distribution is
essential to allow the response to perturbations on ki-
netic parameters, unlike at thermodynamic equilibrium,
where the steady‐state distribution solely depends on
the energies of states and remains unresponsive to
kinetic perturbations.

To elucidate the nonequilibrium characteristics of
the range, we apply a fundamental inequality, ∑iyi/
∑ixi ≤ maxi(yi/xi), ∀xi > 0, to the spanning tree steady‐
state solution in Equation (3), thereby obtaining the
bound on the possible ratio of two steady‐state proba-
bilities [61].

pst
i

pst
j

¼

P
T w T ið Þ

P
T w T j
� � ≤ max

T

w T ið Þ

w T j
� � ¼ eΔSenv; max

j→i =kB ð25Þ

where ΔSenv; max
j→i is the entropy production into the

environment maximized over all paths from state j to
state i in the network. Similarly, the lower bound can be
found by minimization and together give the feasible
range of steady‐state probability ratio,

eΔSenv; min
j→i =kB ≤

pst
i

pst
j

≤ eΔSenv; max
j→i =kB ; ð26Þ

This bound can be further generalized to the ratio of
two groups of states, and the case with nonlinear cat-
alytic reaction [23]. Applying it to biological systems
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leads to the thermodynamic constraints on the accu-
racy of information processing in biochemical networks,
the affinity of chaperone proteins, and the contrast of
reaction–diffusion patterns [23, 62–64].

Furthermore, a recent research study [65] has pro-
vided a more general form for the temporal symmetry
breaking, which is expressed in terms of propagator
between two states, that is, the conditional probability
from state i to state j after a lag time t, Pi|j(t), and the
reversed one,

eΔSenv; min
j→i =kB ≤

PijjðtÞ
PjjiðtÞ

≤ eΔSenv; max
j→i =kB ; ð27Þ

which has the same range as Equation (26) but remains
more general as it is not limited to steady states and
can be reduced to the Equation (26) in the long time
limit as Pijjð∞Þ ¼ pst

i . The bound on propagators can
further lead to a bound on the asymmetry of cross‐
correlations [65]. This, along with other recent
results on cross‐correlations [66–69], allows for
the inference of nonequilibrium properties from time‐
reversal asymmetry measured through cross‐
correlation in biochemical systems [70, 71].

2.6 | Thermodynamics of CRNs

Chemical reaction networks (CRNs) constitute the
foundation of biological processes, playing a crucial role
in the emergence of complex phenomena. At thermo-
dynamic equilibrium, a CRN is detailed‐balanced,
resulting in a unique and well‐described equilibrium state
governed by equilibrium thermodynamics. Understand-
ing the dynamics of out‐of‐equilibrium CRNs, which
exhibit rich spatiotemporal behaviors such as multi‐
stability and chaos, remains challenging due to their
nonlinear nature [72, 73]. Recent advances in nonequi-
librium and stochastic thermodynamics provide pivotal
insights into studying the thermodynamic properties of
out‐of‐equilibrium CRNs at both stochastic and deter-
ministic levels [74–76]. The introduction of LDB condi-
tions enables the definition of mass‐action kinetics in a
thermodynamically consistent way, allowing for the
quantification of dissipation in out‐of‐equilibrium
CRNs [77].

A CRN involves a set of reactions between different
chemical species, each occurring in both forward and
backward directions. Methods developed for stochastic
Markov processes, such as LDB, can also be intro-
duced to characterize the thermodynamic properties of
CRNs [78]. A general CRN is defined as a set of
reactions.

ð28Þ

where ρ is the index of reaction, νσ;ρ and κσ;ρ are the
number of chemical species Xσ involved in the forward
and backward reactions, respectively. We can define a
stoichiometric matrix S to describe the reactions, whose
element Sσ,ρ denotes the change in the number of
species Xσ in the reaction ρ, defined as follows:

Sσ;ρ ¼ κσ;ρ − νσ;ρ: ð29Þ

The reactive semi‐flux of mass‐action kinetics is
given as Jþρ ¼ kþρ ∏σ Xσ½ �

νσ;ρ and J−
ρ ¼ k−

ρ ∏σ Xσ½ �
κσ;ρ , which

combine to give the net flux of reaction ρ, Jρ ¼ Jþρ − J−
ρ .

The time evolution of the concentrations is given by the
continuity equation as follows:

d½X�
dt
¼ SJ; ð30Þ

where [X] represents the vector of concentrations and J
represents the vector of net fluxes. The thermodynamic
structure is introduced through the LDB condition [76].

Jþρ
J−

ρ
¼ e−ΔGρ=kBT ; ð31Þ

where ΔGρ = ∑σSσ,ρ(μσ − kBT ln[Xσ]) is the Gibbs free
energy change of the reaction ρ, and μσ is the standard
chemical potential of species Xσ. The entropy produc-
tion of a chemical reaction system can be written as the
sum of net fluxes multiplied by the corresponding free
energy changes as follows:

_Σtot ¼ R
X

ρ
Jρ ln

Jþρ
J−

ρ
: ð32Þ

Decomposing dissipation into housekeeping en-
tropy production and excess entropy production for
complex‐balanced networks enables the differentiation
of the two distinct nonequilibrium sources: the breaking
of detailed balance and the process of relaxation [73,
75]. Recent work further refines this decomposition for
general nonlinear CRNs [79].

Various mathematical tools have been introduced to
study the properties of CRNs. Hessian geometry es-
tablishes a Legendre duality between forces and
reactive fluxes [80]. Information geometry can reveal
the speed limit for the changing rate of the Gibbs free
energy [81]. Graph‐theoretic approaches have been
employed to identify the thermodynamic bounds on
nonequilibrium CRNs, including CRNs’ responses to
external perturbations [11, 22, 55, 82], and the acces-
sible chemical space expanded by nonequilibrium
driving force [23]. Another avenue involves simplifying
complex CRNs through different thermodynamically
consistent coarse‐grained approaches, including circuit
theory [83] and renormalization group theory [84, 85].
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Beyond well‐mixed systems, out‐of‐equilibrium
CRN systems with spatial diffusion can exhibit spatio-
temporal symmetry breaking such as Turing patterns
and chemical waves which are dissipative structures
maintained with thermodynamic costs [58, 86]. The
development of the phase space geometry approach
captures the model‐free properties of mass‐conserving
reaction‐diffusion systems [87]. Additionally, recent
research has highlighted the role of network topology
on Turing pattern formation [88]. Furthermore, chemical
reactions in growing systems show the thermodynamic
criteria for growth, playing a crucial role in the devel-
opment of protocells [89].

Despite most studies focusing on an ideal CRN
where the dilute approximation excludes molecule in-
teractions, recent research has shifted to the study of
nonideal chemical reaction systems, prompted by the
discovery of the intracellular condensates [90]. It has
been shown that physical interactions can promote
spatiotemporal symmetry breaking in reaction–diffusion
systems [91, 92], and nonequilibrium chemical re-
actions can also alter the properties of phase‐separated
droplets to achieve effects such as size control, self‐
propulsion, and division [93–95]. Recent efforts have
been made to understand different ways to trigger the
multi‐stability of non‐ideal chemical reaction systems
[96, 97].

3 | APPLICATIONS TO BIOLOGICAL
FUNCTIONS

3.1 | Fluctuations in molecular
machines and intracellular transportation

Stochastic thermodynamics has its origins in the
investigation of nanoscale biological machines, spe-
cifically motor proteins that transform free energy into
mechanical work. These molecular motors—a diverse
group of proteins and protein complexes—play crucial
roles in myriad biological processes. Based on their
working mechanisms, molecular motors can be clas-
sified into four categories: linear motors (e.g., kinesin,
dynein, and myosin) that move along directed or un-
directed tracks; rotary motors (e.g., bacterial flagellar
motors and ATPases); polymerization motors (e.g.,
actin and microtubules) that generate force through
polymerization; and translocation motors (e.g., DNA
packaging motors in bacteriophages) that transport
polymers. Brownian ratchet models have been exten-
sively used to study these nanomachines since their
popularization by Feynman decades ago [98].

Linear motors, as depicted in Figure 4A, exemplify
the class of biological machines that convert chemical
free energy, such as the energy released from adeno-
sine triphosphate (ATP) hydrolysis, into mechanical
work against opposing forces. These motors exhibit a

back‐and‐forth motion on a discrete track due to ther-
mal fluctuations. The motor transitions between steps
following a specific rate equation, ensuring LDB.

kþ
k−
¼ e−ðΔG−f aÞ=kBT ; ð33Þ

where ΔG is the chemical free energy consumed per
step, for example, free energy from ATP hydrolysis, and
fa is the work done by the motor during a step distance
a. At steady‐state, the motion exhibits a biased random
walk characterized by a mean velocity v = a(kþ − k−)
and diffusion coefficient D = a2(kþ þ k−)/2. Interest-
ingly, TUR establishes a constraint on the motor’s effi-
ciency η, defined as the ratio of work done to the free
energy consumed. This constraint, derived in Ref.
[100], applies to any linear motor irrespective of its
specific mechanochemical details and is expressed by
the following inequality:

η¼
f a

ΔG
¼

f a
faþ ðΔG − f aÞ

≤
1

1þ vkBT=Df
; ð34Þ

where we have used the TUR D/v2 ≥ kBT/(ΔG − fa).
This result highlights that the efficiency of a linear motor
is inherently limited by both its thermodynamic proper-
ties and its kinetic parameters. Notably, the efficiency
bound is independent of the specific motor’s details,
making it a universal constraint for linear motors. For
rotary motors, such as the bacterial flagellar motor,
which operates in viscous environments, a different
efficiency metric, known as Stokes efficiency, is
employed. This concept and detailed mechanisms of
rotary motor efficiency are discussed in Ref. [101].

Similar to linear and rotary motors, the behavior of
molecular clocks, such as the Kai system in cyano-
bacteria, can be described as a biased random walk on
a ring (Figure 4B). In this case, the position on the track
represents the phase of the oscillator. In Ref. [45], the
authors demonstrated that, for a broad range of
biochemical oscillators, the phase diffusion (analogous
to the diffusion coefficient in motor models) exhibits an
inverse relationship with the free energy consumed per
cycle:

D�
W0

ΔW − Wc
; ð35Þ

where D is the phase diffusion coefficient, ΔW repre-
sents the dissipation per period, W0 and Wc are con-
stants. Notably, this relationship aligns with the TUR,
which states that D=v2 ≥ kBT= _Wss, where v is the mean
velocity of the random walk and _Wss denotes the
steady‐state free energy dissipation rate [102]. This
connection between the TUR and biological clocks has
been further explored in subsequent studies [46, 48].
Consequently, the TUR imposes a fundamental limit on
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the coherence, or precision, of molecular clocks,
directly linking their performance to their free energy
consumption.

In contrast to the linear relationship between
displacement variance and time observed in normal
diffusion processes σ2

x � t
� �

, cellular environments
such as actin networks often exhibit anomalous diffu-
sion, where the variance grows with time according to a
power law:

σ2
x ≈ Katα: ð36Þ

Here, Ka is the generalized diffusion coefficient, and
the exponent α determines the anomalous nature of the
process (α > 1 for superdiffusion, α < 1 for
subdiffusion).

If this anomalous diffusion is driven by free energy
consumption and reaches a steady state, the TUR im-
poses a fundamental restriction, establishing a linear
lower bound for the variance:

σ2
x ≥ 2kBTv2t= _Wss ¼ Ct;

where v denotes the mean velocity, _Wss represents the
steady‐state free energy dissipation rate, and C is a
constant. Compare Equation (36) with the TUR bound,
a critical time scale t* emerges [99]:

t∗ ≈
Ka

C

� �1=ð1−αÞ

: ð37Þ

This critical time scale governs the occurrence of
different anomalous regimes. As depicted in Figure 4C,
the TUR bound restricts the system to the region above
the line, prohibiting subdiffusion for times exceeding t*
and superdiffusion for times shorter than t*. Conse-
quently, the TUR establishes a fundamental limit on the

time scale for which anomalous kinetics can manifest in
finite systems.

Biological systems extensively utilize transport pro-
cesses fueled by chemical energy, a defining feature of
life. While stochastic thermodynamics establishes
lower bounds for the efficiency of many biological pro-
cesses, understanding how real systems approach
these theoretical limits remains a major challenge in its
application. This gap highlights the need for bridging
the knowledge gap between theoretical constraints and
the intricate working mechanism of biological systems.
Recent advancements in structural biology, particularly
the Cryo‐EM technique, have revolutionized our un-
derstanding of biological nanomachines at unprece-
dented molecular detail. For instance, detailed
structural analyses of the flagellar motor [103–105]
have shed light on its torque generation and rotational
switching mechanisms. Notably, these novel insights
have paved the way for the development of new models
[106] that provide more realistic constraints on the
performance of biological nanomachines.

3.2 | Proofreading and error correction

Maintaining high fidelity during information transfer
processes is critical for proper biological function. Ex-
amples of such processes include DNA replication,
which safeguards genetic stability by precisely copying
genetic information; the central dogma of molecular
biology, encompassing transcription and translation;
and receptor‐ligand binding events, such as those
involved in the immune response, where specific
recognition is crucial. Thermal fluctuations, however,
can introduce errors in these processes leading to
“wrong matches” (e.g., mismatched base pairs in DNA
replication). As depicted in Figure 5A, in a typical copy
process, the error rate η can be quantified as the ratio of

F I GURE 4 Fluctuations in molecular machines and transportation. (A) A linear motor (red) transporting cargo (brown) along a track. (B) A
molecular clock modeled as a biased random walk on a ring. (C) Subdiffusion and superdiffusion with contractions imposed by TUR.
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the number of wrong matches Nw to the number of right
matches Nr

η¼
Nw

Nr
: ð38Þ

Equilibrium thermodynamics dictates that Nr and Nw

can be given by the Boltzmann distribution, where
Nr, w ~ exp(−Er,w/kbT) and Er,w represent the free en-
ergies of the right and wrong matches, respectively.
Consequently, the equilibrium error rate becomes,

ηeq � e− Ew−Erð Þ=kBT :

Based on this framework, the free energy difference
Δ = (Ew − Er)/kBT between wrong and right matches
would theoretically yield error rates of 10−4 for DNA
replication and 10−2 for protein synthesis, significantly
higher than the observed values in biological systems
[107, 108].

Kinetic proofreading, introduced independently by
John Hopfield [12] and Jacques Ninio [109] around
four decades ago, offers a compelling explanation for
the high fidelity observed in biological processes, such
as replication, transcription, and translation. This
mechanism hinges on the incorporation of an addi-
tional, irreversible step within the process. This step
amplifies the free energy difference between correct
and incorrect matches at the expense of free energy
consumption.

As depicted in Figure 5B, kinetic proofreading
operates in the regime where nonequilibrium processes
dominate. Two reaction pathways lead to the final
products (PR and PW). Crucially, most intermediate
complexes (ES) return to the initial state (Eþ S) instead
of proceeding to the final product. This “kinetic filtering”
step, fueled by excess free energy, creates a loop that
discriminates between right and wrong matches
through an additional proofreading process.

Consequently, the error rate η, originally defined in
Equation (38), can be significantly reduced due to this
additional step, reaching a theoretical limit of η = e−2Δ.

Further refinements incorporating multiple, cascading
proofreading steps, as explored in Refs. [63, 110] (see
Ref. [111] for a detailed review) and generalized in Ref.
[22], suggest an even lower error limit

η� e−ðnþ1ÞΔ;

where n represents the number of proofreading steps.
Importantly, studies by Refs. [57, 63] have estab-

lished a thermodynamic bound on the achievable error
rate:

η ≥ ηeq exp −
ΔWp þ ΔF

T

� �

: ð39Þ

This inequality holds true regardless of the specific
proofreading mechanism employed. Here ΔWp denotes
the work dissipated during error correction, and
ΔF ¼ −kBT log e−Er=kBT þ e−Ew=kBT

� �
represents the

average free energy per added monomer at
equilibrium.

However, the cyclic proofreading mechanism suffers
from a critical limitation: as the system approaches the
error limit, the time required to produce a correct product
diverges due to the predominance of the cyclical
pathway. Over the past decade, researchers have
identified additional regimes within the error correction
machinery.

Murugan et al. [110, 112] discovered a kinetic
regime that exponentially speeds up the process at the
expense of a less optimal error rate. This finding un-
derscores the existence of an inherent trade‐off be-
tween accuracy, speed, and energy dissipation within
kinetic proofreading networks.

Furthermore, studies by Sartori et al. [49, 57] and
Rao et al. [113] revealed that the effectiveness of error
correction hinges on the network’s structural topology.
Depending on the specific network structure and ki-
netics, the copy machine can operate in one of three
regimes: error correction, error amplification, or a

F I GURE 5 Schemes of proofreading. (A) A template‐replication mechanism depicting correct (blue) and incorrect (green) matches during
the replication process. (B) A one‐step kinetic proofreading scheme illustrating the production of correct products (PR) and incorrect products
(PW). Reactions labeled with a discrimination factor eΔ highlight the selectivity process.
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Maxwell demon (extracting work from error correction).
Crucially, all three regimes adhere to the following first‐
law‐like relation:

TΔStot ¼ ΔW − ΔF þ D η
�
�ηeq

� �
≥ 0: ð40Þ

Here ΔStot represents the total entropy production,
ΔW denotes the total work performed, and D(η‖ηeq) = η
log(η/ηeq) þ (1 − η) log[(1 − η)/(1 − ηeq)] is the Kullback–
Leibler divergence, quantifying the difference between
the equilibrium and nonequilibrium error distributions.
This unifying result allows for the analysis of error
correction processes within any complex reaction
network.

Applying Equation (39) to estimate the error rate of a
copy process consuming one Guanosine triphosphate
(GTP) molecule, such as DNA replication, yields a
value significantly lower than observed in experiments
[57]. This observation suggests either (a) the thermo-
dynamic bound is too lenient for DNA replication or (b)
not all the free energy released from GTP hydrolysis is
utilized for error correction. Several studies [22, 112]
have further demonstrated that the effectiveness of
proofreading depends heavily on the underlying reac-
tion network’s structure (topology). Unraveling how
network topology shapes the capabilities of kinetic
proofreading and identifying design principles for
achieving high fidelity in biological systems remain
open questions.

3.3 | Sensitivity, adaptation and
accuracy in biological sensing

Living cells exhibit remarkable sensitivity, responding to
incredibly subtle environmental perturbations. For
instance, chemotactic bacteria can detect chemical

attractants at concentrations where only a few mole-
cules are present [114]. Similarly, eukaryotic cells can
sense differences as small as 10 molecules between
their front and rear [115]. Within signal transduction
cascades, minor changes in input signals can trigger
ultrasensitive activation of downstream outputs [116,
117]. Furthermore, measurements in the gene regula-
tory networks driving early development in Drosophila
embryos indicate that positional information is encoded
with near‐optimal efficiency, approaching the theoret-
ical limit imposed by the number of available regulatory
proteins [118, 119].

As illustrated in Figure 6A, the sensing process can
be modeled as a series of biochemical reactions
involving the ligand, its binding receptor, a downstream
processing network controlled by the receptor, and a
readout molecule that reflects the ligand signal. The
input signal is represented by the ligand concentration
[L], while the output is the readout molecule concen-
tration [X]. The relationship between input and output is
captured by a function [X] = f([L]).

Three key characteristics define a sensory system:
sensitivity, accuracy, and detection range. Sensitivity
measures the responsiveness of the system to changes
in input, quantified as follows:

S ¼
d log f ðcÞ

d log c
: ð41Þ

where c represents the ligand concentration. A classic
example, the sigmoidal Hill function

f ðcÞ ¼
cn

cn þ Kn ð42Þ

yields a sensitivity of S = n[1 − f(c)]. To explain the
remarkable sensitivity observed in biological systems,
various mechanisms have been proposed, which can

F I GURE 6 Sensitivity in nonequilibrium biological sensing. (A) Schematic representation of a general sensing network. (B) The
phosphorylation‐dephosphorylation cycle responding to kinase concentration. (C) Top: biochemical reaction network representing equilibrium
cooperative binding. Green dots depict the support states influenced by ligand concentration. Bottom: nonequilibrium cooperative binding.
Detailed balance is broken in the vertical transitions.
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be broadly categorized into equilibrium and nonequi-
librium strategies.

Several equilibrium mechanisms have been pro-
posed to explain biological sensitivity, including the
Monod–Wyman–Changeux (MWC) allosteric model
[120] and Ising‐type models [121] (see Ref. [122] for a
comprehensive review). These mechanisms rely on the
cooperativity between receptors. The concept of allo-
steric cooperativity was initially introduced by Hill to
explain the sigmoidal oxygen‐binding curve of hemo-
globin [123]. In the MWC model, a group of n tightly
coupled receptors functions as a single unit—they are
either all activated or all inactive. This collective
behavior amplifies the free energy required for receptor
cluster activation by a factor of n, potentially leading to a
response curve like that described in Equation (42).
The MWC model can be viewed as a specific Ising‐type
model with an infinitely strong coupling within the re-
ceptor subcluster.

The MWC model can be extended to nonequilibrium
regimes to achieve even higher sensitivity than its
equilibrium counterpart [22, 50]. This mechanism has
been used to explain the high sensitivity (effective Hill
coefficient ≈ 21) observed in the response of the
Escherichia coli flagellar motor rotation direction
(clockwise or counterclockwise) to intracellular CheY‐P
concentration [124, 125]. However, many biological
systems, such as the mitogen‐activated protein kinase
pathway [126] and G‐protein coupled receptors, exhibit
ultrasensitivity despite lacking evidence of receptor
cooperativity.

In these cases, the biochemical reactions can be
modeled as a phosphorylation–dephosphorylation
(PdP) cycle, as illustrated in Figure 6B. This cycle com-
prises two enzymatic reactions catalyzed by a kinase
and a phosphatase, with rates given by k�1,�2,�3,�4.
Notably, the dephosphorylation reaction is not the
reverse of the phosphorylation reaction; instead, both
reactions proceed with their own reverse reactions, as
depicted in the figure. Each complete PdP cycle dissi-
pates free energy, quantified by the following equation:

Δμ¼ kBT ln
k1k2k3k4

k−1k−2k−3k−4
¼ kBT ln γ: ð43Þ

Goldbeter and Koshland [116] were the first to
demonstrate that PdP cycles can exhibit ultrasensitivity
when the kinase and phosphatase reactions operate in
the saturation regime (zeroth‐order kinetics). This cor-
responds to conditions where the Michaelis constants
(K1 and K2) are significantly smaller than the total
enzyme concentration (ET). Several studies, including
[11, 74, 78, 127, 128], have highlighted the role of free
energy dissipation Δμ in enhancing sensitivity. Notably,
Owen et al. [11] rigorously proved that the sensitivity of
any nonequilibrium‐sensing network is bounded by the

maximum affinity within its cycles. Applying this finding
to the PdP cycle yields the following inequality:

S ¼
∂ lnð½Ep�=½E�Þ

∂ ln½K�
≤ tanh Δμ=4kBTð Þ: ð44Þ

Here, [Ep] denotes the concentration of the phos-
phorylated enzyme, [K] represents the kinase concen-
tration. This bound holds true for any network where the
phosphorylated species (Ep) is formed through any
number of intermediate complexes with arbitrary reac-
tion rates. The upper bound in Equation (44) is a
function of free energy dissipation and reduces to zero
when Δμ = 0, which indicates detailed balance must be
broken to allow a nonzero response.

At thermodynamic equilibrium, cooperative binding
serves as the fundamental mechanism for sensitivity.
The number of binding sites inherently imposes an
upper limit on the effective Hill coefficient. This notion
was extended by Owen et al. [22] to encompass any
nonequilibrium kinetic sensing scheme. They estab-
lished that the size of the support (m), a structural
property of the sensing network, invariably restricts the
effective Hill coefficient according to the following
inequality:

S ≤ m: ð45Þ

This principle is the support bound for kinetic
schemes. The support encompasses states whose exit
rates are directly influenced by the signal. In the context
of cooperative binding at equilibrium, the support size
simply corresponds to the number of binding sites. For
nonequilibrium cooperative binding, the support size
represents the number of states that can be regulated
by the ligand, potentially doubling the effective Hill co-
efficient for the scheme depicted in Figure 6C. This
limitation applies not only to chemical sensing but also
to gene regulatory networks, as demonstrated in Refs.
[129–131]. Interestingly, it has been proposed that en-
ergy expenditure can enable Hill coefficients exceeding
n, even with only n transcriptional factor binding sites.
This concept could potentially explain the remarkable
sharpness observed in gene regulation during
Drosophila development [119].

A fundamental trade‐off exists between sensitivity
and detection range in sensory systems with a fixed
number of receptors (N). If the cell relies solely on
counting occupied receptors, the maximum number of
distinguishable outputs is limited by N. Consequently,
highly sensitive receptors can amplify small changes in
ligand concentration but exhaust their detection range
in the process. Adaptation mechanisms address this
limitation by shifting the input–output curve based on
the background signal, allowing them to maintain both
high sensitivity and a broad detection range. However,
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this adaptation comes at an energy cost. Several
studies [132–134] have established a quantitative
relationship between energy expenditure (ΔW), adap-
tation speed (ω), and the accuracy of adaptation
(quantified by the adaptation error, e):

_W ≈ c0ω� ln
e0

e

� �
: ð46Þ

Here, c0 and e0 are constants. This equation high-
lights the inherent trade‐off: achieving faster adaptation
or higher accuracy requires a higher energy expendi-
ture. A more detailed review on this topic can be found
in Ref. [135].

Due to the inherent stochasticity of the chemical
sensing process, cells face an irreducible level of un-
certainty when inferring the environmental signal. Given
an input–output function f(c) representing the relation-
ship between ligand concentration (c) and the readout
molecule concentration (X ), the fractional error in esti-
mating the ligand concentration can be calculated using
the rule of error propagation:

δc
c

� �2

¼
σ2

X

c2ðdf=dcÞ2
¼

σ2
X

f 2S2: ð47Þ

Here, σ2
X represents the variance associated with

the receptor or the readout, and S denotes the system’s
sensitivity. Burg and Purcell suggested that cells can
reduce sensing errors by increasing the number of
measurements [136]. This can be achieved either by
employing more receptors or by taking more mea-
surements per receptor (effectively, time averaging). In
the latter case, the error scales as T/(RTτr), where T is
the total measurement time, τr is the measurement time
per receptor, and RT is the total receptor number.

Recent studies have revisited the Burg–Purcell limit
[137–139]. For a comprehensive review, see Ref. [51].
Notably, from a nonequilibrium sensing perspective,
since the sensing error is inherently linked to sensitivity
(as shown in Equation (47)), any mechanism enhancing
sensitivity can potentially improve accuracy beyond the
equilibrium Burg–Purcell limit [140, 141]. Interestingly,
both energetics (Equation 44) and network structure
(Equation 45) impose limitations on sensitivity. Conse-
quently, there exists a lower bound for the error:

δc
c

� �2

≥ max
4T

RT τr
;

4
XT
;
4kBT

Δμ

� �

: ð48Þ

This relationship was first established in Ref. [142].
The three individual limits cannot be compensated by
each other. To achieve optimal accuracy, cells need to
strategically allocate their sensing resources, ensuring
that all three limits become equal, thereby minimizing
resource waste [142].

While concentration sensing serves as a well‐
studied example of stochasticity in cellular systems,
other vital signals beyond simple concentration levels
are crucial for cellular function. For instance, eukary-
otic cells employ membrane receptors to measure
concentration gradients and guide chemotaxis. A
crucial question remains: can nonequilibrium effects
enhance the sensitivity of gradient sensing? Similarly,
circadian clocks exhibit phase response sensitivity,
which has been shown to be bounded by energy
dissipation [143]. However, translating this bound
within the framework of stochastic thermodynamics is
an open question.

On the other hand, achieving extremely high
sensitivity seems to necessitate a large timescale
separation within the sensory system, as demonstrated
by Owen et al. [22] and observed in the kinetic proof-
reading scheme. This suggests a sensitivity‐speed
trade‐off in nonequilibrium sensory systems. Unveiling
how living systems achieve a balance between these
two crucial aspects continues to be a compelling area of
research, holding significant implications for both
theoretical and experimental endeavors.

3.4 | Collective behaviors and
nonequilibrium phase transitions

A central theme in the field of active matter is the
emergence of collective behavior from interacting
energy‐consuming components. These active agents,
such as the self‐propelled particles in the Vicsek model
[144] and the self‐sustained oscillators in the Kuramoto
model [145], operate in a nonequilibrium state and
require energy input. Since collective behaviors
generate order at the population (ensemble) level, it is
intuitive to expect that additional free energy expendi-
ture is necessary to achieve alignment of all active
agents. While the specific energetic cost of alignment
might vary due to the nonequilibrium nature of the dy-
namics, recent studies suggest a degree of generality in
this phenomenon.

In Herpich et al.’s study [146], a thermodynami-
cally consistent model of driven interacting three‐state
units was used to investigate oscillation synchroniza-
tion. The authors observed a Hopf bifurcation to a
limit cycle, indicating synchronization at the mean‐field
level. By employing stochastic thermodynamics, they
discovered that the disordered state exhibits higher
dissipation compared to the ordered state. Similarly,
Yu et al. [147] studied the active Ising model and
revealed the emergence of an additional energy
requirement for spin alignment alongside the energy
needed for driving motion. Interestingly, they observed
a peak in dissipation at the flocking transition onset,
followed by lower dissipation in the ordered flocking
state.

14 of 19 - CAO and LIANG



Building upon the concept of noise molecular clocks
(introduced in subsection 3.1), Zhang et al. [148]
investigated another model for synchronizing a group of
such clocks. While maintaining coherence within indi-
vidual clocks requires energy expenditure, it is insuffi-
cient for generating collective oscillation. Significant
fluctuations in the underlying chemical reactions rapidly
lead to individual clock desynchronization, and macro-
scopic oscillation ceases. To address this challenge,
the authors introduced a phase‐exchange mechanism
inspired by the Kai system, the cyanobacterial circadian
clock [149]. This mechanism, analogous to the mono-
mer shuffling observed in the Kai system, couples in-
dividual oscillators. Interestingly, synchronous
oscillation emerges only when both the interaction
strength and frequency exceed a critical value, unique
for nonequilibrium phase transition. Notably, this tran-
sition requires an excess free energy expenditure,
enabling the global synchronization of the oscillators.
Furthermore, this relationship between synchronized
oscillation and energy dissipation offers a potential
explanation for the observed excess ATP consumption
in the Kai system beyond the known energy cost
associated with KaiC protein phosphorylation and
dephosphorylation [150].

While free energy minimization governs self‐
assembly in equilibrium systems, the study of collec-
tive behaviors in nonequilibrium systems reveals a
fascinating interplay between energy dissipation and
the emergence of order. This suggests that energy
expenditure plays a critical role in how these systems
organize and adapt. This active field, applying
nonequilibrium thermodynamics to the study of collec-
tive behavior, holds the potential to unveil the funda-
mental principles governing the organization of life
within its inherently dynamic environment.

4 | OUTLOOK

Stochastic thermodynamics aims to establish general
constraints on nonequilibrium stochastic processes,
predicting their feasibility within the framework of ther-
modynamics. The resulting thermodynamic bounds can
generally be interpreted from two main perspectives:
(a) the achievable limits with given nonequilibrium
drivings and (b) the minimum energy expenditure of a
system inferred from specific observed quantities.
Despite the effectiveness of existing thermodynamic
bounds in biochemical systems, the application of sto-
chastic thermodynamics to real biological systems
often encounters challenges due to the limited experi-
mental access to comprehensive system details and
the precision constraints of measurements. Conse-
quently, the energy consumption inferred from these
data may not accurately reflect the system’s true
behavior. Thus, a major direction in stochastic

thermodynamics research is to establish thermody-
namic bounds for partially observable quantities [151–
156], coarse‐grained observables [65, 157–159], and
other novel observables [160–164]. These research
efforts aim to strengthen the link between thermody-
namic bounds and measurable real‐world systems,
thereby facilitating more reliable predictions for real
biological systems.

While stochastic thermodynamics offers valuable
insights into biological systems, its limitations become
apparent when considering the full spectrum of factors
shaping biological function. As current research studies
reveal, many elements, such as biological network to-
pology, protein structures and communication channels
[165], significantly influence performance. These find-
ings suggest that thermodynamics alone might not
provide the sole governing principle for understanding
the remarkable complexity of life. “Structure determines
function” serves as a cornerstone of biology. Yet, fully
integrating this principle into current research presents
a challenge. To achieve a quantitative understanding of
living systems, integrating diverse biological data and
constraints into the framework of stochastic thermody-
namics becomes crucial.
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