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(far) away from thermal equilibrium???

thermal fluctuations!

h∆Si ≥ 0

The 2nd law of thermodynamics

Robert Brown (1827): pollen in water

Brownian motion

Fig. 2.1. Brown used a microscope of this type for his study of Brownian motion. This

[A. P. Philipse, Notes on Brownian Motion (Utrecht University)]
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hξ(t)i = 0, hξ(t) ξ(s)i = δ(t − s)

“Brownian motion force”

friction force:

Ffriction = −γv
√
Fnoise = γ 2D ξ(t)

mẍ(t) = −γ ẋ(t) + 2kBT γ ξ(t) + f (x(t), t)

q

Langevin-equation

√

mẍ(t) = −γ ẋ(t) + f (x(t), t) + 2kBT γ ξ(t)
√
−→ γ ẋ(t) = f (x(t), t) + 2kBT γ ξ(t)

d = O(0.1 Å)

m/γ = O(1 µs)

time and length scale of
frictional relaxations:
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“refinement of the second law”

e−∆S[x]/kB

p(−∆S)
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p(∆S)
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The fluctuation theorem
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⇒

D

e−∆W/kBT
E

⇒

e−∆S/kB = 1

∆F ≤ h∆W i

from the fluctuation theorem

= e−∆F/kBT

⇒ ∆F = ∆U − T ∆Ssys = ∆W − T ∆S

entropy: ∆S[x] = −

first law: ∆U (x0, xτ ) = ∆W [x] + ∆Q[x]

γ ẋ(t) = −∇U (x(t), t) +

q

Jarzynski relation

p(W ) = p̃(−W ) ⇔ W = ∆F

p(W )
= e(W −∆F )/kBT
p̃(−W )

Crooks relation
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)/∂R)Ṙdt is positive
when
is transferred temperature decrease
piston of(isochoric
its macroscopic
counterpart.
As for conventional
from the particle
to the
thermal bath.
Integration along
the stochasto Tc at fixed optical potential
process).
The histograms
show heat
the measured
particle
probability
distributions
of the
corresponding stationary
engines where the periodic coupling of the working gas to a cold and tic trajectory yields the time-dependent work
states together with Gaussian
aschanges
solid lines.
ofinside
the distribution
a hot heatfits
bath
volumeThe
andwidth
pressure
a piston, the at Th is 1.11 times greater than at Tc at same potential. Originating in an
t
◦ C) which
fluctuations
of a colloidalprovides
particle subjected
to an external
optical of the hot temperature !
%
increase in thermal energy
this broadening
an independent
measure
(90
∂U (R(t
),t % ) %is in good agreement with the
potential vary on changing
the temperature of the solvent.
W (t ) =
dt
(1)
fluorescently measured temperature
86 ◦ C.we
Inset
the pressure–volume
diagram representation,
where the enclosed area amounts to
∂t %
As a Brownianofparticle
usedStirling
a singleprocess
melamineinbead
of

LETTERS

LETTERS
PUBLISHED ONLINE: 11 DECEMBER 2011 | DOI: 10.1038/NPHYS2163

0


-ϕ

0

η
η

p(η) ∼ e−τ J(η)

J(η)

Realization of a micrometre-sized stochastic
heat engine

Isochoric
Transition

ηC

(τ → ∞)

∆W
η=−
∆Qh

with Brownian particle(s) as working medium

Stochastic heat engine

Isochoric
Transition

e−∆W/kBT

Jarzynski relation

2kB
Var(Jτ )
≥
hJτ i2
∆S
e−s/kB
pinf (−s) =
kB

thermodynamic uncertainty relation

generic properties of ∆S

= e−∆F/kBT

p(η) ∼ e−τ J(η)

E

=1

efficiency fluctuations

D

E

fluctuation theorem

D

e−∆S/kB

Are there universal laws (far) away from equilibrium?

D. J. Evans et al., Phys. Rev. Lett. 71, 2401 (1993).
C. Jarzynski, Phys. Rev. Lett. 78, 2690 (1997).
G. E. Crooks, Phys. Rev. E 60, 2721 (1999).
U. Seifert, Phys. Rev. Lett. 95, 040602 (2005).
G. Verley et al., Nature Commun. 5, 4721 (2014).
J. M. Horowitz and T. R. Gingrich, Phys. Rev. E 96, 020103(R) (2017).
I. Neri et al., Phys. Rev. X 7, 011019 (2017).

Key results

U. Seifert, Stochastic Thermodynamics: From principles to cost of precision,
Physica A 504, 176 (2018).

S. Ciliberto, Experiments in Stochastic Thermodynamics: Short History and Perspectives,
Phys. Rev. X 7, 021051 (2017).

C. Van den Broeck and M. Esposito, Ensemble and trajectory thermodynamics:
A brief introduction, Physica A 418, 6 (2015).

U. Seifert, Stochastic Thermodynamics, Fluctuation Theorems and Molecular Machines,
Rep. Prog. Phys. 75, 126001 (2012).

C. Jarzynski, Equalities and Inequalities: Irreversibility and the Second Law of
Thermodynamics at the Nanoscale, Annu. Rev. Condens. Matter Phys. 2, 329 (2011).

F. Ritort, Nonequilibrium fluctuations in small systems: From physics to biology,
Adv. Chem. Phys. 137, 31 (2008).

K. Sekimoto, Stochastic Energetics (Springer, 2010).

Reviews

A (subjective) selection of references...

•
•
•
•

active matter
quantum mechanics
the role of information
...

(evolution, adaption, self-replication,
reaction networks...)

• biological systems

doi:10.1038/nature10872

In 1961, Rolf Landauer argued that the erasure of information is a
dissipative process1. A minimal quantity of heat, proportional to the
thermal energy and called the Landauer bound, is necessarily produced when a classical bit of information is deleted. A direct consequence of this logically irreversible transformation is that the
entropy of the environment increases by a finite amount. Despite
its fundamental importance for information theory and computer
science2–5, the erasure principle has not been verified experimentally
so far, the main obstacle being the difficulty of doing single-particle
experiments in the low-dissipation regime. Here we experimentally
show the existence of the Landauer bound in a generic model of a
one-bit memory. Using a system of a single colloidal particle
trapped in a modulated double-well potential, we establish that
the mean dissipated heat saturates at the Landauer bound in the
limit of long erasure cycles. This result demonstrates the intimate
link between information theory and thermodynamics. It further
highlights the ultimate physical limit of irreversible computation.
The idea of a connection between information and thermodynamics
can be traced back to Maxwell’s ‘demon’6–8. The demon is an intelligent
creature able to monitor individual molecules of a gas contained in two
neighbouring chambers initially at the same temperature. Some of the
molecules will be going faster than average and some will be going
slower. By opening and closing a molecular-sized trap door in the
partitioning wall, the demon collects the faster (hot) molecules in one
of the chambers and the slower (cold) ones in the other. The temperature
difference thus created can be used to run a heat engine, and produce
useful work. By converting information (about the position and velocity
of each particle) into energy, the demon is therefore able to decrease the
entropy of the system without performing any work himself, in apparent
violation of the second law of thermodynamics. A simplified, one-molecule engine introduced later9 has been recently realized experimentally
using non-equilibrium feedback manipulation of a Brownian particle10.
The paradox of the apparent violation of the second law can be resolved
by noting that during a full thermodynamic cycle, the memory of the
demon, which is used to record the coordinates of each molecule, has to
be reset to its initial state11,12. Indeed, according to Landauer’s principle,
any logically irreversible transformation of classical information is
necessarily accompanied by the dissipation of at least kTln(2) of heat
per lost bit (about 3 3 10221 J at room temperature (300 K)), where k is
the Boltzmann constant and T is the temperature.
A device is said to be logically irreversible if its input cannot be
uniquely determined from its output13. Any Boolean function that
maps several input states onto the same output state, such as AND,
NAND, OR and XOR, is therefore logically irreversible. In particular,
the erasure of information, the RESET TO ONE operation, is logically
irreversible and leads to an entropy increase of kln(2) per erased bit14–16.

fundamental physical limit of irreversible computation. However, its
validity has been repeatedly questioned and its usefulness criticized17–22.
From a technological perspective, energy dissipation per logic operation in present-day silicon-based digital circuits is about a factor of
1,000 greater than the ultimate Landauer limit, but is predicted to
quickly attain it within the next couple of decades23,24. Moreover,
thermodynamic quantities on the scale of the thermal energy kT have
been measured in mesoscopic systems such as colloidal particles in
driven harmonic25 and non-harmonic optical traps26.
To verify the erasure principle experimentally, we consider, following
the original work of Landauer1, an overdamped colloidal particle in a
double-well potential as a generic model of a one-bit memory. For this,
we use a custom-built vertical optical tweezer that traps a silica bead
(2 mm in diameter) at the focus of a laser beam27,28. We create the doublewell potential by focusing the laser alternately at two different positions
with a high switching rate. The exact form of the potential is determined
by the laser intensity and by the distance between the two focal points
(Methods). As a result, the bead experiences an average potentialU(x, t),
whose measured form is plotted in Fig. 1 for different stages of the
erasure cycle. When the barrier is high compared with the thermal
energy, kT (Fig. 1a, f), the particle is trapped in one of the potential wells.
By contrast, when the barrier is low (Fig. 1b), the particle can jump from
one well to the other. The state of the memory is assigned the value 0 if
the particle is in the left-hand well (x , 0) and 1 if the particle is in the
right-hand well (x . 0). The memory is said to be erased when its state is
reset to 1 (or alternatively 0) irrespective of its initial state.
In our experiment, we follow a procedure which is quite similar to
that discussed in detail in ref. 12. We start with the theoretical configuration in which the two wells are occupied with an equal probability
of one-half. The initial entropy of the system is thus Si 5 kln(2). The
memory is reset to 1 by first lowering the barrier height (Fig. 1b) and
then applying a tilting force that brings the particle into the right-hand
well (Fig. 1c–e). Finally, the barrier is increased to its initial value
(Fig. 1f). At the end of this reset operation, the information initially
contained in the memory has been erased and the final entropy is zero:
Sf 5 0. Thus, the minimum entropy production of this erasure process
is kln(2). The possibility of reaching this minimum depends on the
timing of the procedure. The one used in our experiment is sketched
in Fig. 2a. Specifically, we lower the barrier from a height larger than 8kT
to 2.2kT over a time of 1 s by decreasing the power of the laser. This time
is long compared with the relaxation time of the bead. We keep the
barrier low for a time t, during which we apply a linearly increasing
force of maximal amplitude Fmax, which corresponds to the tilt of the
potential. We generate this force by displacing the cell containing the
single bead with respect to the laser with the help of a piezoelectric
motor. We close the erasure cycle by switching off the tilt and bringing
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Experimental verification of Landauer’s principle
linking information and thermodynamics
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non-equilibrium
(breaking of detailed balance
or time-reversal symmetry)

energy input

direction of motion

driving

for individual components

homogeneously at particle scale

particle orientation

force-free

active matter

by external driving

at boundaries

direction of external field

external forces or field

condensed matter
[passive (soft) matter]

[Ramaswamy, J Stat Mech 054002 (2017)]

Active matter are driven systems in which (unlimited) energy is
supplied directly, isotropically and independently at the level of
the individual constituents–active particles–which, in dissipating
it, generally achieve some kind of systematic movement.

Active matter systems

• to discover the emergent statistical and thermodynamic laws
governing matter made of intrinsically driven particles

• to understand the dynamics of active particles in real-life environments

• to bring living systems into the inclusive ambit of
condensed matter physics

[Ramaswamy, J Stat Mech 054002 (2017); Bechinger et al, Rev Mod Phys 88, 045006 (2016)]

Grand aim of the active-matter paradigm:

Collective behavior in biological systems is a complex topic, to say the least. It runs wildly
across scales in both space and time, involving taxonomically vastly different organisms,
from bacteria and cell clusters, to insect swarms and up to vertebrate groups. It entails
concepts as diverse as coordination, emergence, interaction, information, cooperation,
decision-making, and synchronization. Amid this jumble, however, we cannot help noting
many similarities between collective behavior in biological systems and collective behavior in
statistical physics, even though none of these organisms remotely looks like an Ising spin.
Such similarities, though somewhat qualitative, are startling, and regard mostly the
emergence of global dynamical patterns qualitatively different from individual behavior, and
the development of system-level order from local interactions. It is therefore tempting to
describe collective behavior in biology within the conceptual framework of statistical physics,
in the hope to extend to this new fascinating field at least part of the great predictive power
of theoretical physics.
[Andrea Cavagna]

Active matter systems



e−∆S+∆I = 1

[Lennart Dabelow, Stefano Bo, RE, PRX 9, 021009 (2019)]



(Brownian motion with “self-propulsion”)

... of active Brownian particles??

Stochastic thermodynamics...

stat-mech] 26 Sep 2019

INTRODUCTION

While the microscopic dynamics of physical systems
are time reversible, the macroscopic world clearly does
not share this symmetry. If we are shown a video of a
macroscopic process, it is often easy to guess whether the
movie is played in the correct or in time-reversed order,

I.

production. We approach this problem within the framework of nonequilibrium statistical mechanics, numerically generating microscopic trajectories of irreversible
physical processes. In many of the examples we consider,
the system is small and the direction of time’s arrow is
blurred, in the sense that both a given trajectory and
its time-reversed image represent plausible sequences of
events. In these cases the algorithm in principle cannot

The mechanism by which thermodynamics sets the direction of time’s arrow has long fascinated
scientists. Here, we show that a machine learning algorithm can learn to discern the direction of
time’s arrow when provided with a system’s microscopic trajectory as input. The performance
of our algorithm matches fundamental bounds predicted by nonequilibrium statistical mechanics.
Examination of the algorithm’s decision-making process reveals that it discovers the underlying
thermodynamic mechanism and the relevant physical observables. Our results indicate that machine
learning techniques can be used to study systems out of equilibrium, and ultimately to uncover
physical principles.
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