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Abstract. Nowadays many tools, e.g. fluctuation relations, are available to
characterize the statistical properties of non-equilibrium systems. However, most
of these tools rely on the assumption that the driving noise is normally dis-
tributed. Here we consider a class of Markov processes described by Langevin
equations driven by a mixture of Gaussian and Poissonian noises, focusing on
their non-equilibrium properties. In particular, we prove that detailed balance
does not hold even when correlation functions are symmetric under time reversal.
In such cases, a breakdown of the time reversal symmetry can be highlighted by
considering higher order correlation functions. Furthermore, the entropy pro-
duction may be different from zero even for vanishing currents. We provide ana-
lytical expressions for the average entropy production rate in several cases. We
also introduce a scale dependent estimate for entropy production, suitable for
inference from experimental signals. The empirical entropy production allows
us to discuss the role of spatial and temporal resolutions in characterizing non-
equilibrium features. Finally, we revisit the Brownian gyrator introducing an
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additional Poissonian noise showing that it behaves as a two dimensional lin-
ear ratchet. It has also the property that when Onsager relations are satisfied
its entropy production is positive although it is minimal. We conclude discuss-
ing estimates of entropy production for partially accessible systems, comparing
our results with the lower bound provided by the thermodynamic uncertainty
relations.

Keywords: stochastic processes, stochastic thermodynamics,
fluctuation theorems, Brownian motion
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1. Introduction

A deep comprehension of non-equilibrium systems is one of the most relevant open
problems in statistical mechanics [1]. A crucial aspect of the non-equilibrium condition
is the presence of currents induced by some external constraints: physical currents—in
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the framework of Markov processes—imply that the detailed balance does not hold and,
in general, that the time-reversal symmetry is statistically broken, or, equivalently, that
the entropy production is positive [2-5]. From a mathematical point of view the above
statement can be assumed as satisfactory and it has been thoroughly considered in the
context of several Markov processes (e.g. Langevin equations and master equations), in
particular an explicit expression for the entropy production can be introduced as the
log-ratio between the probability of a long trajectory and that of its time reversal [6].

Among the interesting issues which deserve investigation, one should include the
design of efficient methods to characterise the ‘degree of irreversibility’, something also
called ‘distance from equilibrium’ [7], which typically requires a proper modelling with a
suitable mathematical description of the system [8-13]. In this paper we discuss the role
of Gaussian or non-Gaussian statistics for discriminating the degree of irreversibility of
a system.

Starting from the archetypal Brownian Motion, a plethora of phenomena have been
modelled and investigated in terms of stochastic differential equations with a Gaussian
random force (e.g. Gaussian white noise) [14]. It is a matter of fact that Gaussian pro-
cesses are ubiquitous in science, the reason is—basically—the central limit theorem,
which can be succinctly summarised saying that a linear combination of many inde-
pendent variables tends to behave as a Gaussian variable. This—already at a qualitat-
ive level—is a strong argument for modelling the random forces appearing in stochastic
differential equations in the form of Gaussian white noises. For the same reason, a large
part of stochastic thermodynamics is devoted to models with such a kind of noise,
which has been successfully adopted even for systems which are inherently out of equi-
librium [3-5]. There are several cases, for instance coming from the physics of driven
granular gases or self-propelled particles, where the usual linear Langevin equation is
considered to be a satisfying approximation for the description of the dynamics of a
massive probe, particularly in its diffusive regimes [15-18].

More accurate analyses have shown, however, that—in some cases—linear differ-
ential equations with Gaussian white noises are not able to describe some important
features of the underlying dynamics, in particular they cannot catch the non-equilibrium
statistical properties of the system. In order to restore non-equilibrium in the model, a
suitable non-Gaussian noise is necessary [19].

At a first glance, the use of non-Gaussian noise can sound rather odd, on the contrary
there are both physical and mathematical justifications for it. For instance we can
consider a massive intruder kicked by instantaneous collisions with agitated granular
particles: if the number of collisions in a given At is not very large, the use of a Gaussian
white noise is questionable. There are cases where it is more appropriate to take, as
random force, a compound Poisson noise ((¢), see section 2 for details. In addition,
it is possible to show that non-Gaussian white noises like ((¢) can be derived from
microscopic theories through a systematic expansion of the Boltzmann—Lorentz equation
governing the evolution of the intruder in a granular gas [20-23]. Finally, we mention
that, even from a mathematical point of view, by virtue of the Levy-Ito decomposition
theorem, the compound Poisson noise is one of the three contributions to Levy processes,
i.e. processes with independent and identically distributed increments [24-26].

The structure of the paper is the following. Section 2 is devoted to an analytical
and numerical investigation of systems with non-Gaussian forcing. We show that it is
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possible to have a non-equilibrium system even with (z;(t)x;(0)) = (x;(t)x; (0)): the
breaking of the time reversal symmetry can appear only looking at other correlation
functions e.g. (z*(t)x(0)) # (2*(0)x(t)). In a similar way the absence of a current is
not sufficient for the time reversal symmetry to hold. In section 3 we study the entropy
production §: it is possible to find an explicit expression for systems driven by a forcing
containing a Gaussian term, with ‘temperature’ T, and a compound Poisson noise. It is
interesting that in the absence of a Gaussian noise, the entropy production is infinite,
as a straightforward consequence of the discontinuous character of the Poisson noise
and of the dissipative dynamics between jumps. Detailed numerical studies of S(e, At),
i.e. the entropy production computed at space resolution ¢ and sampling time At, show
that the convergence to the asymptotic value is very slow and a gigantic amount of
data is necessary, an observation which has an immediate and practical relevance for
the treatment of experimental signals. As a case study, in section 4 we treat a 2D
linear system driven by non-Gaussian forcing, that is a generalization of the Brownian
Gyrator, comparing S with the average current and the deviations from the symmetry
under time-reversal of higher order correlations. In section 5 we draw conclusions and
suggest perspectives. In the appendix we present some mathematical details for the
computation of S.

2. Time reversal symmetry and non-Gaussian noise

In this section we investigate the effect of non-Gaussian delta-correlated noise on the
equilibrium properties of stochastic processes, focusing our attention mainly on the time
reversal symmetry. We will show that this noise generally drives the system away from
equilibrium conditions even when fluctuation relations hold and we discuss a strategy
to infer and measure the ‘degree of irreversibility’ of the system.

Time reversal symmetry and thermodynamic equilibrium properties of a system are
two strictly related concepts. In the framework of Markov processes such a relation is
provided by the detailed balance condition [27]. Indeed, a system described by a Markov
process X is said to be at equilibrium if

(X)W (Y[X) =7 (Y)W, (X[Y) (1)

where W, (Y| X) is the probability to have Y at time ¢ given the initial condition X and
m(X) is the stationary probability. Condition (1) implies that forward (in time) and
backward paths have the same probability. Moreover, for any two functions f,g that
represent (under time-reversal) even observables, one has (g(t) f (0)) = (f(t)g(0)). When
the system evolves according to a stochastic differential equation driven by Gaussian
noise detailed balance also imposes vanishing currents. If one also restricts the class
of investigated systems to Gaussian Markovian systems (for instance, in the continu-
ous case, Langevin equations with linear forces and Gaussian noise) we have that the
following conditions are sufficient for equilibrium [3, 4]:

e zero entropy production;

e no currents;
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e time-reversal symmetry of the correlation functions i.e. (z;(t)z;(0)) = (x;(t)z;(0)).

Actually the above statements are equivalent; it is quite natural to wonder about the
effects of non-Gaussian forcing on the above scenario.

In the following we focus on the effect of a compound Poisson noise ((t) on cur-
rents and time-reversal symmetry, postponing the study of entropy production to
the next section. A compound Poisson noise ((t) is a stochastic process obtained as
Ct)y=>_ ;Uj6 (t —t;) where independent jumps, of random amplitudes U; (U is a vec-
tor with the same dimensions of X) distributed according to P(U;), occur at random
times t;. The differences t; —t; ; are distributed according to Q,(t) = Ae™*. Such a
noise arises naturally in granular system [19-23] and can also be used to model act-
ive forces [28-30]. Moreover, similar noises have already been employed successfully
both for modelling systems showing anomalous diffusion or stationary distribution with
exponential tails [31, 32] or for implementing efficient protocols for finding ‘shortcuts
to adiabadicity’ [33]. Note that the properties of ((t) are strictly related to those of
P(U). In particular, if P(U) has finite second moments, elements of I'= (UU™), then
the central limit theorem holds and thus the sum of a large collection of jumps {U;}j<n
tends to be normally distributed for large N, i.e.

%ZTI‘_lz
PN(Zsz)égp(z)ze—as N — o0 (2)

V27T
ZN:\/LNZ(UJ'—<UJ'>)' (3)

Let us note that (assuming (U) = 0) correlations of L(t) = fot ¢(t")dt" are equivalent to
those of a standard Wiener process [34-37], i.e.

(L(t)L(t")) = AU inf {t,t"}. (4)

Such a result suggests that some properties of the system may not change when com-
pound Poisson noise is used instead of the Gaussian one as a driving force.

Consider a stochastic process X driven by a combination of a compound Poisson
noise ¢ and a Gaussian noise &, i.e.

X=FX)+&0)+¢t) X={z}_n (5)

with (§) = (U) =0, (£(t)¢7(t')) =2D46(t —t') and (UUT) =T. Since the process X is
discontinuous, the detailed balance condition has to be imposed separately on the jumps
and on the continuous part [27]. Regarding the discontinuous part, equilibrium condi-
tion (1) takes the form

T(X)PY-X)=n(Y)P(X-Y). (6)
This means that if in the steady state the distribution of X is spatially non-uniform

(m(X) # const.) and the jumps are symmetric (P(U) = P(—U)) equation (6) can not be
satisfied and the system is necessarily out of equilibrium. Nonetheless, if one restricts
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Figure 1. Examples of direct (left) and time-reverse (right) trajectories for pro-
cesses driven by a Gaussian or Poisson noise. It is evident that in the Poisson case
the time-reversed trajectory is strongly incompatible with the direct one, i.e. it is
not possible to find any piece of the latter in the former.

one’s attention to linear systems (F'(X) = —AX with A a positive definite matrix), X’s
correlations are equivalent to those of another system where the noises £ and ¢ are

replaced by a Gaussian white noise & with <£(t)§~(t’)> = (2D + AI')6(t —t’). This means

that, in this context, even if the Onsager relations ((z;(t)z;(0)) = (z;(¢)z;(0))) hold,
they are no longer sufficient to determine whether that system is in thermodynamic
equilibrium or not. Although this may seem surprising, recent works show that some
thermodynamics relations (e.g. Einstein and Kubo) depend exclusively on the exist-
ence of a stationary state and therefore hold also in non-equilibrium conditions [38].
Statistical moments of order higher than two are necessary to discriminate between
standard Gaussian noise and compound Poisson, and between equilibrium and non-
equilibrium behaviour [19, 39]. Notwithstanding, sometimes the non-equilibrium nature
of systems driven by compound Poisson noise can be easily grasped by looking at for-
ward and backward time-series, as shown in figure 1. Indeed, in the forward time-series
(left panel) each jump is followed by a damping which instead appears as an acceler-
ation in the backward time-series (right panel), signalling the time-reversal symmetry
breaking. In the following we will analyse in closer detail two one-dimensional examples,
in order to emphasize further the differences with respect to the equivalent Gaussian
systems.

2.1. 1D linear dynamics

As a first example, let us consider a one-dimensional linear system
X=X +E() +¢(t) (7)

with (£) = (U) =0, (£(t)&(t")) =2T6(t —t') and (U?) =T, with v and I" two positive
parameters. This equation has been proposed in [20-22] for describing the evolution of
a massive probe in a granular medium and it has recently been shown [19] that it can be
thought as a minimal effective model for such a systems. Concerning this equation, we
note that in the absence of ¢ the system is necessarily at equilibrium (like all 1d systems
without periodic boundary conditions) since it can not sustain any stationary current.

https://doi.org/10.1088/1742-5468 /ad063b 6
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In this case, the system is Gaussian and the first two moments fully characterize the
statistics of X. The correlation function C(t) = (X (¢) X (0)) is

t)="—e ",
C(t) S (8)
When the compound Poisson noise ( is taken into account, the system is driven out
of equilibrium and X is no longer Gaussian. Nonetheless, given the confining nature of
the potential, the system still can not sustain any net physical current transporting the
position steadily in a given direction. Furthermore, the correlation function is symmetric
by construction and takes the form

2T+ AI' _
= — e

e )

C(t)

which is exactly of the same form of the Gaussian case. On the other hand, non-trivial
moments can display a breaking of time-reversal symmetry e.g. the 4th order correlation
function H(t) = (X (£)X?(0)). Indeed, for ¢ >0 we have

H(t)=(X({#)X*(0)) =e"(X") (10)
H (1) = (X* (1) X (0)) = ¢ " (X*) +-3¢ 7 (1 - e7) (X?)° (11)

which are clearly different. Note that (X4) ((X?)) denotes the average of X* (X?)
over the steady-state distribution 7(X). Defining a degree of irreversibility AH (t) =
H(t) — H(—t) leads to

AH (1) = ((X*) =3(X%)7) (e = e 1), (12)

Note that the last equation correctly predicts AH(t) =0 when the system is Gaussian.

2.2. 1-D dynamics on a ring

One-dimensional systems on a ring, e.g. with periodic boundary conditions, can sustain
a non-equilibrium steady state and therefore constitute an excellent test-bed for invest-
igating the effect of non-Gaussian noises on the properties of a system. From a physical
perspective, diffusion in periodic potential is used as a minimal model which displays
transport phenomena and it might be relevant to discuss the role of external noise on
these phenomena. Let us consider a system

X =—0xV(X)+£@®)+¢(), (13)
V(X+L)=V(X). (14)

This system has already been studied in [30, 40-45] and several non trivial behaviours
arise. In particular, it has been shown that if the potential V(X) has an asymmetric
shape, the noise ¢ induces a physical current in the system [40]. Nonetheless, as a trivial

https://doi.org/10.1088,/1742-5468 /ad063b 7
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Figure 2. Potentials of equation (17). Left: symmetric potential V;(X). Right:
ratchet potential V5(X).

consequence of the system laying in a one-dimensional space, the correlation function
C(t) is symmetric. Here we focus on the effects of ¢ on the degree of irreversibility

AH (t) = (X () X*(0)) — (X* (t) X (0)) (15)

and its relation with the physical current. For this purpose, we consider two forms for
the potential V(X)) (see figure 2), namely

LV, 2
=—1- — 1
LV, .27 1 . 4w
Vg(X)—ﬁ(C’+smf(X—d)+Zsmf(X—d)),
2rd 1 . 4nd
C:sin%—kzsin%. (17)

where the parameter d determines the minima positions. The first potential is symmetric
and the noise ¢ is not able to induce any current if the distribution of jumps P(U) is an
even function [40]. Notwithstanding this, AH (t) reveals the breaking of time-reversal
symmetry in contrast to the Gaussian case where it is equal to zero, see the right panel
of figure 3.

The potential V(X)) in equation (17) instead has an asymmetric shape. Thus, the
noise ¢ induces a physical current as is clear in figure 4 that shows the variable X
drifting towards positive values. Clearly, the non-equilibrium nature of the system can
also be revealed by the degree of irreversibility AH(t) (see figure 3 right panel). These
examples show once again that the absence of current and the symmetry of the usual
(second order) correlation functions are necessary conditions for equilibrium, but are
not sufficient if the system is driven by non-Gaussian noise.

3. Entropy production and its empirical estimate

In the previous section we have shown that stochastic differential equations driven by
non-Gaussian white noises are out of equilibrium and the breaking of time reversal

https://doi.org/10.1088/1742-5468 /ad063b 8
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Figure 3. Degree of irreversibility AH (t) normalized to the value H(0). The degree
of irreversibility for the processes driven by compound Poisson noise ¢ are shown
in blue while orange curves represent the Gaussian cases. Left: symmetric poten-
tial. Right: ratchet potential. The parameters used for numerical simulations are
L=1,Vy=1,d=—-0.2,A=20,02=0.2,7 =0,I' = 0%/\. The initial conditions are
sampled from the stationary distribution.

2500 4

2000 4
= 1500
—

1000 4
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Figure 4. X Vs t for the process driven by the compound Poisson noise in
the ratchet potential. The average slope represent the stationary current j.

The parameters used for numerical simulations are L=1,Vj=1,d=-0.2,A=
20,02 =0.2,T =0,I' = 02 /\. The initial conditions are sampled from the stationary
distribution.

symmetry is revealed by looking at higher order correlation functions. This approach,
satisfactory for the goal of simply discriminating, e.g. in experiments, between equi-
librium and non-equilibrium, has some unavoidable disadvantages. In fact, although it
suffices to find two functions f,g for which one has

Crg (1) = (F(0)g (1)) # (f (£) g (0)) = Csy (1) (18)

in order to asses the non-equilibrium nature of the system, the degree of irreversibil-
ity ACy, =Cy4(t) —Csy(—t) depends on the functions f and g therefore it is not pos-
sible to introduce a quantity which is intrinsic i.e. that does not depend on the choice
of the observables. This difficulty is overcome (at least from a formal point of view)

https://doi.org/10.1088/1742-5468 /ad063b 9
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by considering the entropy production S, which is an information-theoretic quantity.
Formally, the entropy production S of a Markov process X is defined as [6]

T P ({Xe}hocrer) _ o (S7)
&= fim <1°g <7> ({XT_t}KKT)> > = pm (19)

where P({X;}o<i<7) represents the probability of the path {X;}o<t<7 in an analogous
way P({X7_t}o<t<r) of the reversed path {X7_;}o<i<7 and the average is done with
respect to the forward path probability (we are always assuming, for simplicity, that
all the relevant degrees of freedom are even under time-reversal). When the system
admits a clear thermodynamics description, S is related to the dissipated heat [3, 4].
For a discontinuous Markov process X, the probability of a given path {X;}o<i<r is
completely determined by the joint distribution of the discontinuities and the continuous
paths between two subsequent discontinuities, that is (see appendices A and B)

P ({Xhocrer) = P ({Xibocrs ) -+ P ({Xik crar) P (1, AXii o b, AXG) (20)

where P(t1,AXy;...,t,, AX;,) represents the probability that discontinuous jumps
AXy =Xy, — Xt; for k=1,...,n occur at times tq,...,t,. Thus, the quantity S can be
decomposed as

Sr=85+S) (21)

with

P ({Xt}t,-étgt;)

)
{XT—t}Tftf <t<T—tz>

i+1

to=0and ¢, ., =T, (22)

S; = znjlog . (
i=0

Sszlog< P(t1,AXy ;... t, AXy,) ) | (23)
P(T —t1,—AXy;..., T —t,,—AXy)
where 7 is the number of discontinuities in the path. A similar decomposition has already
been applied for computing the entropy production rate in a driven one-dimensional
Lorentz gas [46]. We note that decomposition (21) does not imply that the two quant-
ities S$ and S are completely disjointed. In particular, the presence of discontinuities
changes the probabilities for continuous paths so the statistics of S5 also depends on
the properties of P(t1,AXy;...,t,,AX;, ). This result is valid for all Markov processes
but often it is not very practical. There are a few cases for which it is possible to carry
out analytical computations and obtain simpler formula for §. Some stochastic process
driven by a compound Poisson noise ¢ belong to this class of Markov processes, as
discussed in appendices D and E.

In our case, since the amplitude U, = AX,, is independent from the time #; at which
it occurs, the jumps’ probability P(t1, AXy;...,t,, AX; ) takes the form

P(t1,AXy ;. tn, AXy) =P (t1,...,t0) P(Ur)---P(Uy) (24)

https://doi.org/10.1088 /1742-5468 /ad063b 10
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where P(ty,...,t,) is the uniform distribution over the region ¢ <ty <---<t,<T
(see appendix B for further details), which implies S =0 if P(U)=P(-U). Thus,
for stochastic processes driven by symmetric Poisson noise, one has St = 8% In the fol-
lowing we will give the explicit expressions for the entropy production for the examples
of the previous section. Before this, however, it is important, at least on a conceptual
level, to discuss how this entropy production can be measured in real experiments. In the
following we consider only symmetric P(U). We will see that S typically is determined
by two contributions: one given by the Gaussian noise and the other by the Poissonian
noise.

3.1. Empirical estimate of the entropy production

Estimating entropies from data is a difficult task, mainly due to the large number of data
needed for having a precise result. The purpose of this section is to discuss both the tech-
nical and conceptual problems faced in entropy production measurements. Borrowing
concepts from dynamical systems, we introduce the concept of scale-dependent entropy
production S(e,At) (somewhat analogous to e-entropy [47-49]) as follows:

e introduce a partition {C;(€) }1<; <k of size € of the phase space 2y (for example hyper-
cube of side €),

e define an empirical Markov chain on the space induced by the partition whose sta-
tionary probability 7; and transition matrix M;;(At) are

T :P(Xt - Cz (6)) ,

P(Xi e Ci(e), Xiiar € Cj(e))
P (X; € Ci(e)) ’

M;; (At)=P (Xirar € Cj(e) | X: € Ci(¢)) =

e compute the entropy production of this Markov chain

1 M;;
ij Jr

Of course the Markov chain can be considered a good approximation only for At and
e small enough. The 7; and the M;;(At) must be determined from a long trajectory.
Although the entropy production S(e, At) is different from that of the real system S,
in the limit € —0 and At — 0 one has S(e,At) — S 3. It is important to note that the
S(e,At) is not a lower bound for the entropy production. Indeed, in order to have a
lower bound one should consider the entropy production of the non-Markovian coarse-
grained process. Here, instead, we consider an approximate Markovian process and,
as it is shown in [13], its entropy production could also be larger than the entropy
production of the microscopic system. Let us now consider in more detail the expected

3 For € = 0 and At — 0 the empirical stationary distribution 7 and the transition matrix M converge to their continuous counter-
parts, i.e. m = w(X), M;; = W, (Y|X). Thus, S(e, At) = S = limy—0 % >oxy TXOWH(Y|X)log (x:g{\é;
be an equivalent definition for the entropy production of a Markov process [3, 4, 50] (see also appendix C).

) which can be proven to
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behaviour of S(e, At) in the context of stochastic process driven by compound Poisson
noise. The noise ¢ has two relevant scales, one spatial and one temporal. The spatial
scale is related to the typical size of jumps U, i.e. €, ~ /(U?), while the temporal one is
dictated by the jumps rate A, namely 7, ~ % In situations where At >> 7, one expects
that S(e, At) is in good agreement with the prediction of the Gaussian case, since there
is time for a large number of jumps to occur and ( is somehow close to a Gaussian noise.
Similarly, for spatial resolutions greater than the size €, of typical fluctuations, Poisson
noise does not contribute to the transitions between different cells of the partition. For
small enough € and At instead, the quantity S(e,At) is expected to be a good proxy of
the continuous entropy production S. All these observations are based exclusively on
theoretical arguments and are therefore valid in the limit of an infinite amount of data.
Problems can arise when the amount of data N is limited and so the results may not be
statistically significant. The most serious problem (and the only one we discuss briefly)
is how to deal with missing transitions, i.e. situations for which M;; > 0 but M;; = 0. In
these situations, the definition of S(e, At) leads to divergences. In order to avoid these
divergences a regularization can be applied, i.e. assuming a small but finite probability
< & L for the missing transitions. In this way, S(e, At) takes only finite values that are
almost independent on the value of § (as long as § < 3.

3.2. Entropy production for 1D linear dynamics

Let us discuss the effect of non-Gaussian noise on entropy production in one-dimensional
linear systems. Given the simplicity of linear models, this example allows us to under-
stand the main difficulties encountered in estimating entropy production. Moreover,
analytical computations for entropy production can be easily performed. The details
can be found in appendix E while the result is:

S =TV (X,) -V (X7)] +le (X, +U) =V (Xy,)]

=T 'V (Xy,) - V(X)) + % zn: (U7 +2X,U;] . (25)

In the limit 7 — oo we have that, for S7/7 the first term contains only boundary
contributions and therefore it is zero, on the contrary, the second term of (25) increases
proportionally to n which on average is equal to A7. Thus, the entropy production rate
S (equation (19)) is

I
5=\

9T (26)

At this point we can discuss the empirical estimates S(e, At) and test whether it is able
to give a reasonable proxy to the entropy production S. Figure 5 show the empirical
entropy production S(e, At) as a function of the temporal scale At as the duration of
the trajectories T increases. As one can see, when the true value of entropy production
is not too ‘small’ (order ~107! —1, see the red curve on right panel of figure 6), we
are able to get a good numerical agreement, a relative error of the order 10%, even
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Figure 5. Ratio between the empirical entropy production rate S(e, At) and its
theoretical value S as a function of At/7 for e =5.86-1073. Different curves rep-
resent simulation of increasing duration. Horizontal black lines indicate the asymp-
totic value. Left and right panels show two cases with different proportion between
Gaussian and Poisson noise amplitude. The parameters used for numerical simula-
tions are y=1/180, A=1/64, 2T+ AI') =2v, T'= (1 —p)v, ' = p(2v/A), p=0.99
(left) p=0.75 (right). The initial conditions are sampled from the stationary
distribution.
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Figure 6. Left panel: Ratio between the empirical entropy production rate S(e, At)
and its theoretical value S as a function of At/7 for several e. Horizontal black
line indicate the asymptotic value. Right panel: convergence of S(e, At) towards
the theoretical value (horizontal lines) for different level of Poisson noise, p =
0.75,0.90,0.95. The vertical dashed black line represents the Poisson jump rate
T.

by computing S(e, At) with short trajectories. Conversely, although the absolute error
is about the same, if the true entropy production is too small (order ~1072, see the
light blue curve on right panel of figure 6), a gigantic amount of data is needed to
have the same accuracy. This can impose severe limitations in experiments with more
complicated systems having multiple time scales. Note, however, that this is just an
empirical observation and different systems could behave differently one from each other.

Left panel of figure 6 shows again S(e, At) as a function of At but for different value
of e. As expected, differences between different € only appear when At < 7 and the
estimates become more and more accurate as € — 0. Finally, the right panel of figure 6
confirms once again that S(e, At) is a good proxy in different situations and in particular
when the system is ‘close to equilibrium’ (S ~ 1072).
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3.3. Entropy production for 1D dynamics on a ring

Consider now more complicated examples: the case where a particle is moving on a ring
under the effect of a periodic potential and driven by both Gaussian and Poissonian
noises. Here we employ the same potentials already used in section 2 (equation (17)),
with the difference that in the symmetric case we also add a constant pulling force f.
Such a force breaks the time reversal symmetry even in the Gaussian case, inducing a
stationary current j;. It is well known that, in the Gaussian case, the entropy production
S is strictly related to the stationary current j; according to [3, 4, 50]
j2
S
S x T (27)
Therefore, it seems natural to wonder how Poissonian noise changes this scenario. As
already explained in the previous section, for gradient systems the change in entropy
equals the change of internal energy. Since all one-dimensional system can be thought
as gradient systems, the pulling force f just modifies the internal energy as V(X) —
Vi(X)=V(X)— fX. The reader can find the details of the analytical computation in
appendix E. The main result is the following

s:%HAsp. (28)
In the case of symmetric potential we have
AWOL 2
AS, = 27r0T <cos %x> (1 - e‘Q(WF/L)Z) (29)

while in the case of the ratchet-like asymmetric potential, we have

_ AWL L —2(xT/L)?
AS, = or T KSIDL (x d)> <1 e >

t (s @) (1= e | (30)

where (-) indicates the average over the stationary distribution 7(x). It is interesting to
note that, independently of whether there is a physical current or not, the first term of
the right hand side of equation (28) vanishes when f =0.

Let us now consider the empirical entropy production S(e,At), starting with the
symmetric potential with a constant pulling force f=0.5. S(e, At) displays several
regimes depending on the timescales of relaxation and jump events. In particular, if
the relaxation time 7, ~ VU_1 is much bigger than the jump rate 7, = A~!, we expect
that S(e, At) ~ j2/T,¢s for 7, < At < 7, where T,y =T + AL. For 7, < 7, the dynamics
is dominated by the jumps and the empirical entropy production strongly differs from
its Gaussian counterpart. This expectation is confirmed by numerical simulation as can
be seen in the top panels of figure 7. The left panel shows S(e, At) as a function of At
for various e. It can be noted that almost every e displays a pronounced plateau in the
correspondence of the Gaussian prediction. The differences between the Gaussian and
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Figure 7. Empirical entropy production rate S(e,At) as a function of At for
a particle in a symmetric periodic potential Vi(X) and pulled by a constant
force f Top left panel: S(e,At) for several €€ [1.2-1073,1.9-1072]. Horizontal
lines indicate the theoretical value (black) and the Gaussian prediction (red).
Top right panel: S(e, At) for two different Poisson jump rates 7, (7, =0.05 red,
7, = 0.005 blue) for e =3.9-107%. Bottom panels show the convergence of S(e, At)
for e = 3.9 - 1072 towards the theoretical values (horizontal lines) for different level of
Poisson noise (75%,95%) for 7, = 0.005 (left) and 7, = 0.05 (right). The parameters
used for numerical simulations are L=1,Vy=1,d=-0.2,7,=1/\,0>=0.2,T =
(1—p)o?/2,T =po?/), f=0.5 with p=0.75 or p=0.95. The initial conditions are
sampled from the stationary distribution.

non-Gaussian cases only arise for At < 7,. Note also that, as explained in the previ-
ous section, the convergence towards the true entropy production & may not be very
precise due to the large number of samples required. The different regimes of S(e, At)
are shown on the right panel showing S(e,At) for 7, = {0.005,0.05}. Bottom panels of
figure 7 show S(e,At) with two different percentages of Poisson noise?. These figures
confirmed once again that for large enough At the coarse-grained entropy production
is not sensitive to different noises and differences only arise when At ~ 7,.

Most of the considerations made for the symmetric potential also hold for the ratchet
potential. Thus, we focus on the case f =0 where a physical current induced by the

4 The percentage of Poisson noise p is defined as the ratio between the variance of the Poisson noise AI' and the total variance of
the noise o2 = (27 + AT'), that is p = 2L,

o
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Figure 8. Empirical entropy production rate S(e,At) as a function of At for a
particle in an asymmetric periodic potential V2(X) for e =3.9-1073. Blue (green)
and red (yellow) curves show S(e, At) for 7, = 0.005,0.05 respectively at two differ-
ent Poisson level 75% (green and yellow) and 95% (blue and red). The parameters
used for numerical simulations are L =1,Vp=1,d=—0.2,7, = 1/\,02=0.2,T =
(1—p)o?/2,T =po?/\, f=0 with p=0.75 or p=0.95. The initial conditions are
sampled from the stationary distribution.

compound Poisson noise ( is present. Here we just want to underline that since the cor-
responding Gaussian case is an equilibrium system, for large At the empirical entropy
production S(e,7) drops to 0 (see figure 8) although the system sustains a steady cur-
rent, as can be seen from figure 4.

4. The ‘Poissonian’ gyrator

In the previous sections we have discussed how the Poissonian noise ( affects the equi-
librium properties of one dimensional systems. In particular, we have stressed that some
equilibrium conditions (such as the absence of physical currents or symmetric correla-
tions) are no longer sufficient to infer thermodynamic properties of the system if the
Gaussian fluctuations assumption ceases to hold. However, one-dimensional examples
have the drawback that their Gaussian counterpart is necessarily a trivial equilibrium or
non-equilibrium system (a forcing is required to sustain non-equilibrium steady states).
On the other hand, multidimensional systems can be thrown out of equilibrium without
forcing even in the Gaussian case, whenever the system is in contact with multiple
thermal baths at different temperatures. Thus, the aim of this section is to present an
example of such a system, namely the case of the so-called Brownian gyrator [51-54].
It consists in a two dimensional linear system

X =-AX+¢, (31)
A= < S ) |
X:(i) (32)
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with (£(t)) =0, (€(¢)&(t")) = Xd(t —t') and being > = ( 251 20TQ ) In the stationary

states, the correlation function takes the form
C(t)=eC (33)

where C = C(0) represents the covariance of X. The equilibrium conditions are expressed
through the Onsager relations (see [11, 27, 55] or appendix D)

AC =CAT (34)

or equivalently from the conditions C(¢) =C” (). When equation (34) is not satisfied,
a systematic torque induces a rotational current ((#) #0 with § = arctan (£)) in the
system [55, 56]. In these cases, the entropy production rate S is

_ TU—TW)Q
S=Tr[2cATS1A— A _ (Ton—Thp)” 35
| ) NI (a+7) (35)

which vanishes when Ton = T . Furthermore, the rotational current (f) is proportional
to (Ten —Tip) and is equal to zero in equilibrium conditions. It should also be noted
that when the system is coupled to two different heat baths (77 # T5) the interaction
terms g, n must be non-reciprocal (u#n) in order to maintain equilibrium [57]. As
already anticipated in section 2 and analogously to the one-dimensional examples, the
presence of an additional Poissonian noise { changes the above picture. Thus, consider
the equation

X=—-AX+¢€+¢ (36)

where, as usual, we denote the covariance of jumps U as I'. The correlations of the
process in the stationary state read

C(t)=eC (37)

with C = C(0). Note that equation (37) are equivalent to equation (33) and so C has
the same structure of C of a Gaussian process with noise matrix D =X+ A" (see
appendix D for further details). Since the system is driven by Poisson noise ¢ and it is
necessarily out of equilibrium, the previous observation means that Onsager relations
[58] fail to discriminate equilibrium and non-equilibrium systems. For the same reason,
also the Harada-Sasa equality that relates the energy dissipation to the violation of
Fluctuation-Response relation [59] it is not able to distinguish between equilibrium
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Figure 9. Temporal asymmetries of the Poisson-Brownian gyrator. Left panel:
angle 6 Vs t for the process driven by the compound Poisson noise (blue) and the
Gaussian noise orange. The average slope represents the stationary current j,. Right
panel: Degree of irreversibility AH (t) normalized to the value H(0). The degree of
irreversibility for the process driven by compound Poisson noise ( is shown in blue
while orange curve represents the Gaussian case. The parameters used for numer-
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and non-equilibrium dynamics®. Interestingly, in ‘equilibrium-like’ conditions, namely
AC = CAT, the system displays a non-vanishing rotational current (#) # 0, as one can
verify in the left panel of figure 9 which shows the cumulated 6 angle, i.e. fot dsf(s), as
a function of time. Thus, the Poisson-Brownian gyrator behaves as a linear Brownian
ratchet embedded in two dimensions. It should be noted that it is possible to find a
stall condition ((#) = 0) imposing different temperatures of the Gaussian baths (17 # T5)
so that a vanishing current does not imply anymore equilibrium. The non-equilibrium
nature of the system can always be inferred from higher-order correlation functions as
for instance from H,(t) = (x(t)z*(0)), as can be seen from right panel of figure 9 which
shows AH, for both the Gaussian and Poissonian cases.

Although in this case it is not possible to use energetic arguments for estimating the
entropy produced between two subsequent jumps, thanks to the linearity of the system
it is still possible to perform analytical computations, as detailed in appendix D. It
turns out that the entropy production rate S is given by

S=Tr [zéATZ‘lA . A} (38)

5 The Harada-Sasa equality is [59)
J= ’y/dw [C‘(w) - QTR'(w)]

where J is the rate of energy dissipation, C'(w) and R(w) are the Fourier transforms of the correlation function C(t) and the
response R(t), and the prime denotes the real part.
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which is exactly equation (35) with C replaced by C. It is important to stress that the
‘temperatures’ appearing in the denominators are those of the Gaussian baths only.
If one splits the correlation matrix in two parts C =C +C’ related to the Gaussian
and Poissonian covariance matrices respectively, the entropy production rate S can be
written as

S=Tr[2CA"S ' A— A] + 20T [C'A" S 1 4] (39)

where the first term is the usual entropy production of the Gaussian system while the
second term (always positive) is the contribution of the Poisson jump noise. When
Onsager relations (Aé :éAT) are satisfied, the entropy production rate attains its
minimum, that is

S=ATr[I'x'4]. (40)

Interestingly, the minimum is not unique and § = \Tr [FE*IA} whenever AY = X AT as
detailed in appendix D. Having an analytical formula for the entropy production rate,
it is natural to wonder how its empirical estimates behave in this case. Obviously, in the
analysis of the results it is necessary to keep in mind the limitations that have arisen
in the one-dimensional cases. In particular, in section 3.2, we have shown that it often
takes a gigantic amount of data to obtain reasonable estimates of S. In multidimen-
sional systems this problem is accentuated and therefore we expect it to impose severe
limitations on the achievable resolutions. In the following we consider situations where
the Poissonian noise acts only on one component (z). The panels of figure 10 show the
empirical entropy production S(e, At) as a function of both € and At for two different
trajectories duration (7 = 22 left, 7 = 2% right). From both figures it can be seen that
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for time scales small enough (At ~ 100) and spatial scales small but large enough to
have suitably large statistics (e ~0.1), the estimates of entropy production rate are in
good agreement with the theoretical predictions. Furthermore, comparing left and right
panels it should be noted that as the samples size increases the convergence of the
estimates S(e,At) towards the analytical prediction also improve.

To conclude, we discuss the behaviour of empirical estimates S(e,At) when only
partial information about the system is available. For example, consider the case in
which the time series of a single scalar variable has been observed. There is growing
interest around this topic, mainly due to the large number of thermodynamic bounds
on entropy production recently proposed relying both on thermodynamic uncertainty
relations (TURs) (see [60-63] and reference therein) or on other quantities such as
dynamical activity (also known as ‘frenesy’) [64, 65]. Generally, TURs provide a lower
bound of entropy production as a ratio between average and fluctuations of a steady
current. Thus, TURs strongly differ from coarse-grained entropy production S(e, At)
since the latter can provide non-trivial estimates, even if the system does not sustain
any steady physical current, as shown in section 3. In the Poisson-Brownian gyrator,
there are some natural one-dimensional variables among all possible one dimensional
signals: the radius p, the angle § and the two components z and y. Note that only the
angle 6 can be used in a TUR to provide a lower bound on entropy production since
it is the only variable which can display a current. For the other variables, the best we
can do is to study the empirical estimate S(e, At). Figure 11 shows these estimates as a
function of At for a given value of the spatial resolution €. The first thing to note is that
the estimates obtained from the y signal are practically zero. This is due to the fact
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Table 1. Table with the ratio of the empirical estimate of entropy production
S(e,At) and the theoretical value for different one dimensional signals. The last
row represents the estimate obtained with TUR.

Signal S(Emina Aﬁmin)/S
T 0.58

y 0.64-10*

) 0.23

2] 0.12

TUR 9.72-1073

that Poisson noise ( acts indirectly on y through the coupling with z. The best estimate
S(e,At) is obtained considering the signal z since it feels directly the jump noise (.
The estimates provided by the signals p and 6 are in between those provided by z and
y separately as p and 6 are non-linear combination of these two signals. This analysis
shows that in general the bounds of entropy productions on partially observed systems
strongly depend on the variables considered and therefore usually can not be considered
good proxies of the true value. This claim is supported by table 1 showing the ratio
between empirical estimates and theoretical value. As can be noted, from z and p one
gets estimates of the same order of magnitude of the theoretical value (60% and 20%
respectively). On the other hand, the estimate provided by the signal y is 10* times
smaller than the correct value. Interestingly, the signal 6 provides an estimate which
is one order of magnitude smaller than the theoretical value if one takes as empirical
estimate the coarse-grained entropy production S(e, At). However, if one employs the
TURY to provide a lower bound he gets a value which is two order of magnitude smaller
than the theoretical one. Therefore, in the case of discontinuous processes, we argue
that TURs, although technically valid, usually severely underestimate the entropy pro-
duction. This means that estimates of entropy production make sense when one has a
clear understanding of the model suitable for describing a phenomenon, otherwise the
results strongly depend on the chosen model.

5. Conclusions

In this work we have thoroughly discussed the role of non-Gaussian white noise, as
a driving force, on the non-equilibrium properties of a system. In particular, it has
been shown that Langevin equations driven by symmetric Poissonian noises do not
satisfy detailed balance and are therefore inherently out-of-equilibrium. However, non-
equilibrium manifests itself quite differently than in systems driven by Gaussian noise
and a plethora of unusual behaviours can be observed. For example, the absence of
currents or the symmetries of correlation functions do not guarantee anymore that the
system is in thermodynamic equilibrium. We have shown that, from an experimental
point of view, it is rather easy to evidence the breaking of time reversal symmetry

6 Formally the TUR is defined as TUR = lim;—; oo % where m(t) = (0, — 6p) and o%(t) = ((6; — 0)%) — m2(¢) [60, 61].
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by considering higher-order correlation functions. Nonetheless, these methods cannot
provide an intrinsic measure of the degree of irreversibility of a given system. Formally,
the difficulties are overcome by considering an information-theoretic quantity, namely
the entropy production rate S. We show that it is possible to provide explicit formulas
for the path probabilities of stochastic processes driven by both Gaussian and Poissonian
noise but unfortunately analytical expressions for S can be obtained in special cases
only. These cases play an important role because they underline that the ‘temperatures’
of the thermal baths in which the system dissipates are exclusively the Gaussian ones.
Thus, the entropy production diverges when the system is not coupled to Gaussian
thermal baths justifying the expression ‘athermal’ baths already used for Poissonian
noise [21, 23].

In addition to the analytical results, an empirical estimate of the entropy production
has been introduced, i.e. the e — At entropy production S(e, At) depending on the spatial
and temporal resolution scales. Numerical simulations provide clear evidence of the
goodness of this approach, although it often requires an immense amount of data to
converge to the analytical prediction. It therefore can not always be applied to the
analysis of experimental signals, especially in high-dimensional systems, since the finite
number of samples could lead to very inaccurate results. It is also worth noting that
for low temporal resolution a system may appear indistinguishable from one driven by
Gaussian noise. The ‘Poissonian’ gyrator is an explanatory example of the behaviour of
this type of system, revealing itself as an excellent test bed for discussing the estimates
of entropy productions from incomplete information. We have shown that the estimates
strongly depend on the chosen observables, varying even by four orders of magnitude
with respect to the theoretical value. It can therefore be concluded that without a deep
comprehension of the system under consideration, it is very difficult to provide accurate
estimates of its thermodynamics properties.
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Appendix A. The setting

In this section we are interested in discussing more in detail the non-equilibrium prop-
erties of stochastic processes introduced in section 2, i.e. stochastic processes in which
random jumps are added to a typical Wiener process. The dynamic of such processes
can be formally described by the following stochastic differential equation

X=FX)+&M)+ct)  X={a},_1n (A1)
where £(t) is a standard Gaussian noise with (§;(t)) =0 and (§;(¢)&;(t")) = X;;6(t —t')
while ((t) =>_,;U;0(t —t;) where both the intervals between to subsequent jumps
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t =t; —t;—1 and the amplitude of jumps U are i.i.d. drawn from the probability distri-
butions Q) (t) and P(U) = Gr(U) defined as

Q) (t) =AeM (A.2)

e—sU'TU A
U)=—F——. 3

Once the jumps in the time interval [0,¢) have been extracted (we assume that there have
been n jumps at times 0 < t; <ty < ... <t, <t of intensity U;,Us,...,U, and we denote
this set of values with KC,, = {t, U }r=1.,), since between two jumps we have a Wiener

process, we can write down the transition probability Wt(”)(X |Y,K,) from X(0) =Y to
X (t) = X of the whole process simply by suitably concatenating the ‘free’ propagators

Wt(o) (X|Y) of the Wiener process , those we have in absence of jumps (Ko =0), i.e.
W (XY, K,) = / [T [axwi,, (X = Uil Xe )| W2, (X1X,) - (A4)
k=1

where Xo =Y and fy, =0. The expression above is the starting point from which we
can deduce the non-equilibrium properties of such processes once we figure out how to
average over the jump distribution P(/C,,).

Appendix B. Averaging over the jump distribution

The aim of this section is to explain how to average generic functions over the jump
distribution. On one hand these calculations serve to clarify how to correctly define the
path probability that appeared in section 3, while on the other they are a necessary step
for the computation of the entropy production carried out in the following appendices.
First of all, since the distribution of the time intervals ¢; —t;_; between two jumps is
exponential, the probability of having n jumps in a time ¢ is Poissonian, i.e. Py(n|t) =
e M(\t)"/n!, while, given n and ¢, the distribution P(ty,...,t,|n,t) of the times {t; }r=1.»
in the interval [0,¢) is

i 0Kt <ta<...<t,<t
Pt taln,t) =4 " pefs eSSt (B.1)
0 otherwise
Putting it all together we get
P (KCult) = Pr([t) P (t, - taln, t) [ [ Gr (Uk) (B.2)

k=1
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with

> / dC,P(Kult) =1 | dK, = [] dtxdU¥n >0, P(Kolt)=e]. (B.3)

k=1,n

Now, we are able to compute the average F; = oo, [ dK,P(K,[t)F:(K,) of a generic
function of the type

KL):if(t—tk,Uk) Vn > 0. (B.4)

In fact, given t, if we assume that in the absence of jumps such function is F;(Ky) = ]_—t(o)’
we have

F—eMFY = —A’fZ)\”Z/ dtl/ dts.. / dty f (t—11) (t(_t 3{:)
n=1

= e NI/ (1) (B.5)
where f(t) degF F(t,U), L () Zn 1 () () )‘nZk 1 nk(t) and *

t [1 dts .. A 1dtk. f(t (t(_t 3{;)

n—=k
o) k. :
z1/0 dZQ.../ dz f ( k)( ) (B.6)

t) with respect to ¢t we get

d
d

/0
If we differentiate I,,{ x(
Ir () =To1pa (t) Vo k>1 (B.7)
and then
") = ZI'/;' O=HO+3 ¥ (z'f,{,1 O+ T ip <t>>
=2 k=2

n=2

So, since I,J:1( t) = f(t)t"1/(n—1)!, we have to solve the following linear differential
equation

TF) = NTF () = eMf(t)  with Z/ (0)=0 (B.9)

7 Note that the factor ¢"/n! is cancelled by its inverse present in the probability of having n jumps while factor (¢t — t;.)"/(n — k)!
is obtained by integrating over the values dtj. 1 - - dty.
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in order to get
F=eMF )+)\/ dt' f (). (B.10)
0

We can follow a similar approach in order to compute the average over the jumps for a
function like

Fo(Ko) =][Ft—t,Ux) Vn>0. (B.11)
k=1

In this case we have

F—eMFY = —”ZA”/ dt1 f ( t—tk)/tdtgf(t—tg).../t dt, f(t—t,)

t1 tp—1

— —AtIf( t) (B.12)
where, again, f(t) = [dUGr(U)F(t,U), I/ (t) = > o7 ZL(1),

F () = \" t 1 f(z " rof (x o o f (x
T =¥ [ 1)/0 daaf (@)... [ do.f @) (B.13)
and their derivatives respect to t read
) =M OT () vn>1 (H @) =20 (B.14)
TH) = M)+ FO)T (1) (B.15)

Once we solve the differential equation above (Z7(0) = 0) we get

Fi=e M (]:t(o) +exp {)\/t dt'f (t')} - 1) : (B.16)
0

B.1. Averaging over the stationary measure

Given the starting point X (0) =Y and the set of jumps in the time interval [0,t)
we define the average (f(X)|Y, IC,L>£n) of a generic function f(X) over the transition
probability Wt(n) (X|Y,K,) as

(PO = [ X (XY £ (). (B.17)

Once we average over the jump distribution also, i.e.

TV, =Y / A, P () ( (X) Y1) (B.18)
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we can look at the ¢t — oo limit to get the average over the stationary measure of the
process, i.e.

(f(X)>=/dX7T(X)f(X)= lim (f (X)[Y), (B.19)

t—00

where

_ hmZ/dlC P U)W (XY, (B.20)

Appendix C. Entropy production rate

In section 3 the entropy production S of a Markov process X has been defined as

1 P ({Xi}ocier) (S

but it has also been mentioned that it can be equivalently defined as

1 Wi (Y|X)
S= 1£%¥X7Y7T<X)Wt (Y|X)log (W) (C.2)

where W; (Y| X) denotes the propagator of the Markovian dynamics. Indeed, let h be a
fixed time step, t the duration of a trajectory and consider the quantities

N

St(h) = /dIL‘Qﬂ'(IEQ)H [d.’L‘Z Wh (.’L‘Z’_l — I‘Z)] 10g<r + Zl Wh (.I] 17 xj)
i=1 (5 j=0 Wh (zj = xj-1)

= xm(z)lo m (@) t xdy (x x 0 Wiz = y)
—/d ()1gm+h/ddy () Wh ( %y)lgm
=8)+tS; (h) (Cg)
and
Pt(x7y)
Sy (t) = | dxedyP,(x,y)lo =8y +1tS; (t C4
<>/y<y>gmo (t (C.4)
where
t=Nh (C.5)
_ 7 (z)
SU—/dxﬂ(a:)logm (C.6)
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1 W (x —
Si(h) = E/dxﬂ(a:)/dywh (x =) logM (C.7)
Wi, (y — .1:)
with representing the backward dynamics.
Defining &1 = limy,_,S1(h) one has
S =8 +tS) (C.8)
thm % = Sl == &55} (09)

proving that the two definitions of entropy production coincide. However, when the
process is discontinuous, the propagator also depends on the exact realizations of the
jumps, as can be seen from equation (20). Thus, at each time step h, the system evolves
according the propagator P, (z — y) = W (z — 3) depending on the number of jumps
n occurred in a time h. Therefore, in order to compute the entropy production S employ-
ing equation (C.2) we should consider the contribution to S coming from all trajectories
having n jumps and then average over the jump distribution.

To summarize the previous discussion, for computing the entropy production rate
of such processes we have to:

(i) consider the propagator of the reverse path for which we back-jump the system
using exactly the same times and intensities, i.e.

—mn a
WYX, K,) = / [T [ax Wi, (Xl Xe = U0 W2, (X1X) - (C.10)
k=1

(ii) compute the entropy production rate once ¢ and the jumps K, are given

(n)
n 1 n X Y? n
S i) = 1 [ axwl? (v tog ) (C.11)
t Wi (Y]X,Kn)
(iii) average over the jump distribution
Sy)=%" / Ak, P (K,) 8™ (Y, K,) (C.12)

n=0

(iv) remove the dependence on the starting point Y by averaging over the stationary
measure w(Y)

(v) take the ¢t — 0 limit

§=lms,. (C.14)
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Appendix D. Linear systems

As anticipated in section 4, in the case of the linear systems we are able to get an
explicit expression for entropy production rate because an explicit expression of the

free propagator Wt(o) (XY) is available, i.e.

WO (X|Y) = Ge, (X — 7Y (D.1)

t o)
C = / dt' e V'Ape A 2% o= / dte e 4" (D.2)
0 0

from which it is easy to get the propagator and its reverse in presence of the jumps

Wt(n) (XY, K,) = /ﬁ [kagCtrfk_1 (Xk —U, — e*(tkftkq)AXk_l)]
k=1

X ng,,tn <X — 6_(t_tn)AXn>

=Ge, (X —e My =" e(tt“)AUk) (D.3)
k=1

i - (-
WYX, K, = / I1 [kagcfkf,kfl (Xp_y — et (X, Uk)]
k=1
x G, , (X, — e mAX)

=G, (Y —e X +) e U). (D.4)
k=1

This implies that, given the jumps and the starting point Y, the entropy production
rate is
N

S = 5 [ d2Ge (2)W (2 €W (2) - (D.5)

where

W(Z) =Y —e X +) e
k=1

— _eftA (Z— (etA_i_eftA)Y_

n

<€(t7tk)A _ e*(t*tk)A) Uk) . (D.6)

k=1
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Now, we average over the jumps by using U;Ul =T'¢;; and by observing that, from
equation (B.10) we have

n n

SO Mt —t0) LN (1), = / AP () S (Mt~ 1) LN (£ — 1)),
k=1 k=1

n

=D L ()Y M (t = tr) Lo (1) Ny (= )

Im k=1

=AY Lim(t) /0 tdt’/\/lil (t") N ()

Ilm

=2 (/tdt’/\/l (t’)ﬁ(t)j\/'(t’))i' (D.7)

0

then, to eliminate the dependence on the initial state ¥ we can compute the covariance
matrix C = (X XT) over the stationary measure, i.e.

X[Y),=e™y =23 [X)=0 (D.8)
~ t / 1 AT
ctz(XXT|Y>t—<X|Y>t<X|Y>f:/ dt'e " (S 4 AD) et (D.9)
0
¢ =% C= (XXT>:/ dte M (S+AD) e ™ =C+AC’ (D.10)
0
C’:/ dte 4T 4" (D.11)
0

So, by putting it all together we get
S, =Tr [Cte_tATC;le_tA +é\(1 — e_QtAT) (- 6_2tA) — I] /2t

t
+Tr [F/ dt’ (et/AT - e_tlAT> e_tATCt_le_tA <et/A — e_t’A>] /2t. (D.12)
0

Finally, the limit ¢—0 is made by considering C, ~ ¥t and e * ~1—tA which
leads to

§=Tr|20ATS A~ A| = Tr [20ATS T A - A] +2\Tr [C'ATS 1 A] . (D.13)

It is easy to prove that, the Onsager’s equilibrium condition AC = CAT still leads to a
positive entropy production rate. In fact, since AC +CA”T =2CAT =¥ + AI" we have

S=\Tr[I's 4] . (D.14)
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We note that this value correspond to the minimum of the entropy production. Indeed,

2CAT =S+ AL+ A (D.15)

A=CA” — AC (D.16)
lead to

S=8(A)=ATr [T '4] + Tr [AX ' 4]. (D.17)

The variation of S due to a change in A can be written as
58 = T [(6A) 571 A] = 3" (6A), 550 A = Y (5A),, [(E‘lA)ji - (Z‘IA)ij] . (D.18)
ijk i<j

In cases where AY 7 EzilT, 0§ can not be equal to 0 and the minimum is obtained for
A =0, that is CAT = AC. Interestingly we have 6S = 0 whenever AY = X A”. Note that
the last condition does not imply Onsager relation. In fact,

AC = / dte™ M A(S+A)e (D.19)
0

CAT = / dte (T +AT) ATe ™ = AT — / dte A ANDe 4"
0 0

+ / dte 4 Axe 4" (D.20)
0

where the last equation has been obtained using integration by parts and imposing
AY = ATY. Thus, A takes the form

A=)I'-2 / dte M ANDe ™A =2 / dte AL AT AT
0 0

= / dte 4 (DAT — AD) ™4 (D.21)
0

which is not necessarily identical to the null operator.

Appendix E. Gradient systems

The procedure described in appendix C is rigorous but analytical computations can
rarely be carried out. Nevertheless, it is possible to obtain expressions suitable for
numerical computations for gradient systems in contact with a single thermal bath.
These expressions are those provided in section 3 for the one-dimensional linear case
as well as for the particle moving on periodic potentials. Consider a process X whose
dynamic is

X =-0xV(X)+V2TE(t) + > Ui (t—t;) (E.1)
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with (£(¢)&(t")") = 16(t —t'). Between two jumps, the entropy production is

VY)-V(X
S (X,Y) = () ( ) (E.2)
T
The entropy production rate once t and KC,, are given is
(n) _ 1y V(Xo) —V (X))
S (Ko XioK) = 77 3V (Xict U =V () + =0 (£.3)

where the last term vanishes when ¢ — +00. The average entropy production rate is

S:tiT<Z<V(Xk+Uk)—V > tTZPA (nft) ZZ Ul (E.4)

k=1 k=1 l=1

©° L. ..l
S =y v O 5
=1 =1 (> e l . 81,:' )

As mentioned in section 3, it is also possible to include a constant pulling force f in
the potential, i.e. V3(X)=V(X)— f-X. This modification only affects the boundary
term on the right hand side of equation (E.3) where it appears a term proportional to
f+-(Xo— X3). On average, this term converges to ( f - js)t giving rise to the first term on
the right hand side of equation (28).

E.1. One dimensional systems

For one dimensional systems it is possible to further simplify the expression for S. By
using the explicit formula for Gaussian moments

| 9\ m o
U?2m = % (%) U2m+1 — ) (E6)

one gets

This formula can not be simplified anymore without specifying the potential V(X). For
quadratic, periodic or quartic potentials one has
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1, Ao?
V(@)= a3 (8.
o 27T o )\ 27‘(‘ 72(71_0_/[/)2
Viz)=1 cosfa:—>8— T<cosfx> (1 e ) (E.9)
_0p P s 3,0 (B
V(z)= it —>S—3a2T ((w )+ 5 34 (E.10)
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