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First-order nonequilibrium phase transitions observed in active matter, fluid dynamics, biology, climate
science, and other systems with irreversible dynamics are challenging to analyze, because they cannot be
inferred from a simple free energy minimization principle. Rather, the mechanism of these transitions
depends crucially on the system’s dynamics, which requires us to analyze them in trajectory space rather
than in phase space. Here, we consider situations where the path of these transitions can be characterized as
the minimizer of an action, whose minimum value can be used in a nonequilibrium generalization of the
Arrhenius law to calculate the system’s phase diagram. We also develop efficient numerical tools for the
minimization of this action. These tools are general enough to be transportable to many situations of
interest, in particular, when the fluctuations present in the microscopic system are non-Gaussian and its
dynamics is not governed by the standard Langevin equation. As an illustration, first-order phase
transitions in two spatially extended nonequilibrium systems are analyzed: a modified Ginzburg-Landau
equation with a chemical potential which is nongradient and a reaction-diffusion network based on the
Schlogl model. The phase diagrams of both systems are calculated as a function of their control parameters,
and the paths of the transitions, including their critical nuclei, are identified. These results clearly
demonstrate the nonequilibrium nature of the transitions, with differing forward and backward paths.
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I. INTRODUCTION

Materials with identical microscopic constitutions can be
found in very different macroscopic states when external
conditions, such as temperature or pressure, vary. A major
achievement of equilibrium statistical mechanics is to give
a first-principles explanation of these phase transitions.
The theory posits the existence of a distribution, for
example, of Boltzmann-Gibbs type, that gives the proba-
bility of finding the microscopic system in any of its
possible configurations. Macroscopic properties like the
system’s density, magnetization [1], population number
in the ground state [2], etc., can then be deduced by
enumerating all the microscopic configurations consistent
with a given value of the chosen macroscopic observable
and identifying which of these values is most likely. This
information is typically encapsulated in a free energy,
usually referred to as Landau’s [3], whose local minima
identify the system’s metastable phases and whose global
minimum is its thermodynamically preferred phase.
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The statistical mechanics approach to phase transitions
rests on the assumption that the probability distribution of
the microscopic system is known. This information is
available for equilibrium systems, whose microscopic
dynamics is time reversible. In this work, however, we
are primarily interested in nonequilibrium systems, whose
dynamics is irreversible. Except for some special situations
where it can be computed exactly [4,5] or asymptotically,
e.g., via some thermodynamic mapping [6-9], the invariant
distribution of these systems is not known, in general.
Yet, these systems, too, can undergo phase transitions.
Examples include driven systems arising from active
matter [10-15], fluid dynamics [16,17], biology [18],
neuroscience [19-21], climate science [22,23], etc. The
description of such nonequilibrium phase transitions
requires a generalization of the equilibrium statistical
mechanics approach, in which we must consider the
probability of trajectories rather than configurations, see
Table 1 for a summary. Proposing such a generalization and
exploring its consequences is the aim of this paper.

More specifically, our approach is based on a minimum-
action principle in trajectory space that allows one to
characterize the pathways that some suitably chosen macro-
scopic variables follow with high probability. This principle
captures the effects of the microscopic fluctuations on the
macroscopic quantities of interest and applies for systems
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TABLE 1.

Correspondence of formalisms.

Equilibrium approach in phase space

Nonequilibrium approach in trajectory space

Microscopic weights

Macroscopic variable

Macroscopic weights

Probability distribution (e.g., Boltzmann-Gibbs
distribution) of the microscopic variables in state
space

Map from microscopic state space to coarse-
grained macroscopic space (e.g., spin values to
magnetization)

Marginal distribution of the macroscopic variables

Probability distribution (e.g., path integral) of the
microscopic trajectories

Map from microscopic trajectories in phase space
to macroscopic trajectories

Marginal distribution of the macroscopic

and associated free energy

Macroscopic predictions  Free energy minimization

trajectories and associated action

Action minimization

whose dynamics do not need to satisfy detailed balance.
Therefore, it offers a nonequilibrium generalization of
Landau’s free energy principle. In particular, the minimum-
action principle can be leveraged to estimate probability ratios
of state occupation as well as first-order phase transitions,
identified as the parameter manifold where metastable phases
are equally probable. The approach also lends itself naturally
to numerical computations, using the tailored-designed algo-
rithms developed here. The usefulness of these schemes is
demonstrated below via the thorough treatment on two non-
trivial examples of phase transitions with generic features.

A. Free energy principle at equilibrium

Letus begin with a short summary of Landau’s free energy
approach to equilibrium phase transitions, as this will be
useful to contextualize the nonequilibrium approach intro-
duced below. If we denote by ¢ the variable used to
characterize the macroscopic state of the system, its statistical
weight at equilibrium is obtained by summing the system’s
probability distribution over all microscopic states consistent
with a given realization of ¢. Performing this calculation
typically require sophisticated tools such as renormalization
group theory [24], the replica method, or the cavity method
[25,26], along with tools from large deviation theory [27]. It
generically shows that the statistical weight of ¢ is asymp-
totically given by exp[—V(¢)/e], where V(¢) is some free
energy to be calculated and ¢ is a small parameter that tends
to zero in the thermodynamic limit when the number of
microscopic constituents tends to infinity: As a result, the
theory predicts that the system will be found in the macro-
scopic state ¢ of minimum free energy with probability one
in this limit. This also explains equilibrium phase transitions:
They take place when the topology of the free energy V(¢)
changes as a control parameter, like the temperature or some
applied external field, is varied. For example, if V(¢) has two
wells whose relative depths change with the control param-
eter, a first-order phase transition occurs when the deepest
well becomes more shallow than the other well, and, as a
result, the macroscopic state of the system changes from the
first to the second.

B. Minimum-action principle out of equilibrium

Even in situations where the stationary distribution of
nonequilibrium systems is not known in general, we can
often write down the probability distribution of their
trajectories, using, e.g., path-integral approaches such as
the Martin-Siggia-Rose-Janssen-De Dominicis [28] or the
Doi-Peliti formalism [29] or Girsanov theorem. This offers
the possibility to generalize the micro-to-macro mapping to
trajectory space rather than phase space: That is, enumerate
all the microscopic trajectories leading to the same evolu-
tion of a macroscopic variable and thereby deduce the
probability weight of these macroscopic trajectories. While
these calculations are again to be performed on a case-by-
case basis, by analogy with the equilibrium setup we can
deduce some of the generic features of the result. Let us
discuss those next.

Assuming again that the macroscopic state of the system
can be described by a variable or field ¢ in some differ-
entiable manifold M [for example R?, S%, or L,(R9)],
working in trajectory space amounts to calculating the
probability weight of a macroscopic path {¢()},c0.7) by
enumerating the microscopic trajectories consistent with
{#(1) }1e(0,71 and summing over their probability distribution.
Generically, we expect the result of this sum to indicate that
the weight of the macroscopic path {¢(¢)},e(o.7) is asymp-
totically given by the factor exp(—Sy[¢]/¢€), where € is again
a small parameter that goes to zero as the number of
microscopic constituents in the system goes to infinity and
Sr[¢] is an action, that is, a functional of {¢(#)} o 71- The
specific form of this action depends on the problem under
consideration (examples are given below), but it typically
takes the form of an integral over a Lagrangian

S7lg) = A "Lig.d)ar. (1)

where ¢ = d¢/dr € T,M. The action Sy[¢] is the non-
equilibrium generalization of the free energy V(¢), and
minimization of S [¢] allows us to quantify the probability
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and mechanism of various macroscopic events in the limit
as € — 0. In particular,

(i) The probability that the system started in state ¢, at
time ¢ = 0 ends up in state ¢;, at time 7T is obtained
by summing exp(—Sr[¢p]/e) over all paths with
these end points. When € <« 1, the path with mini-
mum action dominates this sum, which means that
the aforementioned probability is asymptotically
given by

P[p(T) = dp|¢p(0) = ha] < exp (—inf Srg]/e).

(2)

where the minimization is taken over all paths
{#(t) } iz such that ¢(0) = ¢, and ¢(T) =
and < means exponential asymptotics; i.e., the ratio
of the logarithm of both sides in Eq. (2) tends to 1 as
€ — 0. The minimizer of the action also gives the
pathway by which the macroscopic transition event
occurs with probability one in this limit.

(i) The nonequilibrium invariant distribution of the
system can be characterized similarly via the qua-
sipotential defined as

V4, ($s) = inf inf Sy[g] 3)

where the inner minimization is again taken over
all paths {¢()},ep ) such that ¢(0) = ¢, and
¢(T) = ¢,. The quasipotential V4, (¢,,) plays a role
analogous to the free energy barrier from state ¢, to
@5, and it can be used to identify the possible phases
and formulate an equivalent of the Arrhenius law.
More precisely, ¢, is a metastable phase if V4 (¢,) <
V. (¢) for all ¢ in a vicinity of ¢, (i.e., ¢, is the
nonequilibrium equivalent of a local minimum on
the free energy); and, if ¢, and ¢; are the only
two metastable phases in the system, the asymptotic
rates of transition from ¢, to ¢, and ¢, to ¢, are,
respectively, given by
Koy < e”Valt)e, ko= eVl (4)
(iii) Equation (4) is a nonequilibrium generalization of
the Arrhenius law. It implies that the relative pro-
bability to find the system in states ¢, or ¢, on its
nonequilibrium invariant distribution is asymptoti-
cally given by
P(4y)/P(g,) = e n®)Valble ()
As aresult, with probability 1 as € — 0, the system is
in state ¢, if V, (¢y) > V,,(¢,) and state ¢, if
V. (@) < Vy,(¢s). By analyzing how the quasi-
potential varies in terms of the system’s control
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FIG. 1. Example of nonequilibrium phase transition in a toy
two-dimensional system with two metastable states (black
disks) and action Sy[x,y]=1 [T |x (x, )2+ |y = f(y,x)*]dt,
where f(x,y) = D(y —x) + x — x> + h + v(x — y)?. The param-
eters D and / are fixed to 0.5 and —0.1, respectively, while v is
used as a control parameter. The flow of the vector field f for
v = 0.5 is shown in the (a) and v = 1.5 in the (b). This flow is
nongradient (i.e., the deterministic dynamics is not steepest
descent over an energy) and has two stable fixed points ¢,
and ¢, which solve f(x,y) = f(y,x) =0 and which are the
possible phases in this toy example. The blue line represents the
most probable transition path (i.e., the minimizer of the action)
from ¢, to ¢, and the orange line is the most probable path from
¢y to ¢,. The thickest line indicates the path with the larger rate:
That is, ¢, is the stable phase when v = 0.5 (a), while ¢, is the
stable phase when v = 1.5 (b). The transition paths are calculated
with the method developed in this paper and cross-checked using
GMAM [30].

parameters, we can thereby identify nonequilibrium
phase transitions that arise when V,, (¢,) =V, (¢5)
and characterize their mechanism—the details of
these calculations are given below. We also refer the
reader to Fig. 1 for a graphical illustration in a toy
system of nonequilibrium phase transition whose
detection requires the formalism above. The figure
shows the reaction paths for a particle subjected to a
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Langevin additive noise in some nongradient force
field with two stable fixed points. The reaction paths
from ¢, to ¢, and from ¢, to ¢, do not coincide,
confirming the nonequilibrium nature of the system.
The relative stability of the fixed points is given by the
numerical computation of the quasipotential.

C. Hamiltonian formalism

The minimum-action principle described in the last
section offers a way to study transition events and phase
transitions in nonequilibrium systems. Concrete predic-
tions, however, rest on our ability to (i) derive the
Lagrangian used in the action (1) and (ii) minimize this
action as needed in Egs. (2) and (3).

Like in the equilibrium case, resolving the first issue is
again complicated, in general, and requires to be handled
on a case-by-case basis. When these calculations can be
done (see Sec. II for a list of examples), one often deduces
that L(¢, ¢) is given as the Legendre-Fenchel transform of
a Hamiltonian H (¢, 6):

L(g.¢) = sup [(0.9) — H($.0)], (6)

0eT ;M

where (-, -) denotes the scalar product in 7, M and 6 is a
field conjugate to ¢» whose physical meaning is explained
below. The form of the Hamiltonian H(¢,0) is also
problem dependent, but it is known in some instances;
see Sec. IT A.

Using Eq. (6), the minimization of the action can then be
formulated as a min-max problem:

0

S () = intsup [ [(6.0) = H(.0)ar. (1)

where the supremum is taken over all {6(¢)},e(o7) and the
infimum over all {¢(?)},co 7 such that $(0) = ¢, and

¢(T) = ¢;,. To get the quasipotential, we must also con-
sider an extra minimization over all 7 > 0 to Eq. (7), while
other applications may require adding terms to Eq. (7) or
modifying the boundary conditions for this min-max
problem. In most cases, these calculations must be per-
formed numerically. One of the main goals of this paper
is to develop robust numerical methods for these com-
putations. These methods aim to be general enough to
be applicable to a wide variety of systems that fit the
framework above; here, we also use them to solve some
nontrivial examples involving spatially extended systems
undergoing nonequilibrium phase transitions.

D. Related works

The Euler-Lagrange equations associated with the min-
max problem (7) are Hamilton’s classical equations:

What makes the problem nonstandard, however, are the
boundary conditions imposed on ¢(¢) at t =0 and r = T.
The nature of these boundary conditions suggests to use
shooting methods [31], as proposed, e.g., in Ref. [32], but
such methods scale badly with dimension or can even be ill
posed for the problems we are interested in, for which the
equation for 6 in Eq. (8) cannot be integrated forward in
time. Shooting methods are also hard to use when 7' = oo,
which typically arises when we consider infy. inf S7[¢].

To get around this difficulty, the minimum-action method
(MAM) proposed in Ref. [33] evolves the whole trajectory
{$(1)}cio.r) while keeping ¢ (0) = ¢, and (T) = g, fixed.
This amounts to performing gradient descent (GD) on
the action in the landscape of all authorized paths satisfying
these boundary conditions. Introducing the artificial opti-
mization time 7, GD results in the following evolution

equation for {¢(, 1) }0 rejo.7);

_ 887[4]

0.9 = , 7,0) = ¢,, 7, T)=¢,, (9
b==Sgn . PE0=be T = O
or using the Lagrangian formulation of the action
oL d (JL
0,p=—|——— (=1, 10
==l (&) 1o

with the same boundary conditions at t = 0, 7. The main

drawback of MAM is that it involves the Lagrangian L (¢, ¢)
rather than the Hamiltonian H(¢, ), and there are many
problems of interest where the latter is explicitly available
but the former is not. Solving Eq. (10) then requires one

to perform max,|[(¢, 8) — H(, 6)] for all t € [0, T] at each
iteration step in 7 to numerically get an estimate of the

function 9(¢, ¢b) such that

L(¢.$) = (9. 8(¢.4)) ~ Hp. (. ). (11)

Proceeding similarly, we can also obtain numerical estimates
for the derivative 0L/d¢ and (d/dr)oL/dd appearing on
the right-hand side of Eq. (10). This approach is used in
Ref. [34]. The downside is that Eq. (10) is a partial differential
equation in physical time #, optimization time 7, and possibly
space as well when ¢ and @ are fields; writing efficient
numerical solvers for such equations typically requires one to
use implicit schemes for numerical stability and/or effi-
ciency, and such schemes are hard to design without explicit

knowledge of 9(¢, ¢). This is why here we want to bypass

the computation of 9(¢, ¢b) and solve the min-max problem
in Eq. (7) concurrently by treating the minimization over ¢
and the maximization over € on equal footings.

If we now turn our attention to the quasipotential (3), an
extra minimization over all 7 > 0 must be added to the
min-max problem (7). The MAM can be generalized to
handle this problem by using a reparametrization of the
path {¢(?)}jo7) by arclength rather than physical time.
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This formulation leads to the geometric minimum-action
method (GMAM), in which the minimization over T is
performed explicitly beforehand [30]. GMAM is further
developed and used in Ref. [34,35], and a variant of it is
also recently proposed in Ref. [36] to compute the quasi-
potential by a spectral decomposition of paths and an
optimization of basis coefficients. However, these methods
are Lagrangian based, with the issues discussed before. We
show below how to use the ideas behind GMAM in a
Hamiltonian approach and, thereby, get an efficient method
to solve infy. ginf;S7[¢].

On the analytical side, the quasipotential is related to the
solution V(¢) of the Hamilton-Jacobi equation [37,38]

0= H(p,0V/op). (12)

This equation can be used to deduce some structural
properties of the quasipotential. It is a central object in
problems that can be tackled through macroscopic fluc-
tuation theory (MFT), and the review in Ref. [39] provides
numerous examples and useful insights. Reference [40]
also discusses how to perturbatively solve this equation in
systems that are close to equilibrium. In general, however,
Eq. (12) needs to be solved numerically, which is non-
trivial, since it is a complicated partial differential equa-
tion (or even a functional equation when ¢ is a field). In
dimension 2 or 3, this can be done globally using fast
marching methods like the one discussed in Ref. [41]. In
dimension higher than 3, these methods become inappli-
cable, and Eq. (12) must be solved locally by the method of
characteristics using the variational formulation of this
equation: This brings us back to solving infr.inf,S7[¢].

E. Organization and main contributions

The remainder of this paper is organized into theory,
numerics, and applications.

1. Theoretical results

In Sec. II, we give more details about the minimum-
action principle that is at the core of our approach. To this
end, in Sec. I A, we first present typical classes of
stochastic dynamical systems that display metastability
and nonequilibrium phase transitions and are amenable
to analysis via action minimization. For illustration, we also
use our method to compute the transition paths between
metastable states in two low-dimensional benchmark mod-
els, namely, the Maier-Stein model [32] and the Schlogl
model [42]. In Sec. IIB, we discuss the features of the
minimum-action framework in a general setup and sum-
marize the main outputs of the approach.

2. Numerical contributions

In Sec. 111, we present a numerical method for solving the
min-max problem (7). The scheme is based on performing
gradient descent-ascent (GDA) on the objective, which has

the advantage that it can be formulated directly in the
Hamiltonian setup. The main issue we need to address is
that, in our context, the GDA equations are partial differ-
ential equations of hyperbolic type in some optimization
time 7 and physical time ¢, to be solved with boundary
conditionsatt = O and ¢t = T. In Sec. III A, we show that a
simple linear change of variables in these equations allows
us to reformulate them in a way that is convenient for
numerical solution via Strang splitting. In Sec. III B, we
then generalize this scheme to compute the quasipotential
when an extra minimization over 7 is added to Eq. (7). This
is done by using a geometric formulation in which the paths
{¢. 0} (0.1) are reparametrized using normalized arclength.
This allows us to handle the minimization of T efficiently
and calculate paths whose duration in physical time is
infinite but whose length remains finite.

3. Applications

In Secs. IV and V, we then use the methods we propose
to analyze two spatially extended nonequilibrium systems
that display first-order phase transitions. The method is
relevant in regimes far from critical points but close to the
first-order transition line. In Sec. IV, we study a modified
Ginzburg-Landau (GL) dynamics subject to an additive
Gaussian white noise. The noiseless evolution of the field
is nongradient with two stable fixed points; the noise
makes these points metastable, and we must resort to
minimum-action algorithms to compute the nonequili-
brium transition pathways between them. The action
along these paths allows us to estimate the relative
probability of the metastable states. We use this procedure
to compute the phase diagram of the system in function of
two control parameters. In Sec. V, we study a spatially
extended version of the Schlogl model, in which the
fluctuations are driven by both diffusion of the micro-
scopic molecules and reactions between them. This
system displays a first-order nonequilibrium phase tran-
sition in terms of the diffusivity of the molecules, which
we characterize. We also show that the predictions of the
minimum-action approach explain the transition events
observed in the microscopic system.

Some other possible applications of our approach are
discussed in Sec. VI, and concluding remarks are given in
Sec. VIIL. Technical developments are deferred to several
Appendixes.

II. PROBLEM SETUP AND INTERPRETATION

The aim of this section is to provide a better motivation
of the minimum-action principle introduced in the intro-
duction and pinpoint some of its key predictive features.
For the reader’s convenience, we begin by listing a
collection of motivating problems where the formalism
applies. In Sec. II B, we then put the approach in a broader
context and explain how to use it to analyze metastability.
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A. A collection of motivating problems

The first two examples (a and b) involve no coarse-
graining from micro-to-macro and are included because
they are simple and transparent; the last three examples
(c—e) require one to define proper macroscopic variables to
derive the minimum-action principle and its Hamiltonian.

(a)

(b)

Diffusion in detailed balance.—Consider the motion
of a particle x(#) € R? whose evolution is governed by
the overdamped Langevin equation
x =-=VU(x)+ V2kTn(1), (13)
where U(x) is some potential, k7" is the product of
Boltzmann constant k and the temperature 7', and #(z)
is a white noise. The dynamics (13) is in detailed
balance with respect to the Boltzmann-Gibbs proba-
bility density function p(x) = Z~'e"VW/AT where
Z = [pa e”YO/KT gx If the potential U(x) has multi-
ple local minima and the temperature k7 is much
smaller than the barriers between them, Eq. (13)
displays metastability: The system stays confined
for a long time in the well around a minimum of
U (x) before finally hopping to another well where the
process repeats. In this example, we can use a WKB
expansion to analyze the Fokker-Planck equation
associated with Eq. (13). The eikonal equation ob-
tained at leading order in k7 is a Hamilton-Jacobi
equation whose Hamiltonian is given by
H(x,0) = —(0,VU(x)) + |6|*. (14)
This Hamiltonian is the one to be used in the min-max
problem (7), as can also be proven rigorously using
Freidlin-Wentzell large deviation theory (LDT) [37].
In this example, the quasipotential V, (x,) can be
calculated explicitly. If x, and x; are the locations of
two local minima of U(x) with adjacent wells, the path
minimizing the action (3) is the minimum energy path
between these two points, and V, (x,) is given by
an (xb) = U<xs) - U(xa)’ (15)
where Ul(x,) is the energy of the saddle point of
minimum height (also known as mountain pass)
between x, ad x,. Thus, we recover the Arrhenius
law for the rate of transition from x, to x,:
kyp = eV ()/KT — p=[U(x)=U(x,)]/KT (16)
Diffusion out of equilibrium.—The picture above can
be generalized to systems whose evolution is de-
scribed by the stochastic differential equation (SDE)

X =b(x) + Veo(x)n(r), (17)

(c)

041044-6

even if this equation is not in detailed balance; i.e., it is
not possible to write the drift b(x) as —D(x)VU(x) +
kTV - D(x) for D(x) = (667)(x) and some potential
U(x). Metastability is observed with Eq. (17) in
situations where the noiseless deterministic system
X = b(x) has multiple stable fixed points and the noise
amplitude is small but finite: The system hovers for
long times in the basin around one of these fixed
points, but a noise-driven transition to another basin
eventually occurs. These transitions can be described
by the minimum-action principle using the Hamilto-
nian which can again be obtained via WKB analysis of
the Fokker Planck equation associated with Eq. (17).
It is given by

Hx,0) = (b(x).0) + 5 lo(OP.  (18)
Given two stable fixed points x, and x;, of X = b(x)
with adjacent basins of attraction, it is no longer
possible, in general, to solve Eq. (3) analytically
and calculate V, (x;,)—to do so requires numerical
tools of the type developed below. Still, we know that
the rates of transition from x,, to x;, and x,, to x,, satisfy,
respectively,

k(/l,h = e_vxa<xb)/€’ kb,a = e_vxb(xu)/e’

(19)
and, with probability 1 as ¢ — 0, the system per-
forms the transition by following the optimal path
minimizing Eq. (3)—for an illustration in the context
of Maier-Stein model [32], see Fig. 2. The results in
SDE with small noise of this type can be made
rigorous using the Freidlin-Wentzell theory of large
deviations (LDT) [37].

Reaction networks.—Consider a well-stirred chemical
network between M chemical species, where the
quantity of species i is denoted X;. Define the
population vector X = (X, ..., X),)?, and assume
that there are R reaction channels with rates w;(x)
and change (stoichiometric) vectors v; € Y ie.,

w;(X
X2 Xy, j=1...R (0
When the typical number of agents, , tends to
infinity, the dynamics of x = X/Q is captured by

the mass-action law

R
X = ij(x)vj,
=1

and the minimum-action principle is useful to quantify
the effects of fluctuations when the number of
agents is large but finite. In particular, metastability
arises if Eq. (21) has multiple stable fixed points

(21)
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FIG. 2. Optimal reaction path in the Maier-Stein model [32]:
The evolution of (x,y) € R? is governed by the SDE x = x —
= pxy? +V2en1, ¥ =—(1+x)y + V2en,, where ;, are
independent Gaussian white noises and £ some parameter (here,
p = 10). The flow lines of the noiseless model (¢ = 0) are shown
as gray lines in (a), and the background color indicates the
magnitude of the drift (darker means larger): There are two stable
fixed points x, = (—1,0) and x;, = (1,0) (black disks) and one
unstable fixed point x. = (0, 0) (black cross). When ¢ is small but
finite, these two fixed points become metastable, and the noise
induces transitions between them: The most likely path from x, to
Xp, 18 the minimume-action path, which is shown as the blue line.
Also shown as a red dashed line is the heteroclinic orbit between
x, and x,: This orbit is different from the minimum-action path,
indicative of a nonequilibrium transition. (b) shows the increment
of the action along the minimum-action path and the heteroclinic
orbit, confirming that the former is more likely.

(see Refs. [43,44]), and it can be analyzed using the
Hamiltonian

H(x,0) =

ZW] (x)(e ;0 —1)

Here, too, this Hamiltonian can be obtained rigorously
via Freidlin-Wentzell LDT, formally via WKB

(22)

(d)

041044-7

analysis of the system’s master equation [43,45]
(see also the appendix in Ref. [13] for a pedagogical
derivation), or via a Doi-Peliti field theory computa-
tion [29,46-48]. If x, and x;, denote two stable fixed
points of Eq. (21) with adjacent basins of attraction,
the rates of transition from x, to x;, and x, to x, are,
respectively, given by

QVx (Xb)

ka,b = e~ a _Q'V)cb(xa)7

ky,=e (23)
and with probability 1 as Q — oo, when the network
performs the transition, X/Q follows the optimal path
minimizing Eq. (3). This minimization needs again to
be performed numerically, in general. As an illustrat-
ing example, Fig. 3 displays reaction paths in the
bistable Schlogl model with two reactive compart-
ments: This model belongs to the class of reaction-
diffusion networks that are properly introduced in
Sec. V. Note that if we reduce the number of compart-
ments to one, the quasipotential of this model can be
explicitly obtained from the Hamiltonian; see Fig. 4.
Interacting particle systems.—Consider N particles
x; EACRY i=1,... N, that evolve according to

1 &
X = )+ — Zk X\ X;)
]:1

(xi)mi(6), (24)

where b(x) is a drift as in Eq. (17), k(x,y) is some
interaction kernel, and #;(¢) are independent white
noises. To analyze such interacting particle systems,
it is convenient to introduce the empirical density
of the particles: py(z,x) = N7' SN 5x — x;(1)]. As
N — oo, this empirical density converges toward the
density p(t, x) that satisfies McKean-Vlasov equation

0 =~V [B(x. o] + 599 (D],

(25)
where B(x, [p]) = b(x)+ [pak(x,y)p(y)dy and D(x) =
(667)(x). Large fluctuations away from the mean-field
dynamics (25) can be captured by the minimum-action
principle, by using the Hamiltonian

/VG

/ | VO() - k(x y)p(x)p(y)dxdy
R4x R

—I—;Ad lo(x)VO(x)|*p(x)dx

This Hamiltonian can again be derived rigorously using
LDT [49], and it formally follows from a WKB analysis,
now performed on the functional master equation for the
empirical particle density.

x)p(x)dx

(26)
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(b) 0.035

= Forward minimizer, S=0.0066
0.030 4 —— Backward minimizer, $=0.0047

0.025 +

0.020

ds

0.015 +

0.010 +
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0.000
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S

FIG. 3. Optimal reactions paths in the bistable Schlogl model
presented in Sec. V, with two reactive compartments and where
the particles are allowed to jump from one compartment to
another at rate y. This system belongs to the class of reaction
networks. Here, the Hamiltonian is given by H = HX + HP
with H® =32 wh(x;)(e% = 1) + w™(x;)(e7% — 1) and HP =
2 yxi(e%17% 4 e%+170 —2). The flow lines of the mass-
action law are shown in (a), along with its stable fixed points
(black dots) and unstable fixed points (black crosses). When the
number of agents is large but finite, these stable fixed points
become metastable states, and the most likely paths between them
are shown as full lines in blue and orange. Also shown as a
dashed red line is the heteroclinic orbit. All three paths differ,
indicative of a nonequilibrium transition. (b) shows the increment
along the action of the two minimum-action paths, indicating that
the bottom left state is most stable under random fluctuations.

(e) Fast-slow systems.—Consider a system made of a pair
of variables (x,y) € R™P whose evolution is gov-
erned by

X = f(x,y),
y=a'b(x.y) +aPo(x,y)m(r),  (27)

where a > 0 measure the separation of timescale be-
tween x and y. For small e, this separation is large, and y

(a) x107*
0.02 8
7
6
5
0.01 A 4
3
2
@ 1
0.00 0
-1
-2
-3
-0.01
-4
5
-0.02
() ~0.304
~0.306
~0.308 A
t» -0.3104
-0.312
~0.314
~0.316
04 06 08 10 12 14 16 18 2.0
¢
FIG. 4. (a) Contour plot of the Hamiltonian H(¢, ) of the

bistable Schlogl model introduced in Sec. V [Eq. (71)] with a single
reactive compartment containing a large number of particles Q2. The
two black disks show the stable fixed points ¢, (left disk) and ¢,
(right disk) of the law of mass action valid when Q — oo, and the
orange square shows its unstable fixed point at ¢p; = 1. The solid
and dashed white lines show the level set H(¢, 6) = 0 on which the
solutions to Hamilton’s equations (8) evolve in the limit when
T — oo. The horizontal dashed line at & = 0 corresponds to the
noiseless dynamics of the mass-action law by which the system
relaxes to one of the two stable fixed points ¢, or ¢, by moving in
the direction of the white arrows. The solid white line, to follow in
the direction of the black arrows, shows the solutions of Hamilton’s
equations on H(¢,0) = 0 at & # 0: These trajectories indicate the
most probable path by which the fluctuations can drive the system
away from ¢, and ¢, and induce transitions when reaching ¢,. In
this example, the action required to drive the system away from ¢,
to some ¢ < ¢, in its basin of attraction is the area between the
white and the dashed solid lines, going from ¢, to ¢: This area is
also the quasipotential V,, (¢) for ¢ < ¢, and V5, () for ¢ > ¢,
can be defined similarly. (b) Global quasipotential V(¢) obtained
by gluing the two quasipotentials V, (¢) and V,, (¢) at ¢ = ¢,
after vertical shifting; V(¢) is also the viscosity solution of the
Hamilton-Jacobi equation (12).

evolves much faster than x. In particular, when a — 0,
the dynamics of x is effectively captured by the deter-

ministic limiting equation

x = F(x), (28)
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where F(x) is obtained by averaging f(x,y) over the
stationary distribution of the equation for y at x fixed,
assuming that it exists. This equation defines the so-
called virtual fast process, which on the fast timescale
T = at reads

dy,/dt = b(x,y,) +o(x.y,)n(r) (x frozen). (29)

Denoting by E* the expectation over the stationary
distribution of y,(z), the function F entering Eq. (28)
is given by

F(x) = Ef(x, y)- (30)

If we want to analyze the effect of fluctuations on the
dynamics of x when « is small but finite, we can use
the minimum-action principle with a Hamiltonian that
can be derived from LDT [50-53]:

H(x,0) = logE"exp [(0, f(x,y.))].  (31)

In general, this Hamiltonian needs to be calculated
numerically, which makes slow-fast systems of the type
above more difficult to treat than the models previously
discussed in this section. Still, provided that we can
design some numerical routine to estimate H as well as its
derivatives 0,H and dyH, the numerical methods pre-
sented below are applicable in the context of slow-fast
systems, too. In models of this type, € = a.

B. General setup

The problems listed in Sec. II A all share a Hamiltonian
with the following features:
(A1) H(¢,0) =0 for all ¢ € M,
(A2) H(¢p,0) is strictly convex in @ for all ¢ € M,
(A3) H(¢,0) is twice differentiable in both its arguments.
Assumptions Al and A2 follow from the fact that,
generically, the Hamiltonian can be expressed as a cumu-
lant generating function, i.e., in the form of an expectation
generalizing Eq. (31):

H(¢.0) = log E? exp (6. F(¢. y,))]. (32)

where F is problem dependent and the expectation is taken
over the statistics of some underlying process y, condi-
tional on ¢ being fixed. Assumption A3 is added for
simplicity, as it guarantees that Hamilton’s equations (8) are
well posed.

The aim of this section is to discuss at a generic level the
meaning we can give to the min-max problem (7) assuming
that the Hamiltonian satisfies these assumptions. In par-
ticular, we show that the conjugate field 6 appearing in the
min-max problem (7) can be generically interpreted as
measuring the mean effects of the fluctuations in the system
dynamics needed to achieve some rare event and the
minimum of the action as the total cost of these fluctuations
from which the probability of the event can be estimated as

well as its mechanism and rate (if we add the minimization
over T > 0).

1. Mean behavior

To begin, notice that, for the interpretation that 6
measures the effects of the fluctuations to be consistent,
the stochastic system under consideration should, in some
appropriate limit in which the fluctuations disappear,
satisfy the deterministic evolution equation obtained by
setting & = 0 in Hamilton’s equations (8):

¢ = 9pH($.0 = 0). (33)

For example, returning to the problems mentioned in
Sec. T A, Eq. (33) reduces to the ordinary differential
equation X =bh(x) as ¢ >0 in the SDE (17) with
Hamiltonian (18); to the law of mass action (21) as
Q — oo for the reaction network (20) with Hamiltonian
(22); to the McKean-Vlasov equation as N — oo for the
interacting particle system (24) with Hamiltonian (26); and
to Eq. (28) as @ — 0 in the slow-fast system (27) with
Hamiltonian (31). More generally, under our assumptions,
the solution of Eq. (33) is indeed a special solution with
0(t) = 0 of Hamilton’s equations (8), since assumptions
Al and A3 imply that d,H(¢,0) = 0 for all ¢.

2. Impact of the fluctuations

At the same time, the solution to the deterministic evolu-
tion (33) with ¢(0) = ¢, does not satisfy ¢(T) = ¢,
in general. Therefore, for general boundary conditions
¢(0) = ¢, and ¢(T) = ¢h;, the solution of Eq. (8) must
have (1) # 0—in the minimum-action framework, this is a
reflection that in the original system fluctuations are needed
to drive the system’s trajectory away from the solution of
Eq. (33), and the value of 6(¢) # 0 allows us to quantify the
cost or probability of observing the event ¢p(T) = ¢,, given
that ¢(0) = ¢,. Specifically, under the strict convexity
assumption A2, we have

(0,00H(0,$)) — H(¢,0) 2 —H(¢,0) =0, (34)

with equality if and only if 6 = 0. Since ¢ = dyH (¢, )
along the solution to Hamilton’s equations (8), we deduce
that along this solution

infS () = inf /0 (0, 0pH ($,0)) — H(p, 0)]dt > 0. (35)

Thus, the action S7[¢] can be indeed interpreted as a cost,
which is zero only if 6(zr) = 0 (i.e., when the event can
occur without fluctuations) and is strictly positive other-
wise (i.e., when the event requires fluctuations). For the
problems listed in Sec. II A, the form of the integrand
(0,00H) — H is |o(x)0]>>0 for the SDE (17);
SR a;(x)((v;. 0)ev? — €9 +1) > 0 for the reac-
tion network (20); 1 [ns|o(x)VO(x)[*p(x)dx > 0 for the
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interacting particle system (24); and E*f(x, y,)e®/(x3x))/
E*el?f(xy2) — H for the slow-fast system (27).

In this interpretation, minimizing S;[¢| amounts to
minimizing the cost of the fluctuations or, equivalently,
finding the most likely fluctuation that drives the event
¢(T) = ¢, given that ¢(0) = ¢,, leading to the asymptotic
estimate (2) for the probability of the event.

3. Long-time limit

Turning now our attention to the problem
inf75oinf;S7[¢], its interpretation is easiest if we assume
that the noiseless equation (33) has N stable fixed points
¢15 ¢a, ..., Py, and the basins of attraction of these fixed
points under Eq. (33), denoted respectively as By, ..., By,
partition M = UY_, B; (note that B, N B; = @ if i # j by
definition). In this case, we can calculate the quasipoten-
tials V,, (¢;) of every ¢; and ¢; with i # j such that these
points have adjacent basins: These are defined as
V4, (@) = infr.oinf,; Sy (@] for all paths {¢(7) }7ep 71 such
that ¢(0) = ¢;, ¢(T) = ¢;, and ¢(t) € B; U B; for all
t € [0,T]. Consistently, we also set V, (¢;) = +oo if B;
and B; have no common boundary. These quasipotentials
quantify the cost of the fluctuations needed to escape ¢;
conditional on entering ¢; next, and these costs can be used
to deduce the asymptotic rate of these transition events.
More precisely, as the parameter ¢ measuring the amplitude
of the macroscopic fluctuations tends to zero, the system
dynamics can be approximated by a Markov jump process
(MJP) between the metastable states ¢, ..., ¢y, with rates
given asymptotically by

ij=1,...N (i#)). (36)

ki,/’ — e—V¢,-(¢,')/€’
Questions about the asymptotic behavior of the system’s
dynamics can be answered by analyzing this MJP. Since the
rates are all vanishing exponentially at different rates as
€ — 0, this process is quite singular and can be analyzed by
the method of decomposition into cycles developed by
Freidlin and Wentzell [37] (see also Ref. [38]). This method
is, however, rather intricate, and in practice it is often
simpler to solve specific questions in the MJP directly (e.g.,
what is its invariant distribution or what is the mean first
passage time from state i to state j) and take the limit as
e — 0 afterward. Note also that the quasipotentials V, (¢)
for i=1,...,N can be used to construct a global non-
equilibrium potential V(¢), solution of the Hamilton-
Jacobi equation (12) [37,38]; since this construction is
not doable in practice for the high-dimensional examples
we are interested in, we do not dwell upon it here. We do,
however, look at the minimizers of inf7 inf S7[¢], which
can exist if the path {¢(#)} o7 is reparametrized using
arclength rather than physical time on any minimizing
sequence: These geometric paths give the mechanism of the
transition between ¢; and ¢;.

The statements made in this section summarize what can
be deduced from the minimum-action principle when it
applies. As stated earlier, the starting point is always an action
giving the weights of trajectories of the stochastic system,
whether in or out of equilibrium. This action can be obtained
rigorously in specific cases using, e.g., tools from LDT, in the
small noise [37] and weak interaction limit [49], or in more
complicated setups involving hydrodynamic limits [54,55].
This is notably how the starting point of MFT can be
rigorously derived [56]. These approaches may directly
yield the Lagrangian of the dynamics, when the noise
structure allows for it. A second route to obtain the action
can be to start from the master equation and write the
probability density with a WKB approximation. This is
typically the route followed to study chemical networks
and population dynamics [45]. It leads to the Hamilton-
Jacobi equation, which is a convenient starting point to
derive analytical results on the quasipotential [7,39]. The
Lagrangian is then implicitly defined as the Legendre
transform of the Hamiltonian. Finally, one must mention
derivation based on the path-integral formulation. In parti-
cular, the Martin-Siggia-Rose-Jensen-De Dominicis formal-
ism [28] or the Doi-Peliti formalism [29] lead both to an
action that can be interpreted as above (with H satisfying
assumptions Al, A2, and A3). The search of the saddle
points of the action is similar to the min-max problem (7) and
gives again the most probable path between two system
configurations.

The numerical methods that we propose below are of
general purpose and are designed with such general
situations in mind.

III. COMPUTATIONAL ASPECTS

A. Min-max on the action as a
wave propagation problem

In this section, we discuss how to solve the min-max
problem stated in Eq. (7), i.e.,

iI(/l)fST (@] = m}n max I7[9. 0], (37)
where we define the functional

I114.0) = /0 (.0 H@p 0N (38)

and the optimization is to be performed over trajectories
{#(1),0(t) },e07) subject to the boundary conditions
¢(0) = ¢p, and ¢(T) = ¢,. By assumption A2, the func-
tional /7 is strictly concave in 6; assuming that it is also
locally convex in ¢ around the local minimizers of S;[¢], it
is established [57,58] that this min-max problem can be
solved by amortizing the minimization and maximization
over small alternating steps of steepest descent in ¢ and
steepest ascent in 6. If these alternating steps are infini-
tesimal in some artificial optimization time z, this GDA
method leads to the evolution equation
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0. = —adly /5. ad,0=05l;/50,  (39)

where for convenience we introduce a parameter @ > 0 that
sets the relative timescales over which ¢ and 0 evolve—in
the jargon of GDA, this is referred to as two-timescale
GDA [59]. Calculating the functional derivatives, the
system (39) is explicitly given by

0.0 = ad,0 + adyH, 0,0 = 0,¢p — 0yH. (40)
These equations for {¢(z,1),0(z, 1)} are to be solved with
the boundary conditions (in physical time ¢)

Pr.1=0) = Prt=T)=¢, (41)

for some initial conditions (in optimization time 7)
d(r=0,1) = ¢°(1),

with ¢°(¢) such that ¢°(0) = ¢, and ¢°(T) = ¢,.

Itis easy to see that the fixed points (in 7) of Eq. (40) are a
solution to Hamilton’s equations (8) that satisfy ¢(0) = ¢,
and ¢(T) = ¢,,. In Appendix A, we show that (i) there is a
one-to-one correspondence between the fixed points of
Eq. (40) and the critical points of the action S7[¢], and (ii) if
a is small enough, these fixed points are stable if and only if
they are local minimizers of the action. Thus, solving Eq. (40)
is indeed a way to perform inf,S7[¢]. For illustrative
purposes, we derive in Appendix B how the GDA converges
to the instanton for an Ornstein-Uhlenbeck process.

Let us now show how to put Eq. (40) in a form that is
convenient for numerical integration. Since Eq. (40) is a
hyperbolic system of partial differential equations (PDEs),
it is useful to diagonalize the problem, introduce the fields
u=¢ -+ ab and v = ¢ — af that propagate along charac-
teristics, and verify

O(z=0,1) =00, (42)

o.u = du+ f(u,v), (43)
0,v = —0,v + g(u,v), (44)
where we define
f(u,v) = adyH — dyH, (45)
g(u,v) = ad,H + dyH. (46)

The boundary conditions now involve only the propagating
fields

v(r,t =0) = —u(zr, 1 =0) + 2¢,, (47)
u(t,t=T)=—v(r,t =T) + 2¢,. (48)

This formulation shows that the system made of Eqgs. (43)
and (44) is well posed under these boundary conditions (see
Ref. [60]), since the fields » and u propagate, respectively,
forward and backward in physical time ¢ as the optimiza-
tion time 7 increases. It also immediately suggests an
algorithm to solve Eqs. (43) and (44) based on Strang
splitting [61]: To update the fields at every iteration step in
7, first update u at v fixed by propagating the final condition
att = T for u in Eq. (48) toward ¢t = 0 using Eq. (43) with
forward differentiation in ¢, and then update v at u fixed by
propagating the initial condition at # = 0 for v in Eq. (47)
toward ¢t = T using Eq. (44) with backward differentiation
in t. Of course, the convergence does not change if the
algorithm starts by updating » before updating u.

In practice, the continuous paths ¢(z,7) and 6(z, t) are
discretized in physical time on M + 1 points with index
iel=1{0,....,M} such that T = MAt, and we use index
n € Ny to encode the evolution of the paths in optimization
time 7 using steps of size Az, so that for any field w(z, 1),
w! =y"(iAt). The details are given in Algorithm 1.
The stability of the code relies on two important features.

Algorithm 1. Action minimization by gradient descent-ascent.
1: Inputs: M € N; a path {¢?},o; with ¢ = ¢, and ¢3, = ¢,; the functions f(u,v) and g(u,v); T > 0, Az >0, a > 0.
2: Initialization: For every i € I, take 60 = 0, and set u? = ¢? + af? and 0¥ = ¢? — at?; set At =T/M.
3: for n>0 do
4: Update u with an implicit upwind scheme; namely, solve {u""'},; sequentially from i = M to i = 0 using
unM+] = _U/rll/[ + 2¢b’
u(t+l _ u:[ u;’l+1 _ ulr_H»l .
v + A Hf ), =M =1,0,
S: Update v with an implicit upwind scheme; namely, solve {v"'},.; sequentially from i = 0 to i = M using
1}8+] — _u6l+l + 2¢)aa
n+l _ on n+l _ ,n+l
v; . v; _ _ v; Atvt—l +g(1/l?_+11, /U;l_])y i = 17 ...,M.
6:  Compute {¢!"" =L (uf"" + ")} and {0/ = Lot (u!t! — 07t }g, GF needed).
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First, advection of the fields is treated with an implicit
upwind scheme for both » and u. Second, reaction terms g
and f are also evaluated on an upwind grid point with respect
to the direction of advection. Reaction terms could also be
evaluated on site i, but we empirically find that the upwind
implementation strongly stabilizes the code when dealing
with spatially extended diffusive fields. The stability analysis
of the numerical scheme is detailed in Appendix C.

We should also emphasize that our interest resides in the
fixed point of the dynamics that solves Hamilton’s equation
in physical time ¢ rather than in the details of the dynamics
in algorithmic time 7z, which has no physical relevance. This
consideration enjoins us to look for the largest time step Az
that still provides a converging algorithm. The time step At,
however, crucially needs to remain smaller than some
characteristic time 7, needed to correctly resolve the
dynamics of the instanton. This issue is discussed in more
detail in Appendix C.

Finally, itis important to mention that a higher-order finite-
difference stencil for the advection of the fields can be
implemented while keeping the same algorithmic complex-
ity. Such a scheme can significantly improve computation
time, since we need a smaller number of grid points to get the
same accuracy as the first-order scheme, introduced in the
text for the purpose of simplicity. The second-order scheme is
presented in Appendix D. The various implementations of
the algorithm are accessible in [62].

B. Geometric formulation on unbounded time intervals

Let us now turn to the min-max problem

V. (s) = inf inf S7[¢] = inf inf sup /7 (9.6, (49)

where I7[¢, 0] is the functional defined in Eq. (38) and the
inner min-max is again to be performed over trajectories
{#(1),0(1) },e077 subject to the boundary conditions
$(0) = ¢, and $(T) = .

In general, a trajectory {¢(7),0(1)},e 71 of finite time
duration 7 cannot solve Eq. (49); i.e., we can always
reduce the value of the inner min-max by increasing 7'. This
lack of optimizer complicates the solution of Eq. (49). To
proceed, it is useful to follow the strategy of the GMAM
in Ref. [30] and parametrize the physical time as #(s)
for s €[0,1]. Writing dt/ds = A~'(s) and introducing
[D(5).0(s5)] = {@[t(s)],0[t(s5)]}, the minimization over T
in Eq. (49) can be turned into a minimization over A:

Lo
Vo) = minminmax [ (#.0) =17 H(.D)as

(50)

where 4?5/ = dg?ﬁ/ ds and the min-max is to be performed
over the triple {¢(s),0(s), A(s) }sepo,1 subject to the boun-
dary conditions ¢(0) = ¢, and ¢(1) = ¢,,. Since we add
degrees of freedom by representing 7' by the function A(s),
we can add a constraint on the parametrization of (Eﬁ(s), e.g.,
by imposing that |¢| = esz (in ), in which case s is the
normalized arclength along the path g;ﬁ This choice is
convenient numerically, as it guarantees that discretization
points in s are uniformly distributed along the path.

The min-max problem (50) is now in a form that can be
solved using GDA, similar to what we do for Eq. (37). As
shown in Appendix E, it is, however, convenient to treat A
separately, and this leads to the following GDA equations
[compare Eq. (40)]:

Algorithm 2. Geometric action minimization by gradient descent-ascent.

1: Inputs: M € N; two stable fixed points ¢, and ¢, of the noiseless dynamics where H(¢, ;,, 0) = dgH (¢, ;. 0) = 0; a path {3} i
with @ = ¢, and @3 = ¢,. such that |7, — ¢?| is constant in i; the functions f(u.v), g(u,v), and A(u, v); Az > 0, a > 0.
2: Initialization: For every i € I, take 6? = 0, and set u? = ¢? + ad? and 19 = ¢? — ad?; set As = 1/M.

3: for n>0 do
4: Update u with an implicit upwind scheme, namely, solve {u"™'},_; sequentially from i = M to i = 0 using
' = —viy + 24,
”17;“ — 2, o) “?LIA_S“ Y, i=M—1,...,0.
5: Update v with an implicit upwind scheme, namely, solve {v/*'}.; sequentially from i = 0 to i = M using
vt =yttt g,
”:'HIA; vy} _ —xli(u”“, o) U?H - ﬂ?jll + g(u?“, v, i=1,....M.

6: Compute {q_§"+l _ %(urﬁl + ﬂn+1)}ie[ and {éthl _ %a—l(un+1 _ vn+l)}i€['
Interpolate {(¢!*!,87"1)},; onto a path {(¢"*", 877"}, such that |1 — @] is constant in i, as in the string method.
8: Set {u"t! = "' +al" '} and {0 = I — bt} g
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0.0 = add,0 + adyH,  ad,0 =20,p—pH. (51)

with 4 given by

|(90H.0,)| + \/max(0. (9,H.9,8)? — 4H|o,pP)
20,9

(52)

Equations (51) are to be solved under the constraint that
|0,p| = st (in s, not 7), with the boundary conditions (in s)

Prs=0)=¢,  Plrs=1)=¢, (53)

for some initial conditions (in optimization time 7)

Pr=0,5)=¢"s),  Or=0,5)=0s), (54)
with ¢°(s) such that $°(0) = ¢, and ¢°(1) = ¢,,.

Similar to what we do with Eq. (40), the system of
equations (51) as well as the expression (52) for A can be
put in a form suitable for numerical solution by rewriting
them in terms of the fields u = (27 +af and v = g;ﬁ — ad.
For brevity, we do not write these equations explicitly and
refer the reader to Algorithm 2 for their discretized version.
At convergence, q?ﬁ and 0 satisfy

A =0pH, 20 =—0,H. (55)

If we insert the first of these equations in Eq. (52), we can
reorganize this equation into

| AP R 4P
N 204/ '

This equation shows that at convergence we must also have

(56)

Vsel0,1,  Hp(s).0(s)] = 0. (57)
This is consistent with the fact that the term involving 1~' H
in Eq. (50) can also be interpreted as a Lagrangian
multiplier term added to the objective function to enforce
the constraint that H = 0; see Ref. [30] for details.

In practice, the continuous paths ¢(z, s) and 0(z, s) are
discretized in s on a grid of M + 1 points with index i €
I ={0,...,M} such that 1 = MAs, and we use the index
n € Ny to encode their evolution with step size Ar in
artificial time 7 so that for any field w(z, s), y = y" (iAs).
The details are given in Algorithm 2, which is a modified
version of Algorithm 1 that includes the step of reparamet-
rization of the path. Note that we keep the implicit upwind
discretization for the advection term. Also, the reaction
terms f and g and the coefficient 4 should be evaluated at

the same grid point as originating from the same term

A~'H(,0) in Eq. (50). We find that evaluating these terms
at the target grid point i is better for stability, in general.

Algorithms 1 and 2 are simple to implement and require
only evaluating the first derivative of the Hamiltonian
H(¢,0) with respect to its arguments, just as we would
have to do to solve Hamilton’s equations (8). It is used to
calculate the paths shown in Figs. 1-3. In the more
complicated examples we treat below, because the state
variable is a field that depends on space as well as time,
and as a result the PDEs (43) and (44) involve spatial
derivatives, some additional consideration must be given to
the way we discretize space and evaluate these derivatives
to ensure that the resulting scheme is numerically stable.
As usual with PDEs, this issue needs to be addressed on a
case-by-case basis, depending on the nature of the PDE.

IV. FIRST-ORDER PHASE TRANSITIONS
IN A NONEQUILIBRIUM GL SYSTEM

A possible starting point of the method borrows from
Landau’s theory of phase transitions where, relying on the
symmetries of the system, we postulate the free energy of
the macroscopic variable of interest ¢ rather than deriving it
from a microscopic distribution [3,63—65]. When the
system is in equilibrium, this procedure is well understood
[66,67]. For nonequilibrium systems, MFT [39,68,69]
offers a generalization of Landau’s approach where we
directly start from the action. In what follows, we apply a
similar approach to study phase transitions in a modified
Ginzburg-Landau system.

A. Nonequilibrium GL dynamics

Following the general framework introduced in
Refs. [70,71], the stochastic evolution of a nonconservative
field p(r,x) can formally be described by the Langevin
equation

dp = —u([p. x) + V2en, (58)

where the drift u([p], x) can be interpreted as a chemical
potential, 5(z, x) is a standard Gaussian white noise in space
and time whose amplitude is measured by ¢ > 0, and for
simplicity we set the mobility to 1. For a field p defined on a
one-dimensional domain, say, [0, 1], the action correspond-
ing to this equation is

Srlpl = 5 / ' / Yo + ) x)Pdxdr, (59)

and it is the subject of our investigations.

The dynamics (58) is in detailed balance when u = ug,
with py such that it can be written as a derivative of a free
energy functional F/p]:
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_5Fp)

/"E([p]’x) 5,0()().

(60)

In this case, at equilibrium, the field configurations are
distributed according to the Gibbs measure associated with
the free energy JF, at temperature e.

Here, we are mostly interested in the active version of
dynamics (58), when u = up + u, with p, that cannot be
cast into the form (60) or, equivalently, does not satisfy the
functional Schwarz relation [9,13]:

Spa(lp], x) _WA([PL)’)
5p(y) op(x)

When pu, #0, the stationary distribution of the field
configurations, if it exists, is a nonequilibrium distribution
which is not available in closed form.

For concreteness, we focus on the following example
that displays a nonequilibrium first-order phase transition:
We assume that the field p(z, x) is one-dimensional, with
x € [0, 1] and periodic boundary conditions, and we use
chemical potentials given by

#0. (61)

pe(lpl.x) = —=(Ddip +p = p* + h), (62)

ua(lp]) = —x / ' 20)dy, (63)

such that Eq. (58) becomes

1
0p=Ddp+p—p +h+ K/ P2(y)dy + V2en. (64)
0

Here, D > 0 is a diffusion constant which effectively
depends on the system size in the dimensionless variables
we use (reducing D is equivalent to enlarging the domain
size), h the strength of an externally applied field, and « is
the strength of the nonequilibrium coupling. The chemical
potential uj is borrowed from the Ginzburg-Landau ¢*
theory. For x =0, Eq. (64) is referred to as the time-
dependent-Ginzburg-Landau model and is the space-
continuous version of the Ising model studied by
Glauber [72]. This dynamical equation is also referred to
as model A [66] and was studied by Allen and Cahn in the
context of front propagation in first-order phase transitions
in metallic alloys [73]. A direct functional integration
shows that up = 6F /6p with

#lpl= [ (3010w 4411 - PP = ol ). (69

The additional force y, we consider in Eq. (63) is nonlinear
and strongly nonlocal. Such terms can be found in dif-
ferent contexts (nonlinear optical systems [74], population
dynamics [75], and species competition [76]). We opt for

this particular choice of y4 as it produces nonequilibrium
effects that are nontrivial. Specifically, u, acts as an
additional uniform applied field that is active and depends
nonlinearly on the value of p rather than being externally
imposed. While y; drives the system toward the minimizers
of the energy (65), which are homogeneous state solutions
of p — p> + h, u, homogeneously pushes the field upward
when x > 0 and downward when k < 0. Therefore, the
applied field / and u, have competing effects when % and «
have opposite signs. Since there is a region in the (k, /)
space where the noiseless dynamics has two stable fixed
points (see Sec. IV B), this means that the system can
undergo a nonequilibrium first-order phase transition for
critical values of 4 and x which we determine in Sec. IV C.

B. Phase boundaries for coexisting
homogeneous fixed points

Numerical evidence indicates that the stable fixed points
of the noiseless dynamics [i.e., Eq. (64) with € = 0] are
homogeneous states. As a result, they are solutions to
p—p> 4+ h+xp? =0. In the domain where this equation
has three real roots, p_, p., and p, with p_ < p. <p,, p_
and p_ are stable fixed points of the noiseless dynamics,
whereas p, is an unstable point. The coexistence region in
the parameter space (k, 1) where both p_ and p, are present
is marked as region (ii) in Fig. 5; it is where h € [h;, h{],
with A7 and h} given by

1
e — _E< K2+3+K)2(2 2 +3—;<), (66)
shown as a blue line in Fig. 5, and

h :%(K—\/K2+3)2(2\/K2+3+K), (67)

shown as a yellow line in Fig. 5. Exactly on these
boundaries, only two real roots coexist, and one state is,
thus, marginally stable. In regions (i) and (iii), only one
stable state exists.

Our next goal is to analyze the relative stability of p_ and
p.. under the effect of the noise, i.e., derive the phase diagram
of the system. Even though we lack a free energy that yields
the stationary measure, we expect p, to be the stable phase
for h, k > 0 and p_ for h, k < 0. However, when % and k have
opposite signs (and, thus, opposite effects on p), determining
the most likely phase becomes nontrivial.

C. Extracting the minimum-action paths

To assess whether p, or p_ is the stable phase in the
coexistence region, we compute the difference of the
minimal actions AS =V, (p,) -V, (p_), obtained from
the minimum-action paths from p_ to p, and vice versa.
The Hamiltonian entering the action is the one associated
with Eq. (58):
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1.5

1p .

(ii)

FIG. 5. Phase diagram of the modified Ginzburg-Landau
system. The phase diagram is divided in four regions. Region
(1): p_ is the only phase. Region (ii): coexistence region where the
noiseless dynamics has two stable homogeneous fixed points p_
and one unstable homogeneous fixed point p.. Region (ii)(a): p_
is the stable phase. Region (ii)(b): p_ is the stable phase. Region
(iii): p, is the only phase. Yellow solid line: 47 («). Purple solid
line: hy (k). Purple dashed line: phase transition curve between
regions (ii)(a) and (ii)(b) obtained by the minimum-action
method. Gray dashed line: phase transition curve obtained by
treating the transition as if the system were in equilibrium (wrong
prediction).

H(p,0) = (=ulpl.0)1> + (0. 6) 2, (68)

where the scalar product of two functions f and g is given
by (f.,g).2 = [y f(x)g(x)dx. To obtain the phase diagram,
these calculations must be repeated for a set of values (k, /)
in the coexistence region to compute the minimal action
difference as a function of these parameters, AS(k,h):
From Eq. (5), the line of phase transition is then the curve
where AS(k,h) = 0.

In practice, we use Algorithm 2 with M = 400 copies
along the path, N, = 64 points of space discretization,
At = 1073, and a = 0.33, and we monitor convergence by
looking at the decay of the action. The result of these
computations is shown in Fig. 5, where the purple dashed
line frontier in the phase diagram corresponds to
AS(k, h) = 0. The stable phase is p_ below the line [region
(ii)(a)], and p, above it [region (ii)(b)].

For comparison, we also compute the phase diagram
under the (wrong) assumption that the escape paths are
given by the heteroclinic orbits followed in a time-reversed
way. This would have to be the case in equilibrium by time-
reversal symmetry. While these escape paths are incorrect,
in general, in nonequilibrium systems, their respective cost
in the action gives an upper bound on the actual minima
V, (p;) and V, (p_). Denoting by S5 (p,) and Sh(p_)
the actions along the heteroclinic orbit, we compute, for
instance, S5 (p, ) as

$500,) = [ 100.8) =2 H(p.B)ds. (69

where the path p(s) and the parametrization A(s)
(s € [0, 1]) are obtained by the string method [77,78] that
identifies the heteroclinic orbit between p(0) = p_ and
p(1) = p, and 6 solves

A0,p = 0gH (. 0). (70)

As a sanity check, we verify that one always has V,, (p,) <
Sp(ps) and V, (p_) < Sp(p_), namely, that the mini-
mizer of the action is always smaller than the action along
the heteroclinic orbit. It is also worth noticing that these
bonds offer no information about the location of the phase
transition line: The line where AS™!(k, h) = 0 is plotted as
the gray dashed line in Fig. 5, and it is different from the
actual transition line AS(k, k) = 0.

The minimum-action paths also give physical insights
about the mechanism of the transition: The contour plot in
(s, x) space of these paths is shown in Fig. 6 for the specific
value (x, h) = (1, —0.5) [which is in region (ii)(a)]: Fig. 6(a)
shows the forward path from p_ to p, and Fig. 6(b) the
reversed path from p, to p_. Also shown in Fig. 6(c) is the
heteroclinic orbit. The actual path {5(s)}go 1] is shown in
the first row, while the second row displays the conjugate
momentum {@(s)}xe[o’l], and the third the action increment
(i.e., the Lagrangian) (A(s),(s)) along the path.

As can be seen in Fig. 6, the forward and the backward
minimum-action paths are different, and they cross the
separatrix (marked as a dashed black line in the figure) at
different places: That is, the critical nuclei for the forward
and backward transitions are different (for the backward
path, this “critical nucleus” is actually flat). This is a
signature of time-symmetry breaking that can be intuitively
explained as follows: When « >0, as in Fig. 6, the
nonequilibrium term « [ p?dx favors the movement from
p_ to p, but opposes the one from p, to p_. In the forward
path from p_ to p,, it is better to have [ p?dx large, which
favors nucleation; conversely, in the backward path from
p to p_, it is better to have [ p?dx small, and the way to
minimize this quantity given the value of its changing mean
is to have p spatially uniform. Notice, however, that this is a
finite size effect: If D were decreased to even smaller
values, we would observe “classical” inhomogeneous
nucleation events in both directions (albeit different ones
in each). To further emphasize the impact of the [ p*dx
term on the transition path, let us also analyze the behavior
of the conjugate field 6. The forward path of 8 whose
contour plot is displayed in Fig. 6(a) shows the coexistence
of aregion #(x) < 0 for x = 0.45 with aregion 8(x) > 0 for
x < 0.45: This sign structure of # enhances the inhomo-
geneities in p, which, in turn, helps the term f p?dx drive
the system to the separatrix. This effect is absent in an
equilibrium Allen-Cahn dynamics where the noise field 6
acts positively on p to drive it out of the state p_.
Conversely, along the backward path of 8 displayed in
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FIG. 6. Nonequilibrium GL system for D =5 x 1073, k = 1, h = —0.5, and, hence, p, = 1.45161 and p_ = —0.854638. For these
values, we have V,, (p,) <V, (p_), indicating that p, is the stable phase. Upper: contour plots of the paths (s, x); middle: contour
plots of the conjugate momentum é(s, x); lower: Lagrangian along the paths. (a) Minimum-action path from p_ to p_; (b) minimum-
action path from p, to p_. Notice the strong difference between the forward and backward paths. The black dashed line at s = 0.5 marks
the critical nucleus, past which 6 and L are both zero as they should be. (c) Heteroclinic orbit joining p_ and p, calculated by the string
method. Since the ascent is set as the reverse descent here, we plot on one graph the conjugate momentum and the Lagrangian in both the

forward and reversed directions.

Fig. 6(b), the noise remains homogeneous and negative,
which homogeneously decreases p without breaking the
space-translational invariance.

Note also that the interesting part of these minimum-
action paths is their escape half, where the noise is needed
and the action increment is, therefore, positive: It is the first
half for the forward path in Fig. 6(a) and the second half for
the backward path in Fig. 6(b); for the heteroclinic orbit
shown in Fig. 6(c), we display both halves at once, since the
forward and reversed paths are symmetric. In all situations,
past the critical nucleus, the paths simply follow the
noiseless dynamics, and this half of the path may not be
unique if the critical nucleus has more than one unstable
direction. This nonuniqueness has no impact on the action,
however, since the Lagrangian is zero along the solution of
the noiseless dynamics. Finally, we check that the reaction
paths that we obtain do not depend on the initial paths:
Starting from the heteroclinic orbit or from a (strongly)
perturbed linear interpolation of the critical states, the
algorithm always finds the same instantons, up to transla-
tional symmetry (since periodic boundary conditions are
taken here). This result increases the confidence that the
path we find is the global minimizer of the action.

The effective nonequilibrium Ginzburg-Landau-like
dynamics we consider in this section can be modified to

include different nonequilibrium terms, like, for example,
s = k|d,p|?, which naturally appears in the coarse-grained
field description of interface growth phenomena [79] and
active matter systems [12,70,80,81]. We could also use our
approach to compute the phase diagram of modified Cahn-
Hilliard systems, which naturally emerge in active matter
field theories [8,34,70,71,81,82].

V. PHASE TRANSITIONS IN A BISTABLE
REACTION-DIFFUSION SYSTEM

A. The Schlégl model

In 1972, Schlogl introduced the following chemical
reaction network [42]:

ko 2%,
A=X, 2X +B+=3X, (71)
ky 6ks

with microscopic rates k; > 0 and where the concentra-
tion of A and B is held constant. In a certain regime of
the reaction rates, this system displays metastability
between a low-density and a high-density phase. Here,
we consider a spatially extended variant of this model
introduced by Tanase-Nicola and Lubensky [44], in which
a one-dimensional domain is split into L € N well-stirred
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compartments: The molecules react only within their
compartment and randomly jump to neighboring ones with
rate y > 0. We also impose periodic boundary conditions.

When the number n; of molecules in compartment i €
{1, ..., L} is large, it is convenient to introduce the rescaled
p; = n;/Q, where Q> 1 is the typical number of mole-
cules per compartments. In the limit as Q — oo, the law of
mass action for p; is a (discrete) reaction-diffusion equation

pi = Y(Pis1 +pict = 2p;) Fwi(p) —w_(p;), (72)

where  w(p;) =2 +Ap; and w_(p;) = Lip; + Aap}
are the rescaled reaction rates with 4; = k;Q! (see
Appendix G). Equation (72) can be written as a gradient
flow:

pi = —0, E(p). (73)

where p = (py, ...,pr) and we introduce

B =3 (310 =nP +UG)) (4

with
1
3

We recognize a (discrete) Ginzburg-Landau free energy,
from which we conclude that the stable fixed points of
Eq. (72) are homogeneous states as long as y is not too
small. For the value of (4g,4;,4,,43) that we consider
here, there are two such fixed points: p; = po for all
i€{l,...,L}, where p_ and p, are, respectively, the
smallest and the largest root of w, (z) —w_(z) = 0.

The gradient structure of Eq. (73) may suggest that p_ is
the stable phase if E(p_) < E(p,), whereas p, is if
E(p_) > E(p,). This conclusion is, however, incorrect,
as already observed by Tanase-Nicola and Lubensky [44],
who show that the system undergoes a nonequilibrium first-
order phase transition when y changes. Since E(p.) =
U(p+) and, therefore, is independent of y, the phase
transition cannot be predicted by analyzing E(p) only:
The system is not in detailed balance with respect to the
Gibbs measure associated to E(p). What is not determined
in Ref. [44] is the critical value y, at which the phase
transition occurs. This is the question we solve next, using
the approach introduced above.

1 1
Ulpi) = —dopi — 5 22p7 + 5/11/012 + 1/13/7?- (75)

B. Change of relative stability with increasing
jumping rate
The spatially extended Schlogl model is a reaction
network of the type considered in Sec. II A, and its
phase diagram can be analyzed by minimizing the action
associated with a Hamiltonian similar to Eq. (22). Using
the structure of the model, it is natural to decompose

H = HR + HP, with HR accounting for the reaction and
HP for the jumps:

L

H(p.0) = 3w (p)(e” = 1) +w_(p)(e™ = 1), (76)

i=1

L
HP(p,0) =7 pi(e®170 4 00 —2). (77
i=1

We use this Hamiltonian in the action that we minimize
using Algorithm 2 to calculate the quasipotentials V,, (p )
and V, (p.). We repeat these calculations for different
values of the jump rate y while keeping the rates fixed
at (A, 41,4, 43) = (0.8,2.9,3.1, 1), for which p_ =0.5
and p, =1.6. We use L =40 compartments, and in
Algorithm 2 we set M = 400 (As =2.5x 1073), a =1,
and Az = 0.01. The graphs of V,, (p,)and V, (p.) versus
y are shown in Fig. 7. These results indicate that the
nonequilibrium first-order phase transition occurs at y,. ~ 5:
p is the stable phase for y > y., while p_ is the stable one
for y <y. We stress again that this result cannot be
deduced by looking at E(p) even though the law of mass
action can be written as the gradient flow (73). This is, of
course, not a contradiction: The Schlogl model is not in
detailed balance and lacks time-reversal symmetry, because
this property also depends on the nature of the noise.
The nonequilibrium nature of the phase transition can be
confirmed by looking at the transition paths from p_ and p,
and vice versa. They are shown in Fig. 8, in which we
use the same plotting conventions as in Fig. 6. These results
are for y = 12, when p_ is the stable phase. We can see that
the forward [Fig. 8(a)] and the backward [Fig. 8(b)] paths
are different and go through different critical nuclei
(marked as a dashed vertical black line on the graphs).

0.275 4 P+ stable p- stable

0.250 4

0.225 A

" 0.200
0.175
0.150 )
—— Forward action V,_(p+)
0.125 A —— Backward action V,, (p-)
M 2 6 & 10 12 14 16
Y

FIG. 7. Phase diagram of the Schlogl model in the limit of a
large number of particles jumping between well-stirred reactive
boxes. The parameters 4; are fixed, and we vary the jump rate y.
For y <y.=5%0.1, we have V, (p_) >V, (p.), which in-
dicates that p, is a stable state phase, whereas p_ is for y > y..
We use the parameters from Ref. [34]—Ay = 0.8, 1; =2.9,
A, = 3.1, and 13 = 1—and take L = 40.
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FIG. 8. Spatially extended Schlogl model for L = 40 reactive boxes, (Ay, 41,42, 43) = (0.8,2.9,3.1, 1), and y = 12. For these values,

we have p_ = 0.5 and p, = 1.6. The figure is organized as Fig. 6. As spatial coordinate, we use x = i/L and plot the transitions paths

and associated momenta as if they were continuous in space.

These paths are also different from the heteroclinic orbit
[Fig. 8(c)]. If we increase the value of y, the forward path
eventually becomes homogeneous (results not shown):
This is consistent with the fact that, at high y, the system
behaves essentially as one single well-stirred compartment.
In that limit, we can calculate the nonequilibrium steady
distribution of the system and use it to calculate V,, (p, )
and V, (p.): This is done in Appendix G, and it gives the
same values as the ones obtained by Algorithm 2 when y is
large and the transition paths are both homogeneous.
Conversely, if we decrease the value of y, the backward
path becomes inhomogeneous (results not shown). This
transition from homogeneous to inhomogeneous backward
path occurs around y = 7. How to gain intuition about these
changes of behavior is harder in this model than in the GL
model with additive noise in Sec. IV, because the noise is
non-Gaussian (and somehow multiplicative), and ulti-
mately the shape of the minimum-action paths depends
on a complex interplay between many effects in the
dynamics. Yet, once the instanton is known, the effect of
the noise 6 on the density p can still be partially interpreted
recalling that the dynamics of the instanton is given by
9,p; = 99, H, which here reads

api = w(p;)e? —w_(p;)e™?
+7lpig 1?70 = pielia O

+ picy €01 — pielati), (78)

While the contribution from diffusion has an effect which is
not easily amenable to interpretation, the reaction terms
clearly show that 8; > 0 leads to particle creation through
w,, while 8; < 0 leads to particle destruction through w_.
This effect is displayed in Fig. 8, where the spatial maxima
of 6; and p; are both attained at the same site (correspond-
ing to maximal particle creation). The drive coming from
the diffusion noise is more difficult to explain. Clues can be
obtained by measuring the mean value of p along the path
(not shown), but elucidating the effect of the diffusion-
related noise is hard.

Finally, as with the previous example treated in Sec. IV,
we check that the reaction path we find is independent from
the initial condition, which again supports the claim that the
global minimizer of the action has been identified.

C. Comparison with microscopic simulations

In this section, we corroborate the conclusions in
Sec. VB by performing Markov chain Monte Carlo
(MCMC) simulations of the microscopic system.

For the parameters value used in Sec. V B, it is not
possible to calculate this way the phase diagram shown in
Fig. 7: This is because Q needs to be large in order for the
phases p_ and p, to be (meta)stable under the noise, and
the timescales of the forward or backward transition
between the phases p_ and p, is of the order of the

nucleation times e2V»-?+) and ¢?Vr+(P-) These timescales
are too big to be accessible with MCMC. We can, however,
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FIG. 9. Spatially extended Schlégl model: relaxation of the
microscopic system with a large number of particles per site
starting from a step profile at + = 0. The microscopic dynamics
(dashed lines) closely follows the solution of Eq. (72) (solid lines)
with the same initial condition and converges to the stationary
fixed point p = pT within the same physical time 7=~ 18.
Parameters: 1, =0.8, 1, =29, 1, =31, 1 =1, y=4,
L =40, and Q = 16 x 10*.

perform two types of experiments to test the results of the
minimum-action principle.

First, we can check that MCMC simulations of the
microscopic system initiated with some nonuniform profile
in the compartments behave as predicted by Eq. (72). The
results of these simulations are shown in Fig. 9, where we
compare the evolution of a step profile: The microscopic
system follows the deterministic dynamics (72), as expected.
To do these calculations, we fix Q = 1.6 x 10°, set the
number of molecules in each compartment i € {1, ..., L} to
be n; = [p;Q] for all i, and simulate the microscopic
dynamics exactly with the Gillespie algorithm [83,84] using
the microscopic rates k; = 4,Q'~".

Second, to check the prediction of the minimum-action
principle in terms of nucleation times, we can change the
rates 4; to make one of two phases (say, p, ) only very weakly
metastable, i.e., such that V, (p_) < 1. We can then
calculate the mean escape time 7, _ from this state toward
p_, repeat this calculation for different values of €2, and check
that 7, _ =< e®Vr+ (»-) The result is shown in Fig. 10, which
confirms that the prediction from the minimum-action
framework explains the microscopic simulations.

D. Continuous limit

Finally, let us consider the continuous-space limit of the
model by sending the number of compartments L. — oo. To
this end, let us set p; = p(x;)/L and 6; = (x;), with x; =
i/L and where j(x) and §(x) are fields on x € [0, 1]. Let us
also set y = DL? for some diffusion coefficient D > 0 and
A; = J;L=" for some rescaled rates 4. Assuming that D and
J; are O(1) in L, in the limit as L — co, it is easy to verify

5.8 e
s W (o) est e
5.6 1 e’
— ,’/
J‘; 5.4 i
= //‘
= 5.2 Pid
— 7
//.
5.0 - L
,/
154 ¢
1000 1200 1400 1600 1800 2000
Q

FIG. 10. Logarithm of the average nucleation time 7 _ needed
to reach the separatrix starting from a state metastable state p,
close to linear instability, as a function of the typical number
of particles Q per site. In this regime, large deviation theory
can be tested with Monte Carlo simulations in reasonable time.
LDT does not predict the prefactor in front of the exponential
scaling. Blue dots: results of MC simulations. Dashed line:
slope predicted by theory V,, (p_) = 9.931 x 10~*. Parameters:
Ao =0.728, 4 =29, 1, =3.1, 3 =1, y =20, and L = 40.

that the Hamiltonians H® and H? in Eqs. (76) and (77)
now become

9020 + p(0,0)]dx. (79)

where we define W, () = 1o +4,p% and w_(p) =4, p + A3p°.
Note that in this limit the discrete Poisson jumps of the
molecules are approximated as a Gaussian noise on the
density: We recover the multiplicative Gaussian noise that
appears in the Dean-Kawasaki equation [48,85]. The struc-
ture of the Poisson noise of the reaction is, however,
left unaffected by the limit.

We use Algorithm 2 to calculate transition pathways at
continuous level by minimizing the action associated with
H = AR + AP. The pathways (not shown) are not signifi-
cantly different from those shown in Fig. 8 when L = 40:
This indicates that the system is already close to its
continuous limit at that value of L.

VI. PROSPECTS AND APPLICATIONS

The modified Ginzburg-Landau dynamics discussed in
Sec. IV and the reaction-diffusion system based on the
Schlogl model discussed in Sec. V are two nontrivial
examples involving spatially extended systems undergoing
nonequilibrium phase transitions, whose phase diagrams,
paths of the transitions, and critical nuclei can be calculated
by our approach. Below, we discuss other systems that can
be revisited numerically with the use of our method.

041044-19



RUBEN ZAKINE and ERIC VANDEN-EIJNDEN

PHYS. REV. X 13, 041044 (2023)

First, the algorithm applies to many types of Langevin
dynamics in low dimension. For instance, the algorithm is
suited to compute escape rates of active particles in
mechanical traps, in two dimensions or more [86].
Because of the Hamiltonian formulation, the algorithm
offers a simple way to treat the common situation of
hypoelliptic noise, which naturally appears in under-
damped systems, or in active particle dynamics [87-89].
More generally, the Hamiltonian formulation avoids the
computation of the invert of the correlation matrix when the
noise is Gaussian, whether additive or multiplicative. More
than that, the Hamiltonian formulation allows one to
compute reaction paths in systems that are subject to noise
of non-Gaussian nature, as illustrated with the Schlogl
model on two or numerous sites.

Considering next infinite-dimensional systems, i.e.,
fields evolving according to some stochastic PDEs, the
two examples we treat in Secs. IV and V show how the
method can be implemented with finite-difference schemes
in space and time. In the Schlégl model notably, the
algorithm allows us to simultaneously treat the Poisson
noise coming from the chemical reactions and the multi-
plicative Gaussian noise coming from the diffusion when
the continuous-space limit is taken. Besides, the diffusive
noise is also subject to a mass conservation constraint that
the algorithm takes naturally into account. The method can
be exported to compute nucleation paths in various setups,
whenever the system may reach a stationary steady state,
like found in motility-induced phase separation [12] or in
the laning transition [90,91]. For active matter systems, in
particular, described by exact coarse-grainings [81,92] or
by effective field theories [12,71,93], the question of the
nucleation of a phase-separated state in the binodal is the
subject of strong investigations [94].

It is also worth stressing that our algorithm gives similar
roles to the boundary conditions, whether set for the
variable ¢ or for the conjugate variable 6, since the problem
is reformulated in terms of the new variables u and v.
Typically, this symmetry can be used to easily enforce a
final time condition on @, which appears when computing
extreme realizations of an observable A7, a function of the
stochastic process {¢, },e 71 [95-98]. Typical choices for
A7 can be some final time observable F(¢7), with F some
function, or one can take Ay = [I f(¢,)dt, which, for
instance, computes the residence time in state ¢; when
f()=68(=¢:), or also Ar= [[{g(¢;).de;), which
serves to compute dynamical currents or entropy produc-
tion for well-chosen function g.

VII. CONCLUSION

In summary, the analysis of first-order phase transitions
and other activated processes in nonequilibrium systems
can be reduced to the minimization of an action in
situations where these processes are rare and occur via

reproducible pathways. The approach can be justified
rigorously within the framework of LDT, and minimum-
action principles can also be derived formally in other
instances using, e.g., the Martin-Siggia-Rose-Janssen-De
Dominicis [28] or the Doi-Peliti [29] formalisms. The
minimum of the action can be used to generalize Arrhenius
law, and its minimizer to explain the mechanism of the
transitions, including the shape of the critical nucleus that
serves as transition state. Concrete predictions, however,
rest on our ability to solve this minimization problem,
which often needs to be done numerically.

Here, we develop algorithms to perform these calcula-
tions, in both finite and infinite times. These algorithms
are designed to be used directly within the Hamiltonian
formulation of the action, which leads to a min-max
problem, and do not require the user to calculate the
Lagrangian beforehand. In particular, it can be used for
systems where the fluctuations are non-Gaussian and the
Lagrangian is typically unavailable in closed form.

We hope that our work will pave the way for a systematic
approach to study activated processes. These applications
will depend on the possibility to derive an appropriate
minimum-action principle, potentially through coarse-
graining, which is a nontrivial question on its own.
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APPENDIX A: CONVERGENCE OF THE
MIN-MAX FOR « SMALL BUT FINITE

We would like to show that if a path is stable with respect
to the Lagrangian minimization, then the path is also stable
with respect to the Hamiltonian min-max algorithm, for «
small enough. We start from Eq. (39), but in this section,
we conveniently rescale artificial time 7 = 7/a, set & = a2,

and drop the tilde such that the evolution equations read

d.x = 0,0+ 9, H,

a0,0 = 0,x — dpH. (A1)

We focus on the dynamical system subjected to an
additive Gaussian white noise, as presented in Eqs. (17)
and (18); i.e., the Hamiltonian takes the form

H(x,0) = (b(x).6) +%|¢9|2. (A2)
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We assume that a minimum-action path {(x*, 6*)},cp 7y is
obtained. We look at a perturbed path (x* + X, 0" + ©)
with X = (x;,...,xp)" and ® = (0}, ...,0p)" the pertur-
bations, and we assess the conditions for path relaxation
to the minimum-action path. The evolution of the pertur-
bation reads

. . 0D} ob;
6,xp = 91, + Hj ax](axp X + eja,
. 0b}
@00, = x, — 0x: X —0,, (A3)

where we use the Einstein convention for the sum on
repeated indices, and the shorthand notations (db},/dx;) =
(0b,/0x,)|,- and (0°b}/0x,0x,) = (0°b;/0x0x,,)
any indices j, k, and p.

The evolution of the fields can now be cast into the
following form:

for

X%

0.X = L,X + £,0,

0,0 = a ' (L3X — ©), (A4)
where
0*b*

L£,)Ph) = g I AS
(£1) ) axgon, (A5)

ob;
(Lp)PH) = <5pk0t +g"> (A6)

)4

ob;
(200 = (300,52 (A7)

In the Lagrangian algorithm, the equation ® = £3X is
always verified, so the evolution of the perturbation X is
simply given by

0.X = (L1 + LoL3)X. (A8)
Any perturbation X vanishes if the eigenvalues of the
operator £ = L; + L,L5 are all of the negative real part.
The operator L is self-adjoint (since L is the Hessian of the
action §), and one can, thus, extract a basis of normalized
orthogonal eigenvectors X~. Let us denote by u, the nth
eigenvalue and X% the corresponding eigenvector. We have
LXE = p, X5, with u, < 0.

Now, in the Hamiltonian algorithm, we would like to
find the conditions under which any perturbation (X, ®)
close to a path of minimum action vanishes when evolving
in artificial time 7. The perturbation vanishes if and only if
the eigenvalues 4, of the linear operator given in Eq. (A4)
have a negative real part. The eigenvalue 4, associated to
the eigenvector (©,,X,,)” should verify

LIXn + £2®n - /Ian,

a'(L3X,-0,) =1,0,. (A9)
The second equation in Egs. (A9) yields
0, = (1 +1,a)"'L;X,, assuming that there exists & > 0
such that (1 + A,a) # 0 for every n. Injecting this result
into the first equation of Egs. (A9) yields a closed equation
for X,, and A,:

(1 +A,)(L1X, —4,X,) + L,L£3X, =0. (A10)
For @ < 1, the system (A4) can be seen as a perturbation of
the Lagrangian problem, where an additional degree of
freedom O relaxes to £3X on a fast timescale 1/a.
This suggests to look for eigenvalues with a specific form:

(1) A first set of eigenvalues /15,1) should be the perturbed
eigenvalues u, with perturbed X% as corresponding eigen-
vectors; (ii) a second set of eigenvalues AS? is expected to
scale as O(a™!') and encodes the fast relaxation of the
variable ® to £3X.
Therefore, we look for eigenvalues of a general form:
_ M

Iy =—4+v,+ O0(a)

. (Al1)

with 77, and v, of O(1). Expanding at leading order O(a™")
in Eq. (A10) yields
(1 +1,)X, =0, (A12)
implying that , = 0 or , = —1. The case , = 0 leads us
to consider the first case (i) mentioned above, in which we
look for eigenvalues AN = U, + aé,, with &, = O(1), and
we expand Eq. (A10) to leading order. At order O in a, we
find that X, must solve
(‘Cl + £2£3)X11 _.uan =0, (A13)
where we recognize the operator £ = L + £,L£5, which
confirms that we expand around the eigenvalues X% of
the Lagrangian system. We write X, = X~ + aY, with
IIY,]l = O(1). Now expanding Eq. (A10) at order 1 in «
and using the relation £X% = u, X%, we get

‘CYn _,unYn = §nX§ +/’ln£2£3X§ (A14)

By taking the scalar product with the eigenvector X~ on
both sides of Eq. (A14), we obtain
én = _ﬂn<X£ﬂ E2£3X£> (AIS)

The brackets (-,-) stand for the scalar product in
L%([0, T); R?), which is given by
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T
W) = [ dOwy0a (a16)

Using the fact that £5 = —£L5, we have
&n = mall L3 X717, (A17)
where || - || is the norm associated with (-, -). Inserting this

result as well as , = 0 in Eq. (A11), we deduce that

A =+ | LXEP + 0(e?)]. (A18)
This shows that, for a small enough, the signs of the real
part of 4, and u, are the same.

Now, in case (ii), where 1, = —1, at leading order 1 in a,
Eq. (A10) becomes

—IJan = £2£3Xn- (Alg)
Hence, using again the fact that £ = —L;, v, verifies
1£5 X,
=—", (A20)
Xl

where X, is an eigenvector of £,L;. Therefore, we have
another set of eigenvalues given by

A = —a !+ | LXE5 2 + O(a). (A21)
with X§2£3 an eigenvector of £,L5. Since lﬁ,z) <0if ais

small enough, the associated eigenvectors are always
stable. Therefore, the stability of the fixed points of the

Hamiltonian system is determined by the sign of 2V, which
is the same as the sign of the eigenvalues y, of the
Lagrangian system for a small enough.

APPENDIX B: CONVERGENCE OF THE GDA
IN AN ANALYTICALLY SOLVABLE CASE

To gain insight about the convergence of the GDA
algorithm, we consider an Ornstein-Uhlenbeck (OU)
process in one dimension for which the evolution equa-
tions of the GDA are amenable to analytic solution. The
example is also relevant since it is the dynamics verified by
each Fourier mode of a freely diffusive field in a one-
dimensional periodic box. The stability of the numerical
scheme associated with this example is analyzed in
Appendix C.

For an OU process, the Hamiltonian is given by

H(x,0) = —¢x9+%92, (B1)

where ¢ > 0 is the stiffness of the confining harmonic
potential. We look for the instanton joining x, to x;, # x,,

with x, possibly nonzero (i.e., not the stable point of the
deterministic dynamics). The GDA equations read

0.x = a(d,0 — £0),

ad0 =0, x +{x—0, (B2)
subject to the boundary conditions
x(7,0) = x,, x(z,T) = x, (B3)
and to the initial conditions
x(0, 1) = x(2), 0(0, 1) = 0y(1). (B4)

Again, as in the body of text, we introduce a scale a > 0
that controls the relative evolution of x and € in time 7. By
taking the derivative with respect to 7 of the first equation in
Eqgs. (B2) and applying the operator 9, — { to the second
equation, a closed PDE for the function x(z,¢) can be
obtained:

1
02x = ——0.x + (07x — %x). (B5)
a

For a > 0, we set y(¢) = x,(1 —t/T) + x,t/T and define
(1) = x(z,1) = (1) (B6)

such that ¢(7,0) = ¢(z,T) = 0. To proceed, let us use the
Fourier decomposition of ¢:

p(r.1) = @,(c)sin(qnt/T), (B7)
gq=1
where we take the convention
2 [T
@,(7) = ?/ ¢(z, 1) sin(gqnt/T)dkt. (B8)
0

Inserting Eqs. (B6) and (B7) into Eq. (B5) and projecting,
we arrive at the equation verified by the modes ¢, (¢ € N):

2|x, — xp(=1)4
aa$¢q+0f¢q+aw§cpq=aéz—[“ o211,

p (B9)

with w? = ¢* 4 (7q/T)*. We recognize the equation for
the damped harmonic oscillator, implying that the modes
eventually decay exponentially in 7 to their stationary
value. Setting

A, =1 - 4d2a? (B10)

and defining
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— é’z['xa _xb(_l)q]

Pq = Taﬁ;’ (B11)
we have for A, > 0,
%(7) =g, + Clqe-f/@a)e A7/ (20a)
+ Czqe‘f/(z”)e_\/A_qT/(za); (B12)
for A, <0,
@,(7) =, + Clqe_f/(za) cos [M’r/@cz)}
+ Cy,e™/ 9 sin [Mr/@a)} ; (B13)
and, for A, =0,
Pu(8) = B, + (C1y + Coe)e 00 (B14)

In each case, the constants C,, and C,, are then determined
by the initial conditions x((7) and 0, (¢).

This computation addresses the question of the con-
vergence rate, which is different for each mode ¢. For a
given g > 1, the best decay rate 4, is obtained when
choosing & = 1/(2w,), which corresponds to the damped
critical regime. In practice, we need to use the same « for
all modes ¢g. The convergence to the final path is then
determined by the smallest rate, which must be chosen as
large as possible. Since the decay rates 4, are ordered
according to 4; < 4, < --- < 4, this prescribes the choice
of a = 1/(2w, ) that maximizes the convergence rate of the
mode g = 1, for which we have 1; = w;. This also yields
identical rates /lq = w; for all modes ¢, and the modes
q > 1 display damped oscillations.

APPENDIX C: STABILITY OF THE
NUMERICAL SCHEME

In this section, we analyze the stability of Algorithm 1
for the Ornstein-Uhlenbeck system introduced in
Appendix B. Starting from Eq. (B2), where x is subject
to the boundary conditions (B3), we set u = x + af and
v = x — afl. The GDA equations in these variables become

o.u = ou+ f(u,v),

0,v = —0;v + g(u,v) (C1)

with
flu,v) = <C+é)v —éu, (C2)
g(u, v) = (—5+—>u —év (C3)

and with the boundary conditions

v(r,t =0) = —u(r,t = 0) + 2x,, (C4)

u(r,t =0) = —v(r,t = 0) + 2x,. (C5)

Since Egs. (C1) are linear equations, Algorithm 1 can be
expressed in terms of matrix multiplications. To this end,
let us define r = Az/At, the ratio between the algorithm
evolution time step and the physical time step, and set
U" = (uf,...,ul)" and V"= (v}, ...,v%)", such that
U™, v = (up, ..., u%y, v, ..., v%)". The scheme we
prescribe in Algorithm 1, thus, writes in a block-matrix
form, where each block K, L, {G;} <<y isa (M +1) x
(M + 1) matrix and where 1 is the identity matrix: We
solve (U"*1, v+ )T such that

(D=5 () ne e
(b)) = (a0 ) () e e

with
1+r —r 0 0
0 1+r -r
K = T E (C8)
0O 1+4+r -r
0 0 1
1 0 0 0
-r 14r O 0
L= 0 . (C9)
: —r l+r 0
0 0 -r 14r

and, setting z = Az[{ + (1/a)] and z = Az[-{ + (1/a)],

1 —% o ... 0
0 1 A
G, = Nk (C10)
0 1 -
0 0 0 0
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o z O --- 0
0 0 z
G, = o |: (C11)
0 0 z
0 0o 0 -1
-1
z 0 0
G; = 0 ; (C12)
z 0
0 0 z O
0
At 0
G4: 0 5 (C13)
ar
0 0 —4r

a

and with Rl = (OM, be,OMH)T and R2 = (0M+1’ 2xa, OM)T
and where 0,, indicates a list with M zeros.
The scheme is stable if the eigenvalues of the matrix Q

=0 )8 D05 G %)
(C14)

are of module < 1. To check the stability for different
values of Az and At, we prescribe a value of , which
defines a typical relaxation timescale z, = 1/{ of the
noiseless dynamics. We then either prescribe the final time
T and vary the number of points M along the path, or we fix
the number of points and vary Az, which changes the final
time 7. In particular, it is important to check the stability for
a final time 7' > 1., such that a transition from x, or x,, to
the critical point x = 0 can follow the deterministic flow on
most of the path (such transitions need noise only close to
the critical point that must be reached exactly at time
t = T). To correctly resolve the instanton, we should then
typically take Az < 1.

In Fig. 11, we display the stability region of the scheme
in space (At, At) for some values of the parameters. The
result shows that the stability region depends on ¢ and a.
Since the fixed point (the instanton) is independent of the
dynamical parameters Az and a, we should take the best
values that bring stability and convergence. Interestingly,
sending @ — 0 is not the best choice for stability, even if it
looks appealing at first sight, since it corresponds to solving

a 1 (b
@ (=la=1 .- ) (=ba=1 -
1004 s 1004 g
/’ /’
7 7
. // . //
= 10714 7 b 1071y -7
/’ < /’
/, /,
7’ 7’
1072 r’ 102 7
1073 1073
1072 107t 10° 1072 107t 10°
At At

7’ 3 7’
/” /”
7 7
k1071 JRad k1071 0
< o < e
// //
10—2 /’ 1072 /’
1073 1073
1072 1071 10° 1072 107t 10°
At At

10° 7 10° 7
/” /”
- -
4”’ 4”’

~ 10714 ~ 10714
< <

1072 1072

1073 - 1073 -

1071 10° 1071 10°
At At
FIG. 11. Stability of the numerical scheme represented as the

shaded zone in the space (Af, At). The dashed line materializes
the usual CFL conditions for explicit advection scheme Az = At,
which is relaxed here since the scheme is semi-implicit.
For (a)-(d), we fix the number of discretization points
M =100 and T varies according to 7 = MAt. For (e) and (f),
we fix T = 10z, and M is then given by M = T/At.

the Legendre-Fenchel transform argmaxg|[(x, 8) — H(x, )]
for a given x. It is instead preferable to take @ = O(1) to
update x and @ on similar timescales. It is also worth
noticing that the use of an implicit scheme for advection
relaxes the Courant-Friedrichs-Lewy (CFL) stability con-
dition; i.e., one can take Az > At and still have a stable
scheme. Unfortunately, it is clear from the graphs that the
limit A7z — co is not stable. This limit is, however,
interesting, since it corresponds to an infinitely fast update
of u™t! at v" fixed, i.e., that u*! solves in the continuous
limit

0= du" + f(u", v") (C15)
at v" fixed, and, following, v"*! solves
0= _at,un-f-l + g(un-‘rl’ Z}n+1> (C16)
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at u"*! fixed. This greedy procedure would bring the
convergence to the fixed point in a few steps, when it
converges. Here, instead, Az must remain finite to guar-
antee convergence.

Finally, let us discuss the issue of preconditioning the
scheme for large values of £, which is relevant, e.g., if
refers to the different relaxation rates of the different
Fourier modes of a diffusive field [we typically have
{(k) = Dk* with D the diffusion coefficient of the field].
Specifically, we would like to choose time step Az for
which the numerical scheme remains stable when evolving
separately each Fourier component in a semispectral
method for solving PDEs. Preconditioning the evolution
(B2) aims at keeping the same Ar for each mode and
allowing higher modes [large {(k)] to relax slower than
lower modes [small {(k)]. This procedure does not change
the final path, which still solves Hamilton’s equations. Such
preconditioning for the GDA reads

O,u = <1 +é+ é>_1[6,u + f(u, )],

d,v = (1 +$+g>_l[-atv+g<u, v)]. (C17)

The shape of the matrices K, L, and {G;} <y is
unchanged, but Az should be modified following the
substitution rule:

-1
AT—)AT(l-f-é"‘C) . (C18)
which also modifies r, z, and Z. We find that this procedure
ensures the stability of the scheme up to Az =1, for all ¢,
assuming Af is small enough.

The semianalytical proof presented here in the Ornstein-
Uhlenbeck setup provides insights on the behavior of the
system, but the problems we are usually interested in
display strong nonlinearities, and their stability cannot be
analyzed through the spectrum of a linear operator. We
keep in mind, however, that a few ingredients should be
reused and that they stabilize the code, in general: The
advection should be treated with an implicit upwind
scheme, the reaction terms can be evaluated upwind, and
preconditioning the dynamics allows us to take the same
time step Az for each Fourier mode in a semispectral
scheme.

APPENDIX D: HIGHER-ORDER SCHEME

In Algorithms 1 and 2 that we present in the text, the
derivative of u and v with respect to physical time ¢ (or
with respect to parametrization s) is approximated with a
first-order finite-difference upwind derivative. This finite-
difference scheme is straightforward to implement, but it is
only first-order accurate; i.e., the error with respect to the

analytical solution decreases as O(M~") when M increases,
M being the number of points used to discretize the interval
[0,7] (or interval [0, 1] if working with reparametrized
time s). Yet, it is possible to implement a higher-order
stable finite-difference scheme for the advection while
keeping large steps Az. This can be done by keeping the
implicit and upwind features of the scheme while approxi-
mating the derivatives with the second-order difference
stencil. The second-order stencil involves two upwind
grid points, which means that it can be used for points
i=2,....M in forward advection for w»; and for
i=M-2,...,0 for backward advection for u;. The values
vy and uy,_; are still computed with a first-order finite-
difference stencil. We checked that the higher-order scheme
indeed significantly improves the accuracy.

The higher-order implementation of Algorithms 1 and 2
is detailed in Algorithms 3 and 4, respectively. The
algorithmic complexity of the higher-order schemes is
the same as the algorithmic complexity of lower-order
ones. Indeed, in both cases, the implicit fields w1 and
v"*! simply solve a triangular system.

APPENDIX E: DETAILS ON THE CALCULATION
OF A IN THE GEOMETRIC FORMULATION

We detail here the steps that lead us to consider the
geometric formulation of the GDA scheme with a specific
treatment to 4. We start from Eq. (50), and we notice that
the minimization of A can be performed before the

minimization over ¢. This reads

. . 1 "/ A _ ~ A
ngmggmgle [(¢',0) —A"'H(p,0)]ds. (El)

The max on 6 can be performed pointwise in s, and this
gives the following relation that the minimum-action path
should satisfy:

I = opH, (E2)

which implicitly defines 6(s) = 9[¢(s). ¢'(s). A(s)]. Since
0(s) can be understood as a function of A(s), the mini-
mization in 4 of Eq. (E1) gives the equation

(@,0,9) + 12H —27(9,H,0,9) =0,  (E3)

which, using Eq. (E2), simplifies into H ((}5 19((;5 (]3’ ,4)) =0.
This last equation, however, cannot be inverted, in general,
to obtain A(s) explicitly. Instead, as an update rule for A(s),
we start back from Eq. (E3), and we replace 0,9 by its
value at convergence. Indeed, by taking the derivative of
Eq. (E2) with respect to 4, we get ¢ = (0§H)()ﬂ9, or
0,9 = (6§H)‘1(;§’, since C~' = (3H) is invertible under
assumption A3 that H strictly convex in 6. Inserting this
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Algorithm 3.

Action minimization by higher-order gradient descent-ascent.

1: Follow steps 1 and 2 in Algorithm 1.
2: for n >0 do

3: Update ©# with an implicit upwind scheme, namely, solve {u,’-‘“}ie, sequentially from i = M to i = 0 using
uX/IJrl E— + 2(]5[”
—+1 +1 +1
“K41‘“M1:“nM “5\141+f(u o).
At At M> M
R R B¢ R
= + f(u 0" ), i=M-2,...,0.
At AL f( i+1 l+l)
4: Update v with an implicit upwind scheme, namely, solve {v/*!}._, sequentially from i = 0 to i = M using
U8+l — _ n+l 4 2¢a’
+1 +1 +1
U? - Urll _ U’f Ug +g( n+l n)
At At Yo/
n+1 n n+1 n+l n+l
= 307 — 4ol 4 v atl o )
= — 2 4g(u ), i=2,... M.
Az 2Al g( i—1 i 1)

5:  Compute {¢!"" =

%( n+l1 + vn+1)}l€[ and {6n+1 —%a‘l(u,’f“

— v} (if needed).

expression for d;9 in Eq. (E3), and extracting the root,
we get

(O, ) + [ 0H, C) — 41 (G CY)
- 2. CH) |

(E4)

Equation (52) follows from this equation if we modify a
few terms to guarantee that 4 > 0 [which may not always

be satisfied, since Eq. (E2) holds only at convergence and
not during the optimization]. Note that Eqgs. (E2) and (E4)
impose H =0 along the trajectory, for any definite
positive C. This enjoins us to consider replacing C by
the identity in our numerical algorithms in order to avoid
computing ((%H ) and its inverse. Note also that the value
H = 0 is the only possible value, since H(0) = H(1) =0
(end points are critical points) and that H(s) = H(0) for
every s € [0, 1] (Hamiltonian system). In this sense, the

Algorithm 4. Geometric action minimization by higher-order gradient descent-ascent.

1: Follow steps 1 and 2 in Algorithm 2.

2: for n>0 do
3: Update u with an implicit upwind scheme, namely, solve {u"™'},., sequentially from i = M to i = 0 using
uh = —viy + 2g,
w = Ay (u", 0") i Asuﬁll + (U, Vi)
U PR M ), =M
4: Update v with an implicit upwind scheme, namely, solve {v/*'}.; sequentially from i = 0 to i = M using
vptt = —uf™ 429,
vquA; vi =2 (U o) ?HAS?)SH + g(uitt, o),
v?“AT A 2, (u Un)3v§’+1 4;)::1 + o) 2 4t o), =2 M.

5: Follow steps 5-7 in Algorithm 2.
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coefficient 4! can also be seen as a Lagrange multiplier
enforcing H = 0. Finally, the min on ¢ brings the second
Hamilton equation

A0 = —0,H. (E5)

APPENDIX F: MODIFIED GINZBURG-LANDAU
DYNAMICS DISCRETIZED ON TWO SITES

To work in low dimensions, we discretize Eq. (64) on
two sites with periodic boundary conditions. Defining x(¢)
and y(z) the values of the field on site 1 and site 2,
respectively, the system is now equivalent to studying a
particle at position (x,y)” subjected to a nonequilibrium
force. The dynamics read

¥ =b(x,y) + V2ern,,

¥ = by(x,y) + V2en,, (F1)

where, following Eq. (64), we set
by(x,y) = 8D(y —x) + x — x> +§(x2+y2), (F2)
by(x.y) = 8D(x=y) +y =y +3(F +).  (F3)

and where 7, and 7, are Gaussian white noise of variance
unity. The term (x> + y?)/2 is the two-site analog of k Ik P2
For simplicity, we take & = 0, such that the noiseless system
has always two stable fixed points in (xi,y;) = (¢1,41)

and (x5,y2) = (2. ¢2), with q; = (—x — Vk* +4)/2 and
g = (—x+ VK + 4)/2, and one unstable fixed point
at (x,,y,) = (0,0). The system displays time-reversal

(@) (b)

symmetry for « =0, and we, therefore, know that the
dynamics follows a stochastic gradient descent on the land-
scape  V(x,y)=-x%/2+x*/4—y?/2+y*/4+4D(x—y)?
and that the minimum-action path in this case corresponds
to the minimum energy path, which simply follows the
gradient ascent to escape the basin of attraction of one or
the other stable fixed point. For k # 0, however, we need to
resort to numerical algorithms to find the new minimum-
action paths between the stable fixed points. In this diffusive
system, as presented in Sec. Il A, the Hamiltonian is
explicitly given by

H = b,(x,y)0, + 05 + by(x, )0, + 65, (F4)
where 6, and 6, are the conjugated fields of x and y,
respectively. The solution to Hamilton’s equation of motion
is found via iteration of the gradient ascent-descent procedure
introduced above. The results can be found in Fig. 12. We
checked that the scheme perfectly recovers the prediction of
previous methods [36,37,39]. As expected, the action
decreases when the final time 7 increases; see Fig. 12(b).
Also, the Hamiltonian H is conserved along the path, since the
final path solves Hamilton’s equation of motion. In addition,
we notice that H — 0 when T increases.

Now, we know that the minimal action is reached when we
allow T — oo; see Sec. III B. However, since the number of
points along the trajectory must remain finite, increasing T
translates into an increase of the physical time step At and
decreases the resolution of the path. To overcome this issue,
we use the geometric parametrization of the path presented in
Sec. I B. In Fig. 13, we see that the geometric para-
metrization allows us to reach the minimum of the action.
We also check that H = 0 along the trajectory.

This example illustrates the approach on low-
dimensional systems subjected to an additive Gaussian

()

1.0 0.8
— T=2,5=0.929% — T=2
1.00 —— T=5,5=0.4304 0.7 — T=5
0.8 - —— T=10,5=0.2618 — T=10
0.75 1 T=20,5=0.2230 0.6 1 T=20
0.50 064 0.5
2] 0.4
0.25 2] T
0.00 0.4 1 0.3
-0.254 0.2
! 0.2
-0.50 N‘ 0.1
—0.75 0.01 . = . — 0.0 : : : :
00 02 04 06 08 10 00 02 04 06 08 10

-0.5 0.0 0.5 1.0

tT tT

FIG. 12. Comparison between paths in the low-dimensional modified Ginzburg-Landau system for different values of the final time
T = 2,5, 10, and 20. Minimum-action paths (left), Lagrangian (middle), and Hamiltonian (right) along the paths. Orange squares (left):
unstable fixed points. Orange disks: stable fixed points. Background color: intensity of the force field; darker encodes stronger force. As
T increases, the action decreases. For large 7T, the Lagrangian plateaus in the vicinity of critical points. We notice that the final
Hamiltonian is constant along the trajectory. Parameters: N = 400, D = 0.03, k = 0.26, and Az = 0.002.
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(a) (b)

——— gMAM forward, S=0.219

=== string forward, S=0.221
gMAM backward, S =0.711
String backward, S=0.767

0.6
1.00
0.5 1
0.75
0.50 - 0.4
0.25 A " 0.3
©
0.00
0.2 1
—0.25 -
0.14
—0.50 -
-0.75 0.0 1
0.0

-0.5 0.0 0.5 1.0

FIG. 13.

0.2 0.4 0.6 0.8 1.0
S

Comparison between paths in the low-dimensional modified Ginzburg-Landau system. Left: flow lines and paths. Right:

action increment along the paths parametrized by normalized arclength. (a) Dashed line: heteroclinic orbit obtained with the string
method. Purple line: forward minimizer obtained with the geometric algorithm. Orange line: backward minimizer obtained with the
geometric algorithm. Squares: unstable fixed points. Disks: stable fixed points. Background color: intensity of the force field; darker
encodes stronger force. Parameters: N = 600, D = 0.03, x = 0.26, and Az = 0.01.

noise. The method yields the optimal paths of finite
duration but also the paths of infinite time length if the
geometric formulation is used. Note that the numerical
scheme can be adapted to determine transition paths
for spatially extended fields: This is what we do in
Secs. IV and V.

APPENDIX G: LARGE ©Q EXPANSION AND
PROBABILITY DENSITY

In this section, we focus on the case of a unique well-
stirred compartment of fixed volume. We work in the limit
of a large number of particles, and we choose the micro-
scopic rates k; such that the mean-field equation always
displays two stable fixed points n_ and n, that solve
0=ko—kn+kyn(n—1)—ksyn(n—1)(n—2) and where n
is the number of particles in the compartment. When all the
particles coexist in the same compartment, the evolution of
the probability P(n) to find a number n of particles X at
time ¢ is given by

oP(n) =W, (n—1)Pn—-1)+W_(n+1)P(n+1)
= [Wi(n) +W_(n)|P(n), (G1)
where the rates are
W (n) = ko + kyn(n —1), (G2)
W_(n) = kyn+ ksn(n—1)(n=2). (G3)

The stationary probability P, can be obtained explicitly:

- e (E0),

(G4)

where K is a normalization constant. We are interested in
the case of a large number of particles per compartment,
such that we can extract a large deviation principle. We
denote Q> 1 the typical number of particles in the
compartment, we define the rescaled number of particles
p =n/Q, and we write the rates as

W (n) =Qlw,(p) + 0(Q7")], (G5)
W_(n) = Q[w_(p) + O(Q7")], (Go)
with wt(p) = Ay + p* and w=(p) = A;p + A3p® and

where the 4; are now rescaled reaction rates verifying
A; = k; Q. This rescaling ensures that the deterministic
mean-field dynamics

0p = Ao+ dop® = ip = A3p’ (G7)
keeps the same fixed points p_, p,, and p, when Q — oo,
with p_ and p, stable, while p, is unstable. Following
Refs. [43,44,97,99], using the WKB (or eikonal) approxi-
mation and the continuum limit, the probability now
becomes a probability density and can be cast into the
following form:

Pey(p) = K(p, Q)eVlr), (G8)

where the equilibrium potential is given by
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FIG. 14. Rescaled and shifted logarithms of the probability
density on a unique site in the Schlogl model when the local
number of particle Q increases. The probability is explicitly
known for this equilibrium case, and we show the convergence to
the function V. (p) as the number of particles in the box
increases. For the parameters chosen here, p_ is the stable phase,
while looking at the naive Ginzburg-Landau potential U(p) =
—Aop — AP’ )3 + Ap?/2 + J3p* /4 wrongly predicts that p, is
the stable phase. Parameters: 1, =0.8, 1, =2.9, 1, =3.1,
and 13 = 1.

Valo) = [y (©9)

w_(y)

and where K (p, Q) is a function with the property that, for
any p; and p,, the fraction K(p;, Q)/K(p,, Q) is bounded.
As such, the ratio of the probabilities P(p;)/P(p,) is
completely determined by the difference AV = V,4(p;) —
Veq(p2), in the large Q limit. We show in Fig. 14 that the
potential V., and the naive Ginzburg-Landau potential
U(p) = —dop — 1op* /3 + 21p*/2 + A3p* /4 display differ-
ent maxima and, thus, different predictions for the relative
stability of the states. In the large Q limit, we check that the
probability converges as expected to the probability density
given by the function V4(p). We also notice that many
particles per box may be needed to observe the convergence
to the large deviation function.

In summary, for a well-stirred and unique compartment,
the analytical expression of the large deviation function
can be obtained explicitly. This is no longer the case
when spatial diffusion is taken into account, and this is
why one has to resort to other techniques to access the
quasipotential.
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