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Abstract
Restarting a stochastic search process can accelerate its completion by providing an opportunity to take a more favorable path
with each reset. This strategy, known as stochastic resetting, is well studied in random processes. Here, we introduce chaotic
resetting, a fundamentally different resetting strategy designed for deterministic chaotic systems. Unlike stochastic resetting,
where randomness is intrinsic to the dynamics, chaotic resetting exploits the extreme sensitivity to initial conditions inherent
to chaotic motion: unavoidable uncertainties in the reset conditions effectively generate new realizations of the deterministic
process. This extension is nontrivial because some realizations may significantly speed up the search, while others may
significantly slow it down. We study the conditions required for chaotic resetting to be consistently advantageous, concluding
that it requires the presence of amixed phase space inwhich fractal and smooth regions coexist.We quantify its effectiveness by
demonstrating substantial reductions –ranging from 40% to 90%– in average search times when an optimal resetting interval
is used. These results establish a clear conceptual bridge between deterministic chaos and search optimization, opening new
avenues for accelerating processes in real-world chaotic systems where perfect control or knowledge of initial conditions is
unattainable.

Keywords Resetting · Chaos · Search process · Uncertainty

1 Introduction

Stochastic resetting (SR) is an effective strategy to speed up a
stochastic search process, based on the idea that restarting can
accelerate completion by repeatedly offering the system new
opportunities to follow more favorable paths. The concep-
tual origins of SR can be traced back to mathematical models
developed in the 1970s, particularly in the context of popula-
tion dynamics, where population resets were considered for
optimal pest control [1]. Later, resetting protocols were used
to improve the performance of randomized algorithms [2].
A comprehensive historical overview of these early devel-
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opments is provided in [3]. However, it was not until 2011
with the influential work of Evans and Majumdar [4] that
stochastic resetting was formally introduced and the term
was coined. One of the most striking results of their study is
that, when stochastic resetting is applied, the time required
for a diffusing particle to locate a target in an infinite domain
becomes finite. Furthermore, this acceleration is optimized
at a specific resetting rate, for which the mean search time is
minimized.

Since then, SR has been extensively extended from dif-
ferent perspectives: exploring multiple targets [5], multiple
searchers [6], active searchers [7], nondiffusive processes [8,
9], or searchers confined to a potential [10–12], to name a
few.Recently, interesting applications of SRhave been devel-
oped, such as the enhanced sampling of molecular dynamics
simulations [13] or applying stochastic resetting to physical
problems, as the Ising model [14], or quantum mechanics
[15, 16]. See [17] for a detailed review.

Previous studies on resetting have focused exclusively on
stochastic systems, as resetting to the same (or nearly the
same) initial state in a purely deterministic system would
provide no advantage: the same (or nearly the same) trajec-
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tory and search time would simply be reproduced. However,
this limitation does not apply to chaotic systems. Chaotic
systems are deterministic dynamical systems characterized
by extreme sensitivity to initial conditions: an infinitesimally
small difference in initial conditions can lead to completely
different system evolutions. In real-world systems, exact
initial conditions cannot be perfectly reproduced or even
measured. Furthermore, this is also true for numerical com-
putations, where round-off errors are inevitable. In chaotic
systems, these small differences grow exponentially over
time, causing trajectories that start arbitrarily close to each
other to eventually diverge dramatically. The smaller the
initial difference, the longer it takes for the divergence to
become noticeable. However, given enough time, even the
slightest change in initial conditions leads to significant devi-
ations.With this in mind, resetting could serve as an effective
strategy to accelerate a chaotic search process.

Here, we develop a strategy for resetting in chaotic sys-
tems: chaotic resetting (CR). In this approach, each reset
initiates a new trajectory with an initial condition slightly
perturbed from the original by a small quantity, referred to
as uncertainty. We investigate the conditions under which
chaotic resetting is beneficial and analyze how search time
scales with uncertainty. To demonstrate the effectiveness of
this method, we apply it to a search process–specifically an
escape from a potential–and compare escape times with and
without resetting. For this purpose, we consider a chaotic
scattering problem in the Hénon–Heiles potential, a system
that provides an ideal setting for our method: chaos and a
mixed phase space.

The problem of controlling the duration of chaotic pro-
cesses has traditionally been addressed through active control
strategies based on localized perturbations. For example, in
Ref. [18], tailored perturbations are applied to a spatially
extended system, and those trajectories that evolve closest
to a desired target state are selected. Related approaches
have been used to regulate the collective dynamics of self-
propelled particles by applying local accelerations [19], to
reduce long-lasting transients by intermittently perturbing
to a calculated spatial control line [20], as well as to con-
fine chaotic trajectories within prescribed regions of phase
space (so-called safe sets) using the method of partial con-
trol [21]. In contrast to these control-based methodologies,
the approach proposed here is significantly less invasive and
requires substantially less detailed knowledge of the under-
lying dynamics, as it relies solely on restarting the process
rather than on the continuous application of finely tuned per-
turbations.

This paper is organized as follows. In Sect. 2, we describe
the system we employ to present the method, that is, the
Hénon–Heiles system. In Sect. 3, we explore the conditions
under which chaotic resetting is an effective strategy. In
Sect. 4, we implement the method and present the results.

Fig. 1 Potential and isopotential curves for our toy model: the Hénon–
Heiles system. For total energy values below the escape threshold Ee =
1/6, the isopotential curves are closed and the motion is confined. At
energies E > Ee, the isopotential curves open, giving rise to three
symmetric escape channels located at angles θ = 0, 2π/3, and 4π/3. In
this regime, trajectories can escape to infinity, and the system becomes
a paradigmatic example of chaotic scattering

Later, in Sect. 5, we present some metrics to measure the
efficacy of chaotic resetting. Finally, in Sect. 6, we present
our concluding remarks and discuss broader implications.

2 Toymodel: the Hénon–Heiles system

To test the effectiveness of chaotic resetting, we have cho-
sen the Hénon–Heiles Hamiltonian. Although this system
was originally introduced to study stellar motion in galactic
potentials, it has become a paradigmatic example in nonlin-
ear dynamics due to the rich variety of dynamical behaviors
that the system exhibits for different energy values [22, 23].
Over time, it has found applications in quantum chaos [24,
25], general relativity [26, 27], and chemical physics [28,
29], among others. Furthermore, the system has frequently
been used as a testbed for numerical techniques [30], chaos
detection algorithms [31, 32], control of chaos [33, 34], and
machine learning algorithms [35].

The Hénon–Heiles Hamiltonian is given by

H(x, y, ẋ, ẏ) = 1

2
(ẋ2 + ẏ2) + 1

2
(x2 + y2) + x2y − 1

3
y3, (1)

where x and y are the spatial coordinates, and ẋ and ẏ are
the velocity components. The last three terms correspond to
the Hénon–Heiles potential. Since the Hamiltonian has no
explicit time dependence, the energy is a conserved quantity
(i.e.,H(x, y, ẋ, ẏ) = E) and the equations of motion can be
expressed as
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Fig. 2 Exit basins diagram of the Hénon–Heiles system in the (θ, E)

plane. For a given energy, greater than Ee, particles are launched from
the origin (x, y) = (0, 0) with an initial angle θ . The colors indicate
the asymptotic behavior of the particle depending on the values of E
and θ . The colors green, blue, and red denote the exit through which
the particle escapes, corresponding to the upper, right, and left exits,
respectively (see Fig. 1). White represents initial conditions that remain
dynamically trapped within KAM tori and never escape

ẍ = −x − 2xy,

ÿ = −y − x2 + y2.
(2)

For all numerical simulations in this work, these equations
were integrated using a fourth-order Runge–Kutta method
with a fixed time step h = 0.001.

We represent theHénon–Heiles potential in Fig. 1 together
with several isopotential curves. These curves indicate which
regions of configuration space are accessible for a given value
of E , since motion is restricted to the domain where the
potential energy does not exceed E . For energy values below
the threshold Ee = 1/6 trajectories are bounded, while for
E > Ee the potential features three symmetric exits, allow-
ing particles to escape towards ±∞. In this regime, both
regular (non-chaotic) and transient chaotic motion coexist.
In this work, we focus on energies above Ee, where escapes
are possible. This makes it possible to assess whether reset-
ting can effectively reduce the escape time.

In Fig. 2, we show the exit basins diagram for energies
above Ee. The color of each region (red, green or blue) indi-
cates the exit through which a given trajectory escapes. The
white color indicates that the particle does not escape. All tra-
jectories are launched from the origin (x0, y0) = (0, 0) with
an initial angle θ . Since the energy is conserved, the veloc-
ity is fixed as (ẋ0, ẏ0) = (

√
2E sin θ,

√
2E cos θ). As seen

in Fig. 2, for all energy levels E > Ee, the system exhibits
a mixed phase space where fractal regions associated with
chaotic orbits coexist with smooth regions corresponding to
regular orbits. The latter corresponds to initial conditions
that lead to a fast escape. For example, a smooth region that
spans a wide range of angles near θ = 0 indicates regular
trajectories that escape quickly through the upper exit. Con-

versely, trajectories whose initial condition fall within the
fractal regions experience transient chaos, resulting in long
escape times. This occurs because these trajectories start near
the fractal basin boundaries (i.e., the stable manifold of the
chaotic saddle [22]). In addition to the large smooth regions,
other regions of the same nature can be found embedded in
the fractal sea, but they are not noticeable due to the reso-
lution of the figure. As we shall show later, the fact that the
basin boundary does not occupy the entire phase space plays
a crucial role in the effectiveness of chaotic resetting.

Additionally, within the considered energy range, the
dynamics ismore complexdue to the existenceofKolmogorov-
Arnold-Moser (KAM) islands [36], which are depicted in
white in Fig. 2. These islands correspond to non-chaotic
trajectories that remain dynamically trapped within invari-
ant tori and thus do not escape. These islands disappear at
E ≈ 0.195.

3 Method viability

In this section, we investigate the conditions under which
resettingmay be a good strategy to reduce the search (escape)
time in a chaotic system.We point to properties that are com-
mon across a wide range of systems, not just the one under
consideration.

In stochastic search processes, the time T to find the target
is a random variable, often characterized by a heavy-tailed
distribution. A useful metric to assess its variability is the
coefficient of variation (CV ), defined as the ratio of the stan-
dard deviation to the mean: CV = σ(T )/T̄ . A smaller CV
indicates lower variability relative to the mean, while a larger
CV suggests greater variability. It has been established that
resetting can expedite a search process only if CV > 1 [37].
The reasoning behind this is that resetting interrupts long
and inefficient search trajectories, replacing them with new
attempts from the reset point. This truncation reduces the
heavy tails of the first-passage time distribution, thereby low-
ering the variability of the search time. With this in mind, we
now examine this metric in our problem.

We introduce an uncertainty δ in the shooting angle θ .
Thus, we calculate the escape time for a trajectory that is
launched from the origin with θ = θ0+δU , whereU is a ran-
dom variable that follows a uniform distribution U(−1, 1).
Thus, the distribution of escape times depends on both the
uncertainty and the shooting angle. Without loss of gener-
ality, for the remainder of this work we fix the energy to
E = 0.17, which is slightly above Ee.

In the previous section, we analyzed the phase space
structure and identified a rich dynamical landscape featuring
fractal regions that exhibit transient chaos, smooth regions
with fast escapes, and KAM islands. Intuitively, if a tra-
jectory with a given θ0 exhibits transient chaos, but the
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δ-neighborhood around θ0 includes a smooth region, the
resulting escape time distribution will contain both long-
lived and short-lived trajectories. This variability can lead
to CV > 1, making resetting a promising strategy. Reset-
ting gives the system the opportunity to access one of the
trajectories that belong to the smooth region and escape fast.
This is just one of several scenarios where chaotic resetting
is beneficial.

In Fig. 3(a), we representCV for θ0 = 0.112 as a function
of the uncertainty δ. This angle corresponds to a trajectory
with transient chaotic motion. For small enough uncertainty
δ, we observe that CV is only slightly larger than 1. This
occurs because the uncertainty is too small to reach any large
smooth region, and the initial condition remains in a fractal
region where two initially close trajectories present radically
different escape times. Consequently, if a trajectory takes a
long time to escape, resetting to a nearby initial conditionmay
be advantageous. However, to determine whether resetting is
consistently beneficial, we must consider the average behav-
ior over all initial conditions within a given δ-neighborhood.
When performing this average, we find that the escape time
distribution is roughly exponential, indicating that the sys-
tem behaves locally as a hyperbolic chaotic system [38]. In
such systems, the standard deviation equals the mean, lead-
ing to CV = 1. Thus, on average, resetting within the fractal
region does not provide a systematic advantage. Therefore,
if the system is fully chaotic (i.e., the basin boundary covers
the entire phase space), chaotic resetting is ineffective. How-
ever, in most systems smooth and fractal regions coexist,
introducing deviations from strict hyperbolicity. As a result,
in most cases CV is slightly greater than 1. This is precisely
the present case, where narrow smooth regions are embedded
in the chaotic sea.

For larger δ, the average escape time decreases while CV
increases, indicating that a smooth region has been reached.
The successive peaks inCV correspond to specific regions of
phase space becoming accessible within the δ-neighborhood
of the chosen θ0. This behavior is characteristic of a trajectory
that starts relatively close to the boundary of a smooth region.

Another relevant scenario occurs when a trajectory starts
in a smooth region. For values of δ smaller than the width of
the region, all trajectories have the same escape time, lead-
ing to σ(T ) = 0. However, as δ increases, the fractal regions
are reached and CV increases. This behavior is captured in
Fig. 3(b) for θ0 = 0.294. Notably, this transition occurs for
δ < 10−5, which is remarkably small relative to the charac-
teristic scale of our system.This suggests that such an effect is
not an artificially induced phenomenon, but rather an inher-
ent and unavoidable consequence of natural uncertainties.
For larger values of δ, the fractal region occupies most of the
δ-neighborhood, leading to a perturbed hyperbolic regime in
which CV remains slightly above 1.

To summarize, when uncertainty extends over a region of
the phase space that includes both smooth and fractal regions,
resetting can effectively prevent trajectories from remaining
in fractal regions for long periods of time. This generally
holds for systems with a mixed phase space. In Sect. 5, we
further investigate how commonly this scenario arises in our
system and, more broadly, in chaotic systems.

Finally, the presence of KAM islands introduces a third
possible scenario. If a KAM island falls within the δ-
neighborhood, resetting is counterproductive because these
trajectories remain trapped. In this case, CV becomes a
meaningless measure as the average escape time tends to
infinity. This, together with the fact that the presence of
KAM islands is a property of the specific model we use,
is the reason why we do not explore this scenario further in
this paper. Notably, in the particular case in which the initial
condition is in the KAM island, resetting is beneficial if the
δ-neighborhood falls out of the KAM island.

4 Chaotic resetting

In this section, we present the results of applying the
chaotic resetting technique. Each time we reset the sys-
tem, the initial conditions are given by (x0, y0, ẋ0, ẏ0) =
(0, 0,

√
2E sin θ,

√
2E cos θ), with the angle perturbed by

θ = θ0 + δU . Depending on the context in which this
technique is applied, resetting can be understood either as
repositioning the same particle to a new initial condition or
as launching a newparticlewhile discarding the previous one.
Each approach has its own cost: the first involves a refrac-
tory period [39, 40], while the second implies the cost of
launching a new trajectory.

In Fig. 4, we illustrate a trajectory (light blue) that has not
escaped by a given time tr . Consequently, it is discarded at the
position (x(tr ), y(tr )), marked by the red cross in the figure.
Subsequently, another trajectory (dark blue) starts with an
angle perturbed by the uncertainty δ (depicted as the gray
area in the inset). This second trajectory escapes before the
resetting time tr is reached. Regarding resetting times, many
time distributions have been explored in the literature [6,
41–43]. For simplicity, we focus on applying sharp restart,
meaning that we reset at fixed time intervals.

Weapply chaotic resetting andmeasure the average escape
time, T̄ , for different values of the resetting time interval, tr .
The results are shown in Fig. 5. We present the dynamics for
two different uncertainty values and compare the results with
the average escape timewithout resetting, which in each case
is indicated by a horizontal dashed line. We observe the typ-
ical behavior of stochastic resetting. For small values of tr ,
the average escape time diverges because the system is reset
before the fastest trajectory has had a chance to escape. For
very large values of tr , T̄ approaches the average escape time
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Fig. 3 Coefficient of variation (CV) as a function of the base-10 loga-
rithmof the uncertainty δ for two representative scenarios. In both cases,
particles are launched with initial angles of the form θ = θ0 + δU ,
where U is a uniformly distributed random variable. For each value
of δ, CV is computed from 5 × 105 trajectories. Panel a shows the
typical behavior for a particle launched with an angle θ0 correspond-
ing to a chaotic trajectory, i.e., an angle belonging to a fractal region

of phase space (θ0 = 0.112). Panel (b) displays the typical behav-
ior for a particle launched with an angle θ0 from a smooth region of
phase space (θ0 = 0.294). In both cases, CV exceeds unity when the
δ-neighborhood overlaps mixed regions of phase space containing both
fractal and smooth structures. This occurs for δ < 10−5, a range con-
sistent with inherent uncertainties in physical systems, indicating that
CR constitutes an effective strategy for reducing escape times

Fig. 4 Chaotic resetting in the Hénon–Heiles system. The light blue
trajectory is launched from the origin with angle θ0 and evolves until it
is stopped at a certain time tr , marked by a red cross. The experiment
is then repeated and a new (dark blue) trajectory is launched from the
same initial position. Due to the physical impossibility of reproducing
exactly the same launch angle, the new trajectory is launched with a
slightly different angle θ = θ0 + δU (as shown in the inset zoom). This
new trajectory escapes quickly through the upper exit

without resetting. Between these extreme situations, there is
a minimum that corresponds to the optimal resetting time
interval t∗r . For δ = 10−2, T̄ (t∗r ) shows an 89% reduction,
while for δ = 10−4, T̄ (t∗r ) shows an 83% reduction. This
reduction is calculated relative to the average escape time
without resetting. To calculate this average, we consider ini-
tial conditions within a δ-neighborhood, so the escape time
depends on the value of δ (T̄ = 181.4 for δ = 10−2 and
T̄ = 321.2 for δ = 10−4). In both cases, the reduction in
escape time is impressive, and the minima occur very close
to the undesired scenario where T̄ → ∞. Given this behav-

Fig. 5 Average escape time as a function of the resetting interval tr for
two uncertainty levels, δ = 10−2 (red) and 10−4 (blue). The horizontal
dashed lines represent the average escape time without resetting. The
resetting strategy is advantageous whenever the average escape time
falls below the dashed line of the same color, a condition that is sat-
isfied over a broad range tr values. At the optimal resetting interval,
the reduction in the mean escape time exceeds 80% relative to the no-
resetting case. For this simulation, a shooting angle corresponding to a
chaotic trajectory was used (θ0 = 0.112, same value as in Fig. 3), 600
values of tr were considered, and 5 × 104 realizations were computed
for each value of tr

ior, in practical terms, it would be more reliable to choose a
resetting time slightly larger than t∗r .

To aid reproducibility, in Appendix A we provide a
pseudocode summarizing the chaotic resetting strategy used
throughout thiswork. In particular, the results shown in Fig. 5
can be reproduced by running the algorithm 5 × 104 times
for 600 values of tr from 0.5 to 300.
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Fig. 6 CVdependence on the shooting angle θ0 for uncertainty values a
δ = 10−4 and b δ = 10−2. For each angle θ0, the experiment is repeated
5 × 105 times, each time with a slightly different angle θ = θ0 + δU .
Thus, for each angle CV has been calculated using the escape time
of these 5 × 105 shootings. The percentage of angles with CV > 1,
i.e., angles for which resetting would be an advantageous strategy, is
52% for (a) and 72% for (b). The curve in panel (b) is smoother as
the δ-neighborhood for each angle is larger and covers regions that

are more similar, with less variability in escape times. Meanwhile, in
panel (a), the δ-neighborhood for a certain angle is narrower, causing
that a δ-neighborhood might include a smooth region, with trajecto-
ries that escape fast, and the adjacent δ-neighborhood might overlap a
region with long-lasting transients. This variability leads to the fractal-
like structure observed in the CV curve. In both panels, 1000 different
shooting angles θ0 were computed

We have illustrated the results for a particular angle; how-
ever, during our research, we found similar results for many
different angles with CV > 1.

5 Efficacy of the resetting

In this section, we delve deeper into the efficacy of chaotic
resetting and examine how it scales with uncertainty.

5.1 Under what conditions is chaotic resetting
beneficial?

We partially addressed this question in Sect. 3, as we estab-
lished that chaotic resetting is an effective strategy to reduce
the search time for angleswithCV > 1. For a given angle,we
showed how CV evolves with increasing uncertainty. How-
ever, we now pose the complementary question: for a given
uncertainty, how many angles exhibit CV > 1? In Fig. 6,
we show CV for each angle, considering uncertainties (a)
δ = 10−4 and (b) 10−2. As expected, CV remains zero for
angles close to the exits (θ0 = 0 and θ0 = 2π/3) and for
angles that hit the potential walls almost perpendicularly and
escape immediately (θ0 = π/3). For δ = 10−4, this also
holds for other values of θ0, as δ is small enough to keep the
initial condition within one of the smooth regions embed-
ded in the fractal phase space. In both panels, we observe an
accumulation of CV values around 1. This reflects the fact
that in a fully fractalized region of phase space, the system
behaves locally as hyperbolic, as previously discussed.

Now, we compute the fraction of initial conditions with
CV > 1, f , for different values of the uncertainty. The
results are shown in Fig. 7. As can be seen, the larger the
uncertainty is, the larger the number of initial conditions
for which resetting is beneficial. For increasing values of
uncertainty, it is more probable to reach the boundary of a
region that includes radically different escape times, either
larger or smaller, thereby raising the standard deviation and
increasing CV . In other words, it is more probable that the
δ-neighborhood lies within a mixed phase space. The results
shown in Fig. 7 suggest that the fraction of initial conditions
with CV > 1 scales with uncertainty following a power law.
This behavior is expected in any chaotic systemwith a mixed
phase space. This dependence is not surprising, as the frac-
tion of uncertain initial conditions scales with uncertainty
according to a similar scaling law, as established by Grebogi
et al. [44]. Indeed, an initial condition will have CV > 1
only if it is uncertain.

5.2 Minimizing the escape time

Once resetting is determined to be beneficial, the remaining
question is: what is the impact on the search time? For this
purpose,wemeasure the reduction of the average escape time
using the optimal resetting time t∗r : RT (t∗r ) = (T̄ − T̄r )/T̄ ,
where T̄ the average escape time without resetting and T̄r the
average escape time with resetting.

We show in Fig. 8 this reduction for the same angles as
in Fig. 3: in panel (a) the initial condition belongs to a frac-
tal region and in panel (b) the initial condition belongs to a
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Fig. 7 Log-log plot showing the increase of the fraction of initial con-
ditions with CV > 1 as the uncertainty increases. The straight line
suggests a relation between the variables of the form f ∝ δα , where α

is a positive constant. This indicates that the larger the uncertainty,
the higher the probability that CR is a good strategy, regardless of
the initial conditions. This is because it is more probable that the δ-
neighborhood includes a mixed phase space. From this data, we have
calculated α = 0.116(7)with a linear correlation coefficient r = 0.990.
The logarithms have base 10

smooth region. Remarkably, the reduction of the search time
is significant even in Fig. 8(a) for the uncertainty values for
which CV is only slightly larger than 1. This is because the
access to the small smooth regions embedded in the fractal
regions are sufficient to make resetting advantageous, with
a reduction larger than a 40%. The reduction in escape time
shows apeak for δ ≈ 10−5, that is,when large smooth regions
are reached. In Fig. 8(b), the initial condition belongs to a
smooth region and there is no reduction on the search time
until the uncertainty is larger than the width of the basin. In
any case, resetting would not be necessary in this situation
as the escape time is already small.

We conclude that, in practical decision-making scenar-
ios where a detailed analysis of the underlying dynamics is
not feasible or available, a preliminary exploration of the sys-
tem’s behavior is sufficient to assess the suitability of chaotic
resetting. In particular, for an experiment where the initial
condition is affected by a certain uncertainty and we observe
a variability in completion times, estimating the character-
istic time scale associated with rapid trajectories provides a
reliable criterion. If a given trajectory persists significantly
longer than this fast time scale without completing the escape
(or search) process, then implementing chaotic resetting is
expected to be advantageous.

6 Conclusions and discussion

This work establishes that resetting strategies can accelerate
processes in deterministic chaotic systems, not only stochas-

tic ones. While stochastic resetting exploits the randomness
inherent to diffusive processes, chaotic resetting exploits the
equally fundamental but deterministic sensitivity to initial
conditions. This conceptual extension bridges two previously
distinct domains–stochastic optimization and deterministic
chaos–and opens new avenues for process acceleration in
chaotic systems.

We have illustrated this method using a chaotic scattering
problem in which particles escape from a two-dimensional
potential. We have identified that the essential requirement
for chaotic resetting to be effective is that the system must
exhibit a mixed phase space where regular and chaotic
regions coexist. This ensures that resetting can substitute
slow chaotic orbits by faster regular ones. This condition is
not system-specific, suggesting that chaotic resetting might
be applicable to reduce transient times across a broad range
of problems and systems. For instance, it could reduce first
passage times in multi-well potentials; shorten transients in
dynamical systems such as the forced and magnetic pen-
dulum, the Lorenz system, or population models; decrease
recurrence times inHamiltonianmaps; and accelerate pattern
formation in reaction-diffusion models or systems of active
particles.

Traditional approaches to chaos control focus on stabiliz-
ing unstable periodic orbits, actively controlling trajectories
or suppressing chaos entirely. Chaotic resetting takes a fun-
damentally different approach: it accepts and exploits chaos
rather than fighting it. By systematically interrupting unfa-
vorable trajectories and leveraging the natural variability
arising from sensitivity to initial conditions, we can achieve
dramatic reductions in completion times (from40% to90% in
the Hénon–Heiles system) without requiring detailed knowl-
edge of the system’s dynamics or precise control over initial
conditions. This makes the method particularly valuable in
experimental settings where such control is limited. In fact,
from an experimental standpoint, the decision of whether
to apply resetting can be based on a simple and practical
criterion: one should assess the variability of completion
times across repeated realizations of the same experiment.
A large dispersion in completion times indicates that the
δ-neighborhood (the region of phase space affected by the
uncertainty) lies within amixed phase space. Under these cir-
cumstances, resetting should be applied to trajectories whose
completion times significantly exceed the characteristic time
scale associated with rapidly completing trajectories.

In summary, chaotic resetting represents notmerely a tech-
nical tool for a specific problem, but a conceptual framework
for accelerating deterministic chaotic processes by strategi-
cally exploiting their defining characteristic: sensitivity to
initial conditions.
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Fig. 8 Reduction in the average escape time RT obtained using the opti-
mal resetting interval t∗r , as a function of the base-10 logarithm of the
uncertainty. Two representative cases are shown: a a chaotic trajectory
and b a regular trajectory. The values of θ0 for each panel are the same
as the ones used in Fig. 3, to facilitate direct comparison. The reduction
is remarkable in every scenario except for the case in panel (b) where

the δ-neighborhood is small and lies entirely within a smooth region of
phase space, so that all trajectories already escape fast without reset-
ting. In practical terms, this indicates that chaotic resetting is always
beneficial if a trajectory takes a period longer than the characteristic
time of the ones that escape fast

Appendix A

In Algorithm 1, we present the pseudocode explaining the
steps to calculate the escape time of one particle using chaotic
resetting. In this work, we have used the following parameter
values: h = 0.001, E = 0.17, and tmax = 104. Here, the
escape condition is based on the position of the particle. In
particular, we consider that the particle has escaped if its
position exceeds a circle of radius 2. Any circle of radius
greater than 1 will suffice, since the chaotic saddles of the
potential fall in this circumference. The same scheme can
be applied to different problems, simply changing the break
condition.

Algorithm 1: Escape time of one particle using chaotic
resetting.
Input: E , tr , δ, h, θ0, tmax
Output: t // Total escape time of the process
tlast = 0; // Time of the last reset
x = 0; y = 0; ẋ = √

2E sin θ0; ẏ = √
2E cos θ0; // Initial

conditions
for (t = 0 to tmax step h) do

(x, y, ẋ, ẏ) = RK4(x, y, ẋ, ẏ, h) // Runge-Kutta 4
numerical step
if particle escapes then

break
if (t − tlast ) ≥ tr then

// Apply resetting
θ = θ0 + δU(−1, 1); // Perturb angle
considering uncertainty
x = 0; y = 0; ẋ = √

2E sin θ ; ẏ = √
2E cos θ ;

tlast = t ; // Update last resetting time
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