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Abstract
Stochastic resetting (SR), in which a system intermittently returns to a fixed location, is a power-
ful strategy for optimizing search processes. While extensively studied in memoryless (Markovian)
systems, its behavior in complex media with memory remains largely unexplored. Here, we exper-
imentally investigate SR in a viscoelastic fluid by tracking a colloidal particle subjected to intermit-
tent resets. In this non-Markovian environment, the fluid’s memory gives rise to elastic restoring
forces that oppose the reset, pulling the particle back toward its prior position and hindering effi-
cient exploration. We show that these memory effects can be actively controlled: by holding the
particle at the trap center for a sufficient time, the fluid relaxes, erasing its memory and allowing
the system to re-equilibrate. When introducing a fixed target site, we find that this memory control
enables a significant reduction in the mean passage time, with optimal search performance emer-
ging at intermediate resetting frequencies. In this regime, memory enhances performance through
a ‘bunching’ effect, in which the particle rapidly revisits the target due to temporal correlations
in its trajectory. These results highlight the dual role of memory in resetting dynamics-as both a
hindrance and a resource-and suggest new strategies for optimizing search in non-Markovian sys-
tems, with potential applications in soft matter, biological transport, and stochastic control.

1. Introduction

Stochastic resetting (SR) is widely observed in nature as an efficient search strategy, from foraging anim-
als that reinitialize their search areas for food to molecular motors which optimize the location of bind-
ing sites on DNA [1–4]. This process, in which a dynamical system intermittently returns to a predefined
state, helps avoid inefficient sampling of the available space toward a specific target site [5–10]. In dif-
fusive search processes, SR can drastically reduce first-passage times (FPTs) even when only minimal
information about the system is available, making it a powerful tool for addressing search problems in
both natural and algorithmic settings [5, 11–18]. It has also been applied in computational algorithms,
particularly in optimization tasks, where resetting helps escape local optima and improves convergence to
better solutions [19–21].

While recent theoretical studies have additionally explored the role of memory in SR [22–31], cur-
rent experimental investigations have focused almost exclusively on Markovian systems, where memory is
absent and all information about past trajectories is lost instantly [14, 32, 33]. However, under realistic
conditions, often memory effects are present rendering non-Markovian dynamics strongly influencing
the search dynamics [34–37]. Memory can both enhance performance, by biasing motion toward previ-
ously successful trajectories [38], and reduce it, by resisting resets and trapping the system in suboptimal
states.

Here we experimentally investigate SR in a non-Markovian in a viscoelastic fluid, where time-delayed
mechanical responses encode memory of past trajectories. We uncover a fundamental trade-off: fluid
memory hinders resetting by pulling the particle back toward its pre-reset location, yet it also produces
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correlated ‘bunching’ events where the particle rapidly re-encounters a target multiple times. Crucially,
we demonstrate that this memory can be tuned experimentally by controlling the holding time after each
reset. Short holding times preserve memory and favor rapid re-targeting, while longer ones allow relaxa-
tion and erasure of memory, enabling efficient exploration. By selectively managing memory in this way,
we achieve up to a tenfold reduction in mean passage times (MPTs) compared to a memoryless system.
Our results demonstrate that memory effects can strongly reduce MPTs which may opens new directions
for optimizing search processes in biological, physical, and algorithmic systems that inherently operate in
non-Markovian environments.

2. Experimental setup

We perform experiments using a silica particle with a diameter of 2.73µm, freely diffusing at the sur-
face of a capillary with a thickness of 100µm, filled with a viscoelastic fluid (see below). Particle posi-
tions are recorded using a video camera operating at 100Hz, with a spatial resolution of ±6 nm. In the
experiments we only consider positions on the x axis, which is positioned perpendicular to the capillary,
in order to greatly reduce any drift originating from an imperfect sealing. An optical tweezer is gener-
ated by tightly focusing a 1064 nm laser beam through a 100x oil immersion objective. The beam passes
through an acousto-optic modulator, allowing rapid control of the laser intensity. In the following, we
use a two-state protocol. When the laser is on, the intensity is set to 0.3 W, generating a strong optical
trap with stiffness κ∼ 100µNm−1 over a ∼5µm area, which effectively suppresses thermal fluctuations
and holds the particle fixed at x= 0. When the laser is off, the particle is free to diffuse.

The viscoelastic fluid used in the experiments consists of an equimolar solution (8 mM) of
cetylpyridinium chloride monohydrate (CPyCl) and sodium salicylate (NaSal), which self-assemble into
a dynamic network of giant wormlike micelles (WLMs) [39, 40]. The fluid’s relaxation time, determined
via recoil experiments [41, 42], is approximately τR ≈ 6 s. All experiments were conducted at a constant
temperature of 25◦C. Further details on sample preparation and the experimental setup can be found in
the supplementary materials (SM).

3. Resetting process

We first consider the case of a one-dimensional SR process, as illustrated in figure 1(a). Initially, the laser
is switched off, and the particle, located at position x(t), diffuses freely along the surface of the capil-
lary. A resetting event is initiated by activating the optical tweezer, which rapidly pulls the particle back
toward the origin at x= 0. Once the particle reaches the trap center, it is held in place for a duration th,
after which the laser is turned off, completing the reset. The holding time can been varied between 0.1
s up to several seconds and thus covers the range below and above the fluid’s relaxation time τR. The
resetting process is repeated continuously, with the waiting time τ between consecutive resets drawn
from an exponential distribution, P(τ) = λe−λτ , where λ is the Poissonian resetting rate, commonly
considered in SR studies [5]. In figure 1(b), we show a typical experimental trajectory segment (blue
line), with red triangles indicating reset events. Over time, the system approaches a non-equilibrium
steady state, characterized by a stationary probability density function P(x) and a non-vanishing prob-
ability flux [5, 7, 43].

In figure 2(a), we show the spatial probability density function P(x) for various resetting rates λ,
using a holding time of th = 0.1 s. Importantly, these distributions exclude data recorded during the
resetting phase-including the holding period th-during which the particle is actively pulled back to the
origin. This exclusion avoids biasing the statistics and is consistent with prior studies showing that
including such phases will significantly distort P(x) [44]. By pruning the trajectory in this way, we
effectively implement an idealized instantaneous resetting protocol, where the particle immediately moves
from its pre-reset to post-reset position, as described in [33]. As expected, increasing λ results in more
frequent resets, thereby confining the particle closer to the origin and leading to a narrower spatial
distribution.

These experimental observations are supported by numerical simulations based on a minimal micro-
mechanical model designed to capture the non-Markovian properties of the surrounding fluid. The
model includes a fictitious ‘bath’ particle with friction coefficient γB, harmonically coupled to the col-
loidal particle (with friction γt) via a spring of stiffness κB (see SM). This coupling introduces a delayed
stress response that effectively reproduces the viscoelastic behavior of the environment [41, 45]. Notably,
the three model parameters have been independently determined in previous experiments. As shown in
figure 2(b), the simulations qualitatively reproduce the experimental stationary distributions shown in
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Figure 1. (a) Sketch of the resetting process. A particle is freely diffusing at the surface of the capillary and is stochastically reset to
position x= 0, for a fixed rate λ(x) = const. using a tight optical tweezer. The particle is held in place for a time th before being
released. (b) Typical trajectory of a colloidal particle suspended in a viscoelastic bath and under the resetting process. Reset events
(red triangles) are happening after a stochastic time τ , and last for a time th. The position of the particle was set to 0 during the
resetting event for better visualization.

figure 2(a), accurately capturing their shape and the dependence of their width on λ. A closer agree-
ment between experiments and simulations can be achieved by extending the model to include a second
bath particle. As shown previously [41], this additional degree of freedom is required to fully capture the
relaxation dynamics of the viscoelastic medium (see SM).

In the case of SR in memory-free environments such as Newtonian fluids, it has been established
that a Poissonian SR produces a Laplace distribution for P(x), featuring symmetric exponential tails [5].
This behavior is confirmed in our own Brownian dynamics simulations (figure 2(b), black line), which
serve as a baseline for the memoryless case. In these simulations, the colloidal and bath particles are
merged into an effective single particle with total friction γ = γt + γB (see SM). Additional experimental
measurements performed in water, which similarly yield Laplace-shaped distributions with exponential
tails, are provided in the Supplementary Materials. Clearly, both experimental and simulated distribu-
tions in non-Markovian environments strongly depart from the Laplace form, exhibiting broader tails
that deviate from the characteristic exponential decay. For instance, at a fixed resetting rate λ= 0.2 s−1

and holding time th = 0.1 s, P(x) in the viscoelastic fluid (light green line) is significantly broader than
in the Newtonian fluid (black line). To achieve a similar width of P(x) in the viscoelastic case, the reset-
ting rate must be increased by an order of magnitude to λ= 2 s−1 (dark blue line).

To assess how fluid memory affects SR, in the following we vary the holding time th-the period dur-
ing which the particle is trapped at x= 0 after each reset. This time interval determines how much of
the fluid’s memory is retained before the particle is released: short (compared to τR) holding times pre-
serve memory, while longer ones allow relaxation, effectively erasing strain information stored in the
fluid [46]. We remind here that th was excluded from the trajectory during the analysis. In other words,
the trivial effect of keeping the particle at x= 0 for a longer period is removed, allowing us to isolate
and highlight the impact of th once the particle is released. Figure 2(c) shows experimental measure-
ments of the steady-state probability density P(x) for two representative values of th: 0.1 s and 5 s, with a
fixed resetting rate λ= 0.2 s−1. These values are below and near the fluid’s relaxation time τR ≈ 6 s. For
th ≪ τR, the fluid has insufficient time to relax, and memory of the particle’s pre-reset motion persists,
resulting in broad, memory-dominated distributions. In contrast, for th ∼ τR, memory effects diminish,
and P(x) becomes narrower, approaching the Laplace-like form expected in Markovian resetting [29].
This trend is mirrored in simulations (figure 2(d)), which qualitatively reproduce the dependence of P(x)
on th. These results confirm that the holding time acts as a tunable parameter that controls the degree
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Figure 2. (a) Experimental (symbols with lines) probability density function P(x) of finding the colloidal particle at a given pos-
ition under a continuous resetting process, for a fixed value of th = 0.1 s and different resetting rates λ. (b) Simulated (lines)
probability density function P(x) under the same conditions, showing a qualitatively similar behavior to the experiments. In black
we show the Laplace distribution obtained within a Newtonian (Markovian) environment. (c) Experimental (symbols with lines)
probability density function P(x) of finding the colloidal particle at a given position under a continuous resetting process, for a
fixed value of λ= 0.2 s−1 and th = 0.1 s (blue) and th = 5 s (red). (d) Simulated (lines) probability density function P(x) under
the same conditions, showing a qualitatively similar behavior to the experiments.

of non-Markovianity in the system. Obviously, such sensitivity to th is absent in Newtonian fluids, which
instantaneously relax compared to colloidal timescales.

The influence of fluid memory is also evident in the particle’s dynamics following a reset. When th is
short, the environment retains directional information, inducing a recoil motion that biases the particle
toward its pre-reset position. This systematic drift introduces a transient deviation from purely diffus-
ive motion and prevents the system from instantaneously reaching mechanical equilibrium. These effects
are clearly visible in experimental trajectories: after each reset, the particle consistently moves toward
its prior location (figure 1(b), inset). On longer timescales, this gives rise to persistent spatial correl-
ations, as seen in figure 1(b), where the trajectory remains predominantly on one side of the origin-
x≳ 0 for t< 80 s and x≲ 0 thereafter-despite continuous resetting. Overall, these observations reveal
how viscoelastic memory resists the resetting process, diminishing its confining effect and broadening
the steady-state distribution. Crucially, this resistance can be modulated through th, providing an experi-
mental handle to explore and harness memory effects in non-equilibrium transport.
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Figure 3. (a) Sketch of the resetting process with the addition of a target at position xt: for x> xt we systematically reset the
particle’s position, and thus λ=∞. (b) Typical trajectory of a colloidal particle suspended in a viscoelastic bath and under a
resetting process, with a target at position xt. Passage times (PT) are measured as the time between two passage events (green
down triangles). Reset events (red up triangles) are happening after a stochastic time τ , and last for a time th during which the
particle is held at position x= 0 with a strong optical tweezer.

4. Optimizing a search process

We now turn to the implications of memory during a simple search optimization problem using SR.
The experimental protocol is schematically illustrated in figure 3(a). Each time the particle reaches a
target at position xt, we record a passage event i with corresponding PT PTi, and apply a reset with a
short holding time tt = 0.1 s (note the index t instead of h). In addition to these target-triggered resets,
we apply the above Poissonian SR with rate λ and varying holding time th which ensures to limit our
experimental timescales by preventing excessively long excursions away from the target. It is important
to emphasize that our setup implements a target-resetting protocol rather than an absorbing-boundary
condition. In Markovian systems, these two formulations are equivalent because memory is lost instant-
aneously after each reset. In contrast, in our non-Markovian fluid, they differ fundamentally: the bath
retains information about the particle’s pre-reset motion. This distinction is crucial, as an absorbing-
boundary approach would effectively erase this memory after every passage event, thereby eliminating
the non-Markovian effects we seek to study. The distinction between complete and incomplete renewal
processes in the context of SR has recently been discussed in detail in numerical studies [31]. More
information regarding the PT statistics, is available in SM. A segment of a representative experimental
trajectory is shown in figure 3(b), where the reset events triggered by target encounters are marked by
green down triangles, while stochastic resets due to the Poisson process are indicated in red. Strikingly,
the target-hitting events are not evenly spaced in time but are apparently correlated -a phenomenon we
refer to as bunching in the following, and which will we analyze in more detail below. Unlike the FPT
in memory-free systems which are fully uncorrelated between subsequent realizations, this is no longer
true in a viscoelastic fluid where—depending on the value of th some memory of the past is retained.
Therefore, in the following we will refer to PT instead of FPT. Additional numerical examples illustrating
the discrepancy between PT and FPT statistics in Markovian and non-Markovian resetting are provided
in the SM.

Figure 4(a) shows the MPT = ⟨PTi+1⟩i as a function of the Poissonian reset rate λ for different val-
ues of th. As in memoryless systems [12, 14, 16], we observe a non-monotonic dependence: The MPT
reaches a minimum at an intermediate λ, indicating an optimal balance between exploration and reset-
ting. For large λ, exploration is limited by frequent resets which prevent the particle from reaching the
target, while at low λ, the dynamics converges towards free diffusion, leading to long-tailed PT distribu-
tions and increased search times [12, 47]. The optimal search performance thus emerges at intermediate
resetting rates, where exploration and reset are balanced.
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Figure 4. (a) Mean passage time (MPT) as a function of the resetting rates λ, for th = 0.1 and 10 s (blue and red respectively).
(b) Normalized probability of finding an event P̃(PTi+1) knowing that the previous event PTi was either part of the fast (red),
average (orange) or slow (blue) tertile.

To quantify the observed bunching, we analyze correlations between successive PTs. We first sort
all recorded PTs in ascending order, from the fastest to the slowest, and partition them into three
quantiles of equal size (tertiles). For each subset which contains events PTi, we then compute the dis-
tribution of immediately following PTs PTi+1 and normalize it by the global PT distribution: P̃(PTi+1) =
P(PTi+1|PTi)/P(PT). This normalization allows to better differentiate distributions which span several
orders of magnitudes and would therefor look very similar. The results, shown in figure 4(b), reveal
strong temporal correlations. Fast events (lowest tertile, PTi ⊂ 0− 33%) are typically followed by another
fast event, indicated by P̃(PTi+1 ≲ 4s)> 1, and a corresponding depletion of slower events (P̃(PTi+1 ≳
4s)< 1). Conversely, for the slowest tertile (PTi ⊂ 67− 100%), the opposite trend is observed. These
findings show that in non-Markovian environments, incomplete resets not only broaden the steady-
state spatial distribution, but also imprint memory into the sequence of events, enhancing the like-
lihood of temporally clustered target encounters. More information regarding the PTi correlations, is
available in SM.

However, while these correlations can facilitate rapid target re-encounters, they also come at a cost.
As shown in figure 2, resets performed with short holding times (e.g. th = 0.1 s) fail to fully erase the
memory stored in the fluid’s internal degrees of freedom, especially after long excursions. In such cases,
residual restoring forces drive the particle back toward its previous position, regardless of whether this
motion aids or hinders the search. As a result, memory not only reinforces returns to the target but also
prolongs unproductive trajectories, ultimately broadening the passage-time distribution and reducing
search efficiency. In this context, the holding time th emerges as a crucial control parameter. By tun-
ing its duration, one can regulate the extent of memory retained after a reset. For example, keeping tt
short (tt ≪ 1) after successful target encounters preserves advantageous passage-time correlations, while
increasing th during stochastic resets allows the system to relax and erase detrimental memory effects.
In this way, the strategy exploits fluid memory in a statistically biased manner, favoring rapid redis-
covery after target encounters while mitigating its adverse influence during exploration. The benefit of
this approach is demonstrated in figure 4(a). When the holding time for Poissonian resets is increased
to th = 10 s (red curve), the MPT drops by nearly 50% compared to the baseline case with th = 0.1 s
(blue curve). Additionally, the optimal resetting rate shifts toward lower values, consistent with the idea
that both increasing th and decreasing λ narrow the steady-state distribution P(x) and thereby enhance
search efficiency. For clarity, the PT statistics reported here exclude the resetting intervals, thereby focus-
ing solely on the effective dynamical gains produced by memory control. This approach highlights the
intrinsic acceleration arising from optimized resetting, independent of the time spent on memory eras-
ure. In our experiments, relaxation occurs passively (meaning the absolute gain is offset by a time pen-
alty) but this represents a conservative limit: active control strategies-such as accelerating fluid relaxa-
tion through heating or other perturbations-could dramatically shorten the erasure phase. Such methods
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would convert the demonstrated speedup into an absolute acceleration, offering a promising route for
future experimental implementations.

Finally, we emphasize that our study does not address the thermodynamic aspects of resetting. Recent
works [33, 48] have shown that resetting is akin to erasing positional information, a process that is
intrinsically associated with a work cost. This cost increases not only with the resetting frequency but
also with how fast the reset itself is applied. Accounting for this cost, and for the finite time required to
perform the reset, introduces an additional and nontrivial trade-off between minimizing FPTs and min-
imizing energetic expenditure. In non-Markovian fluids, which carry an additional, persistent form of
memory, erasure entails an extra thermodynamic cost. We therefore expect such trade-offs between per-
formance and energetic cost to become even more pronounced in non-Markovian environments.

5. Summary and discussion

The resetting protocol explored in this study represents a minimal search strategy, with a basic control
over memory effects. Specifically, we showed that the partial erasure of memory enhances the explora-
tion efficiency of the particle by preventing it from recoiling toward its pre-reset position. However, due
to the stochastic nature of Poissonian resetting, short inter-reset times τ can still occur unpredictably-
even immediately after a successful target encounter. In such cases, a premature memory erasure may
disrupt advantageous temporal correlations and hinder exploitation.

To address this, more refined resetting protocols could be implemented. For example, one might
replace Poissonian resets with deterministic ones that occur only after a minimum time has elapsed,
reducing the likelihood of memory loss during critical exploitation phases. Alternatively, adaptive
schemes could be envisioned, in which the holding time th is dynamically modulated based on the
preceding τ , or conditioned on the detection of successful target encounters. Such strategies would
enable better control over the balance between memory-driven exploitation and memory-free explora-
tion, potentially leading to more efficient search behavior. This suggests that memory should be expli-
citly considered when designing efficient resetting protocols in viscoelastic or otherwise structured
environments.
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