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General theory for group resetting with application to avoidance
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We present a general theoretical framework for group-resetting dynamics in a potential landscape. While
traditional resetting models typically focus on a single particle, we consider a group of particles whose collective
dynamics govern the resetting. We extend existing resetting theories to cover extreme-value group resetting. This
has applications from bacterial evolution under antibiotic pressure to swarm-search optimization. Using renewal
theory, we derive a Fokker-Planck equation for the spatial distribution of the group’s center of mass, treated as an
effective particle. This formalism yields analytical expressions for key observables such as the stationary mean
position and variance. We also study a group avoidance problem, where the particles must avoid an undesirable
region. Such problems have recently been studied in contexts such as preventing critically high water levels in
dams and controlling excessive financial leverage. Our framework offers insights into how resetting can optimize
group-level search and avoidance strategies.

DOI: 10.1103/zxff-tkq5

I. INTRODUCTION

In traditional stochastic resetting, a particle diffuses
through space and relocates to a distant position at a con-
stant rate in order to, for example, find a target [1–4].
While originally formulated as memoryless, resetting theories
now incorporate non-Markovian processes [5–7], nonequi-
librium environments [8,9], and bounded or nonrenewal
systems [10,11]. These developments have proven useful
across diverse applications, ranging from transport processes
to optimal target search. Yet, there exists a class of prob-
lems that fall outside the standard single-particle framework:
systems with many searchers where the resetting protocol
depends on collective behaviors.

One example is a swarm search [12–14]. Here, multiple
random walkers explore a landscape in parallel, continu-
ously exchanging “fitness” values (with respect to some
objective function), and, from time to time, relocate to the
position of the most fit searcher. While this strategy ac-
celerates the search, it raises challenging questions about
the optimal number of walkers and the resetting rate. An-
other example is bacterial evolution under antibiotic pressure.
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Under such pressure, the microbial population evolves toward
an antibiotic-resistant bacteria through metabolic adaptation
[15–18]. This represents an example of group search in
biological-trait space. Such a process could, in principle, be
halted by resetting the population to the least fit species us-
ing an artificial selection protocol [19–21]. Just as in swarm
search, finding the optimal parameters (e.g., the best resetting
rate) represents a considerable challenge.

Inspired by these examples, we developed a general frame-
work for group resetting in a drift potential, where the
system’s current state determines the resetting point. It en-
compasses common resetting rules, such as returning to
a fixed position or some spatial distribution [22–31], but
also more complex scenarios where, for example, all parti-
cles reset to the location of the most extreme one. So far,
dynamical resetting rules have mainly been considered in
single-particle cases, such as resetting to a fraction of the trav-
eled distance [32,33] or to the maximum position previously
reached [34].

Our framework builds on an effective description in which
the system’s center of mass (CM) diffuses as a single particle.
Within this picture, we use renewal theory to derive a master
equation for the CM’s spatial distribution under group reset-
ting. The theory yields several analytical results that agree
with many-particle simulations, even under extreme resetting
rules. We further apply the framework to a generic avoid-
ance problem, calculating the probability that the CM avoids
a specified region under counteracting drift. This problem
arises in diverse contexts [35,36], including preventing dam
overflow and controlling excessive financial leverage. While
these applications rely on single-particle models, our work
extends the concept to groups, where avoidance is regulated
by resetting to the best-performing member. We schematically
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FIG. 1. Schematic figure of group resetting. (a) Reset dynamics.
All particles relocate to the position of the selected particle in the
group. So does the CM. (b) Avoidance problem. The drift potential
drags the CM toward the minimum, marking the start of the unde-
sired or dangerous area (red). (c) The spatial distributions before
and after the group reset (black lines). All particles instantaneously
relocate to the rightmost particle before resuming diffusion.

illustrate the group-resetting process and the avoidance prob-
lem in Fig. 1.

II. GENERAL FRAMEWORK

We consider n overdamped Brownian particles with coor-
dinates xi (i = 1, . . . , n) in a one-dimensional potential V (xi ).
All particles start at xi = x0 and diffuse with diffusion constant
D. With resetting rate r, the group simultaneously relocates
to a position X (t ), which in general depends on the particle
positions x1, . . . , xn. To describe the collective dynamics of
these particles, we introduce an “effective particle” with coor-
dinate ζ (t ) that represents the CM motion. It starts at ζ0 = x0,
evolves with diffusion constant D/n in an effective poten-
tial Veff(ζ ) (which in general, Veff(ζ ) �= V (xi )), and resets to
ζ = X (t ) with rate r. Following the approach in Ref. [1], we
describe the spatial distribution of ζ , P(ζ , t |ζ0, t0) ≡ P(ζ , t ),
by the Fokker-Planck equation

∂

∂t
P(ζ , t ) = − ∂

∂ζ
[A(ζ )P(ζ , t )] + ∂2

∂ζ 2

[
D

n
P(ζ , t )

]

− rP(ζ , t ) + rR(ζ , t ). (1)

The first two terms represent drift and diffusion, whereas the
last two describe removal and reintroduction due to resetting.
The reintroduction position is drawn from the resetting posi-
tion distribution R(ζ , t ).

The main challenge lies in determining R(ζ , t ), since it
may depend on the underlying process. Specifically, it is
determined by the kernel (or conditional probability density
function) Kn(ζ = X |ζ ′ = X ′; τ ), which gives the distribution
of the effective particle’s resetting position ζ = X after a
time τ since its last reset to ζ ′ = X ′. Following Ref. [37],
we employ renewal theory to relate this kernel to R(ζ , t ),

obtaining

R(ζ , t ) = �(t )Kn(ζ |ζ0; t )

+
∫ t

0
dτφ(τ )

∫ ∞

−∞
dζ ′Kn(ζ |ζ ′; τ )R(ζ ′, t − τ ).

(2)

Here, φ(τ ) denotes the waiting-time distribution between
consecutive resetting events, �(t ) = 1 − ∫ t

0 φ(τ )dτ is the
survival probability, and the resetting rate is given by r =
[
∫ ∞

0 τφ(τ )dτ ]−1. The first term in Eq. (2) accounts for contri-
butions from trajectories without resetting up to time t , while
the second term accounts for trajectories whose most recent
reset occurred at time t − τ , irrespective of any earlier re-
sets. Together with the initial condition R(ζ , 0) = δ(ζ − ζ0),
Eqs. (1) and (2) define the framework for analyzing group-
resetting dynamics in different scenarios. Further progress
requires specifying a particular resetting scheme, which leads
to different Kn(ζ |ζ ′; τ ).

The simplest example is resetting to the starting or fixed
point ζ0, as in the previous studies [1,22,31,38–40]. In this
case, Kn(ζ |ζ ′; τ ) = δ(ζ − ζ0), which yields R(ζ , t ) = δ(ζ −
ζ0). Another example is resetting to a randomly chosen
particle in the group, for which Kn(ζ |ζ ′; τ ) = G(ζ |ζ ′; τ ),
where G(ζ |ζ ′; τ ) denotes the single-particle propagator within
time τ .

A central example in this study is extreme-value group
resetting. In this scheme, all particles reset to the posi-
tion of the rightmost one, X = max(x1, . . . , xn). Deriving
Kn(ζ |ζ ′; τ ) for this process requires extreme-value the-
ory. For large n, Kn(ζ |ζ ′; τ ) approaches to a Gumbel
distribution, Gumbel(ζ ; μ, β ), as predicted by the Fisher-
Tippett-Gnedenko theorem [41–43]. Here, μ = μ(ζ ′, τ ) and
β = β(ζ ′, τ ) are the process-dependent location and scale
parameters, respectively. A detailed derivation of the approx-
imation Kn(ζ |ζ ′; τ ) ≈ Gumbel(ζ ; μ, β ) is provided in the
Appendixes.

III. RESULTS

For analytical tractability, we consider the harmonic po-
tential V (xi ) = kx2

i /2 [Fig. 1(b)]. This corresponds to an
Ornstein-Uhlenbeck process [44,45], which allows us to
determine the parameters μ and β analytically from the
single-particle propagator. The location and scale param-
eters are μ(ζ ′, τ ) = x(ζ ′, τ ) + σ (ζ ′, τ )bn and β(ζ ′, τ ) =
σ (ζ ′, τ )an, where x and σ 2 indicate the mean and vari-
ance of the Ornstein-Uhlenbeck process, x(ζ ′, τ ) = ζ ′e−kτ

and σ 2(ζ ′, τ ) = D
k [1 − exp(−2kτ )]. Here, the coefficients

bn and an are determined by the inverse cumulative distri-
bution C−1(·) of a unit Gaussian distribution, where bn =
C−1(1 − 1/n) and an = 1/bn.

As a basic of avoidance, we first examine the first mo-
ment as it represents the mean displacement from the danger
boundary (ζ = 0). To this end, we compare the dynamics of
the CM with our effective-particle description under resetting.
Figure 2(a) shows the trajectories of n = 10 diffusing particles
(gray), which reset at rate r = 1 to the position of the right-
most particle. The CM trajectory xCM(= 1

n

∑n
i=1 xi ) is colored

in blue, where the sudden jumps indicate resetting events.
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FIG. 2. Particle trajectories and average positions. (a) Simulated
particle trajectories with group resetting (gray) and their center of
mass (blue). The red line marks the boundary of the dangerous
region (x � 0). Parameters: (n, r, k, D) = (10, 1, 1, 2). (b) Average
positions over time for n = 100 particles. The blue symbols represent
the average CM trajectory, and the orange ones show the average
from effective-particle simulations. The green line corresponds to the
first moment of P(ζ , t ) from Eq. (1), and the dashed line indicates
the stationary position 〈ζ 〉s [Eq. (5)]. (Inset) Position distributions at
t = 10. Histograms show simulation results for ζ and xCM, while the
green line is the stationary distribution Ps(ζ ) calculated numerically
from Eq. (1). The dashed line shows the first moment of Ps(ζ ).

Figure 2(b) shows the ensemble-averaged CM motion,
〈xCM(t )〉 (105 samples), together with the average trajectory
of the effective particle, 〈ζ 〉 (orange), obtained from stochastic
simulations [46] (also 105 samples; see Appendixes). Both av-
erages are nearly identical and saturate in the long time limit,
〈xCM(t → ∞)〉 ≈ 〈ζ (t → ∞)〉. These results demonstrate
that the effective-particle description provides an accurate
representation of the group’s CM.

In addition to the simulations in Fig. 2(b), we show the the-
oretical prediction of the first moment 〈ζ (t )〉 (green), obtained
by solving the dynamics of ζ (t ). The dynamics of 〈ζ (t )〉 is
obtained from Eqs. (1) and (2) by multiplying ζ by P(ζ , t )
and R(ζ , t ) and integrating over ζ , which yields

d

dt
〈ζ (t )〉 = −k〈ζ (t )〉 + r(〈ζr (t )〉 − 〈ζ (t )〉), (3)

where

〈ζr (t )〉 =
∫ ∞

−∞
ζR(ζ , t )dζ

= �(t )

[
ζ0e−kt + (bn + γ an)

√
D

k
(1 − e−2kt )

]

+
∫ t

0
dτφ(τ )

[
〈ζr (t − τ )〉e−kτ

+(bn + γ an)

√
D

k
(1 − e−2kτ )

]
. (4)

Here, γ is the Euler-Mascheroni constant. In Eq. (3), the first
term describes the drift toward ζ = 0, while the last term
represents the resetting contribution, which counteracts this
drift by displacing the effective particle away from ζ = 0.

FIG. 3. (a), (b) The stationary mean position 〈ζ 〉s and (c), (d) the
squared coefficient of variation (SCV) σ 2

ζ /〈ζ 〉2
s with respect to (a), (c)

n for (r, k, D) = (1, 1, 2) and (b), (d) r for (n, k, D) = (100, 1, 2).
〈ζ 〉s increases with n and r, while the SCV decreases for both
parameters. However, the SCV saturates at large n. The blue and
orange symbols indicate simulation results for groups of particles and
the effective center of mass, respectively. The green lines represent
theoretical results, and the dashed lines depict scaling trends.

Using φ(t ) = re−rt , we obtain the solution to Eq. (3) [green
in Fig. 2(b)], which is in excellent agreement with the simu-
lations (blue and orange). To further validate our theory, we
compared the stationary solution of Eq. (1) (green), obtained
by numerical integration, with histograms of the stationary po-
sitions ζ (orange) and xCM (blue) from simulations [Fig. 2(b)
(inset)]. Again, we find good agreement.

Next, the effective-particle description allows us to calcu-
late several analytical results, including the stationary mean
position 〈ζ 〉s = limt→∞〈ζ (t )〉. This is a simple proxy for
avoidance given by

〈ζ 〉s = (bn + γ an)

√
D

k

r2

2k(r + k)
B

(
1

2
,

r

2k

)
, (5)

where B(u, v) = �(u)�(v)/�(u + v) denotes the beta func-
tion; �(·) is the gamma function. Below, we examine how
Eq. (5) depends on key parameters, starting with the group
size n.

The size is essential in group resetting, as it determines
the group’s extreme-value statistics: the bigger the groups,
the more extreme the outcomes. As n grows, this leads to a
growing 〈ζ 〉s. By expanding Eq. (5) and using bn ∝ √

2 ln n
for large n [41–43], we find 〈ζ 〉s ∝ √

ln n [Fig. 3(a)]. This
growth is slow. The opposite small-n limit is relatively trivial.
When n = 1, the particle has nowhere to jump since there are
no interactions with other particles. Therefore, 〈ζ 〉s = 0.

Next, we study the impact of resetting rate r. Without
resetting (r = 0), we have 〈ζ 〉s = 0, because the effective
particle simply follows the Ornstein-Uhlenbeck process. As r
grows, however, 〈ζ 〉s increases [Fig. 3(b)]. We note that the
system exhibits two scaling regimes for small and large r.
We analyze the small-r regime (r � k) by expanding Eq. (5)
and using that B(1/2, r/2k) ≈ 2k/r − 2r/k. This leads to the
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linear scaling:

〈ζ 〉s ≈ (bn + γ an)
r

k

√
D

k
. (6)

For large r (r 
 k), we find 〈ζ 〉s ∝ √
r by expanding Eq. (5)

and using B(1/2, r/2k) ∼ √
2πk/r,

〈ζ 〉s ≈ (bn + γ an)

√
πDr

2k2
. (7)

This limiting behavior has an intuitive explanation. During the
time interval between two resets, τ ≈ 1/r, diffusive spread
grows as

√
D/r and the particle drifts toward the origin

by a distance of kζ/r. Under stationary conditions, these
two mechanisms balance each other, k〈ζ 〉s/r ∼ √

D/r, which
yields 〈ζ 〉s ∝ √

Dr/k.
As mentioned before, the average stationary position is a

simple measure for avoidance, where we show that it increases
with both n and r. At first glance, one might interpret that
the group successfully avoids the danger in the stationary
state if 〈ζ 〉s > 0. However, this is not guaranteed, because
the group may fail to avoid the danger if the variance σ 2

ζ (=
〈ζ 2〉s − 〈ζ 〉2

s ) grows faster than 〈ζ 〉s with n and r. To capture
this behavior, we calculate the squared coefficient of variation
(SCV) of the displacement σ 2

ζ /〈ζ 〉2
s as a better dimensionless

measure of avoidance.
To evaluate the SCV, we must first calculate the second

moment in steady state 〈ζ 2〉s = limt→∞〈ζ 2(t )〉. In the same
manner as for 〈ζ 〉s, we find

〈ζ 2〉s = 2D

n(r + 2k)
+

[
(bn + γ an)2 + π2a2

n

6

]
Dr

k(r + 2k)

+ (bn + γ an)2Dr3

4k3(r + 2k)
B

(
1

2
,

r

2k

)
B

(
1

2
,

r + k

2k

)
. (8)

Using this formula, we illustrate how the SCV changes for
different n and r in Figs. 3(c) and 3(d).

First, we find that the SCV decreases as ∼1/n for small
n, and then saturates for large n [Fig. 3(c)]. This indicates
that the stationary distribution Ps(ζ ) broadens proportionally
to the shift of the average position for large n. Second, with
respect to r, the SCV decreases monotonically, but with two
distinct regimes. It scales as ∼1/r2 for small r (� k), while
for large r (
 k), it decays as 1/r [Fig. 3(d)]. This monotonic
decrease in SCV with increasing r arises from the fact that
the fast resetting shortens the diffusion time, thereby limiting
the broadening of the distribution. These results imply that the
larger the n and the larger the r, the more likely the group is to
avoid the danger. We also find that 〈ζ 〉s and the SCV are more
sensitive to r than n.

Interestingly, although the SCV is an improved measure
of avoidance relative to the average displacement, two groups
with the same SCV but with different parameter combinations
may exhibit different avoidance behavior. This is because
avoidance ultimately is a function of the detailed shape of the
distribution Ps(ζ ), not just its mean and variance. Figure 4(a)
shows three stationary distributions Ps(ζ ) for different param-
eters (n, r) that yield the same SCV value, σ 2

ζ /〈ζ 〉2
s = 3. The

lines represent results from numerical solutions of Eq. (1), and
the symbols are computed from numerical integration of the

FIG. 4. (a) Stationary distributions Ps(ζ ) for different parameter
values of n and r. These distributions share the same SCV value,
σ 2

ζ /〈ζ 〉2
s = 3, but differ in their detailed shapes. Red area represents

the dangerous region. (b) Avoidance probability Pa as a function of
SCV for different group size n. Symbols represent simulation results,
and lines represent the numerical solution of Eq. (1). The dashed line
indicates σ 2

ζ /〈ζ 〉2
s = 3. The parameters are (k, D) = (1, 2).

stochastic differential equation for ζ . Despite having the same
SCV, the distributions exhibit different shapes.

To get the proper avoidance probability, we calculate
Pa = ∫ ∞

0 dζPs(ζ ), which represents the probability of finding
the effective particle away from the dangerous region ζ � 0.
In Fig. 4(b), we plot Pa versus SCV for different n. Successful
avoidance (Pa = 1) is achieved when the distribution is en-
tirely shifted to the right of the origin, ensuring that no portion
of it remains in ζ � 0. This implies that the mean is shifted
farther than the width of the distribution, such that successful
avoidance is associated with a small SCV.

IV. SUMMARY AND DISCUSSION

In summary, we present a general theoretical framework
for group resetting that builds on renewal theory and can
handle extreme-value scenarios. We derive the renewal equa-
tion for the resetting position distribution R and couple it
to a Fokker-Planck equation that governs the group’s center
of mass dynamics. We also derive several analytical results
for the stationary mean position and show how key resetting
and group parameters control the system’s ability to avoid an
undesirable area.

Reset protocols in stochastic resetting are typically cate-
gorized into two classes. One is global resetting, where all
particles reset simultaneously [22,31,37,38,40,47–50], while
the other is local resetting, where particles reset independently
[22,30,38,39,51–54]. The extreme-value group resetting in
our study falls within the global resetting class.

Beyond this classification, however, a more crucial dis-
tinction concerns how the resetting position is determined.
Most previous studies have considered particles, either glob-
ally or individually, resetting to a predefined state, such
as the origin [22,31,37,47–49,51,54] or their initial state
[22,30,37,38,40,50]. In contrast, in our example the resetting
position emerges dynamically from the collective group evo-
lution between consecutive resetting events. As a result, the
resetting position is not prescribed a priori, but is instead
defined collectively by the system dynamics.

At a conceptual level, our model bears a superficial
resemblance to branching Brownian motion [39] in that col-
lective behavior emerges without direct particle interactions.
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However, the underlying mechanisms are different. In branch-
ing Brownian motion, collective effects arise from reproduc-
tion or birth event, with new particles appearing at positions
determined solely by individual trajectories. As a result,
collective behavior emerges only at the level of ensemble
statistics. In the extreme-value resetting case, the resetting po-
sition is explicitly constructed from the group configuration,
through the position of the farthest particle, thereby inducing
collective effects even though the underlying Brownian dy-
namics of individual particles remain independent.

The framework is broadly applicable to a wide range of
group-resetting problems. By appropriately defining the re-
setting position distribution R and the kernel K , it connects
studies on fixed resetting distributions [1,55–58], position-
dependent resetting [32,33,58], simultaneous group resetting
to the origin [31], and time-dependent resetting based on
particle trajectory history [34,59].

Building on this theoretical framework, our approach could
be extended to practical applications such as artificial selec-
tion [60], for example, to design optimal selection protocols,
reduce computational costs, and estimate key parameters such
as bottleneck size, fitness, and selection frequencies. Reset-
ting tied to group thresholds may also offer insights into
allele frequencies and mechanisms that help populations avoid
extinction.
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APPENDIX A: DERIVATION OF KERNEL

Let us assume that a group of particles has reset to ζ ′ at
time t ′, and the next reset occurs at time t (= t ′ + τ ) to ζ .
To obtain the kernel Kn(ζ |ζ ′; τ ), we start from the cumula-
tive distribution function Qn(ζ |ζ ′; τ ) = Pr(x1(t ), . . . , xn(t ) �
ζ |ζ ′; τ ). Assuming that the particles diffuse independently
between successive resets, the cumulative distribution func-
tion factorizes as Qn(ζ |ζ ′; τ ) = [Pr(x(t ) � ζ |ζ ′; τ )]n, where
the single-particle cumulative probability is given by

Pr(x � ζ |ζ ′; τ ) = ∫ ζ

−∞ dx G(x|ζ ′; τ ) = C(ζ |ζ ′, τ ), with the
single-particle propagator G(x|ζ ′; τ ) from ζ ′ to x over a time
interval τ , assuming time-homogeneous diffusion. Here, C(·)
is the cumulative distribution of the unit Gaussian distribution.
Differentiating Qn with respect to ζ , we obtain

Kn(ζ |ζ ′; τ ) = nG(ζ |ζ ′; τ )[C(ζ |ζ ′; τ )]n−1. (A1)

As n increases, Kn(ζ |ζ ′; τ ) approaches a Gumbel distri-
bution (or type I generalized extreme-value distribution)
Gumbel(ζ ; μ, β ) = 1

β
exp(− ζ−μ

β
− exp(− ζ−μ

β
)) as stated in

the Fisher-Tippett-Gnedenko theorem, since the single-
particle propagator has an exponential tail [41–43]. Parame-
ters μ and β represent the location and scale of the Gumbel
distribution, respectively. Such emergence of the Gumbel dis-
tribution is a hallmark of extreme-value theory, reflecting the
fact that the group-resetting process selects the maximal dis-
placement among diffusing particles.

We now demonstrate this relation explicitly, without in-
voking the Fisher-Tippett-Gnedenko theorem. Starting from
the single-particle Gaussian propagator G(x), we scale
the variable as y = (x − x)/σ , where x = ζ ′e−kτ and σ =√

D
k (1 − e−2kτ ), which gives G(y) = 1√

2π
e−y2/2. In this set-

ting, the asymptotic order bn of the maximum follows
from Pr(y > bn) = 1 − C(bn) ∼ 1/n. This implies that bn ≈
C−1(1 − 1/n). For simplicity, we omit the dependence on ζ ′
and τ in what follows.

To evaluate bn, we use the Mills ratio m(bn) for the unit
Gaussian,

m(bn) = 1 − C(bn)

G(bn)
= 1

bn + 1
bn+ 2

bn+ 3
bn+···

, (A2)

which reduces to m(bn) ≈ 1/bn(1 + O(b−2
n )) for

large bn, giving C(bn) ≈ 1 − G(bn)/bn. Hence, bn ≈√
ln(n2/2π ) − ln[ln(n2/2π )].
As the group size n increases, the order bn of maximum

also increases. Simultaneously, the tail of the distribution
[G(y)]n for n independent random variables decays more
steeply. With bn identified, we rescale the variables yi as
zi = (yi − bn)/an with an = 1/bn to resolve the tail behavior.
The distribution satisfies Pr(z1, z2, . . . , zn � Z ) = [Pr(z �
Z )]n = [C(bn + anZ )]n. Using the Mills ratio, the cumula-
tive distribution can be approximated as C(bn + anZ ) ≈ 1 −
G(bn + anZ )/(bn + anZ ). Moreover, the asymptotic relation
G(bn + anZ ) ≈ e−Z G(bn)(1 + O(b−2

n )) yields C(bn + anZ ) ≈
1 − e−Z/n, since G(bn)/bn ≈ 1/n. Thus, in the large-n limit,
[Pr(z � Z )]n ≈ (1 − e−Z

n )n → e−e−Z
, which is the cumulative

distribution of the Gumbel distribution.
In terms of x, the cumulative distribution becomes

Qn(ζ ) = [Pr(x � ζ )]n ≈ exp

(
− exp

(
−ζ − μ

β

))
, (A3)

where μ = x + σbn and β = σan. Differentiating Qn(ζ ) with
respect to ζ , we obtain the kernel for large n as

Kn(ζ ) ≈ 1

β
exp

(
−ζ − μ

β
− exp

(
−ζ − μ

β

))
. (A4)
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Thus, for large n, the kernel is well approximated by the
Gumbel distribution.

APPENDIX B: STOCHASTIC SIMULATIONS

We generate trajectories using the Euler-Maruyama
method [45,46]. At each time step of size dt , the positions
(x1, x2, . . . , xn) of n particles are reset with probability rdt .
When a reset occurs, all particles are relocated simultaneously
to X = max(x1, x2, . . . , xn). Otherwise, the particles evolve
independently according to

xi(t + dt ) = xi(t ) − kxidt +
√

2D dWi(t ), (B1)

where Wi(t ) denotes a Wiener process.
When simulating the effective single-particle dynamics

with coordinate ζ , we keep track of the elapsed time τ since
the most recent reset. At each time step dt , a reset occurs with
probability rdt . In such case, ζ is relocated to ζr , randomly
drawn from Kn(ζ |ζ ′; τ ). For practical implementation, we
approximate Kn(ζ |ζ ′; τ ) by a Gumbel distribution. Between

resetting events, ζ evolves according to

ζ (t + dt ) = ζ (t ) − kζdt +
√

2D/n dWζ (t ), (B2)

where Wζ (t ) is also a Wiener process.

APPENDIX C: ANALYTIC EXPRESSION OF SQUARED
COEFFICIENT OF VARIATION

An explicit expression for the squared coefficient of varia-
tion can be obtained as

σ 2
ζ

〈ζ 〉2
s

= 8k3(r + k)2

nr4(r + 2k)
(bn + γ an)−2B

(
1

2
,

r

2k

)−2

+
[

1 + π2a2
n

6(bn + γ an)2

]
4k2(r + k)2

r3(r + 2k)B
(

1
2 , r

2k

)2

+ (r + k)2

r(r + 2k)

B
(

1
2 , r+k

2k

)
B
(

1
2 , r

2k

) − 1. (C1)

[1] M. R. Evans and S. N. Majumdar, Diffusion with optimal reset-
ting, J. Phys. A: Math. Theor. 44, 435001 (2011).

[2] A. Pal and S. Reuveni, First passage under restart, Phys. Rev.
Lett. 118, 030603 (2017).

[3] A. Chechkin and I. M. Sokolov, Random search with reset-
ting: A unified renewal approach, Phys. Rev. Lett. 121, 050601
(2018).

[4] X. Durang, S. Lee, L. Lizana, and J.-H. Jeon, First-passage
statistics under stochastic resetting in bounded domains,
J. Phys. A: Math. Theor. 52, 224001 (2019).

[5] U. Harbola, Stochastic dynamics of a non-Markovian random
walk in the presence of resetting, Phys. Rev. E 109, 064148
(2024).

[6] V. Shkilev, Continuous-time random walk under time-
dependent resetting, Phys. Rev. E 96, 012126 (2017).

[7] V. Shkilev and I. Sokolov, Subdiffusive continuous time random
walks with power-law resetting, J. Phys. A: Math. Theor. 55,
484003 (2022).

[8] A. Masó-Puigdellosas, D. Campos, and V. Méndez, Stochastic
movement subject to a reset-and-residence mechanism: Trans-
port properties and first arrival statistics, J. Stat. Mech. (2019)
033201.

[9] K. Goswami, Stochastic resetting in a nonequilibrium environ-
ment, Phys. Rev. E 111, 014150 (2025).

[10] A. S. Bodrova, A. V. Chechkin, and I. M. Sokolov, Nonrenewal
resetting of scaled Brownian motion, Phys. Rev. E 100, 012119
(2019).

[11] V. Méndez, A. Masó-Puigdellosas, and D. Campos, Nonstan-
dard diffusion under Markovian resetting in bounded domains,
Phys. Rev. E 105, 054118 (2022).

[12] A. R. Mesquita, J. P. Hespanha, and K. Åström, Optimotaxis:
A stochastic multi-agent optimization procedure with point
measurements, in International Workshop on Hybrid Systems:
Computation and Control (Springer Berlin, Heidelberg, 2008),
pp. 358–371.

[13] J. Kennedy and R. Eberhart, Particle swarm optimization,
in Proceedings of the ICNN’95-International Conference on

Neural Networks (IEEE, Perth, WA, Australia, 1995), Vol. 4,
pp. 1942–1948.

[14] D. Wang, D. Tan, and L. Liu, Particle swarm optimization
algorithm: An overview, Soft Comput. 22, 387 (2018).

[15] J. Davies and D. Davies, Origins and evolution of antibiotic
resistance, Microbiol. Mol. Biol. Rev. 74, 417 (2010).

[16] H. C. Neu, The crisis in antibiotic resistance, Science 257, 1064
(1992).

[17] J. M. Munita and C. A. Arias, Mechanisms of antibiotic
resistance, Microbio. Spectr. 4, 10.1128/microbiolspec.vmbf-
0016-2015 (2016).

[18] J. M. Blair, M. A. Webber, A. J. Baylay, D. O. Ogbolu, and
L. J. Piddock, Molecular mechanisms of antibiotic resistance,
Nat. Rev. Microbiol. 13, 42 (2015).

[19] F. I. Arias-Sánchez, B. Vessman, and S. Mitri, Artificially se-
lecting microbial communities: If we can breed dogs, why not
microbiomes? PLoS Biol. 17, e3000356 (2019).

[20] Á. Sánchez et al., Directed evolution of microbial communities,
Annu. Rev. Biophys. 50, 323 (2021).

[21] J. L. Thomas, J. Rowland-Chandler, and W. Shou, Artificial
selection of microbial communities: What have we learnt and
how can we improve? Curr. Opin. Microbiol. 77, 102400
(2024).

[22] A. Nagar and S. Gupta, Stochastic resetting in interacting par-
ticle systems: A review, J. Phys. A: Math. Theor. 56, 283001
(2023).

[23] U. Basu, A. Kundu, and A. Pal, Symmetric exclusion process
under stochastic resetting, Phys. Rev. E 100, 032136 (2019).

[24] O. Sadekar and U. Basu, Zero-current nonequilibrium state
in symmetric exclusion process with dichotomous stochastic
resetting, J. Stat. Mech. (2020) 073209.

[25] S. Karthika and A. Nagar, Totally asymmetric simple exclusion
process with resetting, J. Phys. A: Math. Theor. 53, 115003
(2020).

[26] S. Gupta, S. N. Majumdar, and G. Schehr, Fluctuating in-
terfaces subject to stochastic resetting, Phys. Rev. Lett. 112,
220601 (2014).

013227-6

https://doi.org/10.1088/1751-8113/44/43/435001
https://doi.org/10.1103/PhysRevLett.118.030603
https://doi.org/10.1103/PhysRevLett.121.050601
https://doi.org/10.1088/1751-8121/ab15f5
https://doi.org/10.1103/PhysRevE.109.064148
https://doi.org/10.1103/PhysRevE.96.012126
https://doi.org/10.1088/1751-8121/aca450
https://doi.org/10.1088/1742-5468/ab02f3
https://doi.org/10.1103/PhysRevE.111.014150
https://doi.org/10.1103/PhysRevE.100.012119
https://doi.org/10.1103/PhysRevE.105.054118
https://doi.org/10.1007/s00500-016-2474-6
https://doi.org/10.1128/MMBR.00016-10
https://doi.org/10.1126/science.257.5073.1064
https://doi.org/10.1128/microbiolspec.vmbf-0016-2015
https://doi.org/10.1038/nrmicro3380
https://doi.org/10.1371/journal.pbio.3000356
https://doi.org/10.1146/annurev-biophys-101220-072829
https://doi.org/10.1016/j.mib.2023.102400
https://doi.org/10.1088/1751-8121/acda6c
https://doi.org/10.1103/PhysRevE.100.032136
https://doi.org/10.1088/1742-5468/ab9e5e
https://doi.org/10.1088/1751-8121/ab6aef
https://doi.org/10.1103/PhysRevLett.112.220601


GENERAL THEORY FOR GROUP RESETTING WITH … PHYSICAL REVIEW RESEARCH 8, 013227 (2026)

[27] S. Gupta and A. Nagar, Resetting of fluctuating interfaces at
power-law times, J. Phys. A: Math. Theor. 49, 445001 (2016).

[28] M. Magoni, S. N. Majumdar, and G. Schehr, Ising model with
stochastic resetting, Phys. Rev. Res. 2, 033182 (2020).

[29] X. Durang, M. Henkel, and H. Park, The statistical mechanics
of the coagulation–diffusion process with a stochastic reset,
J. Phys. A: Math. Theor. 47, 045002 (2014).

[30] P. Grange, Non-conserving zero-range processes with extensive
rates under resetting, J. Phys. Commun. 4, 045006 (2020).

[31] M. Biroli, H. Larralde, S. N. Majumdar, and G. Schehr, Extreme
statistics and spacing distribution in a Brownian gas correlated
by resetting, Phys. Rev. Lett. 130, 207101 (2023).

[32] O. Tal-Friedman, Y. Roichman, and S. Reuveni, Diffusion with
partial resetting, Phys. Rev. E 106, 054116 (2022).

[33] C. Di Bello, A. V. Chechkin, A. K. Hartmann, Z. Palmowski,
and R. Metzler, Time-dependent probability density function
for partial resetting dynamics, New J. Phys. 25, 082002 (2023).

[34] S. N. Majumdar, S. Sabhapandit, and G. Schehr, Random walk
with random resetting to the maximum position, Phys. Rev. E
92, 052126 (2015).

[35] B. De Bruyne, J. Randon-Furling, and S. Redner, Optimization
in first-passage resetting, Phys. Rev. Lett. 125, 050602 (2020).

[36] B. De Bruyne, J. Randon-Furling, and S. Redner, Optimization
and growth in first-passage resetting, J. Stat. Mech. (2021)
013203.

[37] M. R. Evans, S. N. Majumdar, and G. Schehr, Stochastic re-
setting and applications, J. Phys. A: Math. Theor. 53, 193001
(2020).

[38] M. Biroli, S. N. Majumdar, and G. Schehr, Critical number of
walkers for diffusive search processes with resetting, Phys. Rev.
E 107, 064141 (2023).

[39] M. Siboni, P. Sasorov, and B. Meerson, Fluctuations of a swarm
of Brownian bees, Phys. Rev. E 104, 054131 (2021).

[40] R. Singh and S. Singh, Capture of a diffusing lamb by a dif-
fusing lion when both return home, Phys. Rev. E 106, 064118
(2022).

[41] R. A. Fisher and L. H. C. Tippett, Limiting forms of the
frequency distribution of the largest or smallest member of a
sample, Math. Proc. Camb. Phil. Soc. 24, 180 (1928).

[42] A. Hansen, The three extreme value distributions: An introduc-
tory review, Front. Phys. 8, 604053 (2020).

[43] D. E. Cartwright and M. S. Longuet-Higgins, The statistical
distribution of the maxima of a random function, Proc. R. Soc.
A 237, 212 (1956).

[44] G. E. Uhlenbeck and L. S. Ornstein, On the theory of the
Brownian motion, Phys. Rev. 36, 823 (1930).

[45] C. Gardiner, Stochastic Methods, 4th ed. (Springer Berlin, Hei-
delberg, 2009).

[46] P. E. Kloeden and E. Platen, Numerical Solution of Stochastic
Differential Equations (Springer Berlin, Heidelberg, 1992).

[47] M. R. Evans, S. N. Majumdar, and G. Schehr, An exactly
solvable predator prey model with resetting, J. Phys. A: Math.
Theor. 55, 274005 (2022).

[48] G. Mercado-Vásquez and D. Boyer, Lotka–Volterra systems
with stochastic resetting, J. Phys. A: Math. Theor. 51, 405601
(2018).

[49] A. Miron and S. Reuveni, Diffusion with local resetting and
exclusion, Phys. Rev. Res. 3, L012023 (2021).

[50] R. Singh, T. Sandev, and S. Singh, Bernoulli trial under restarts:
A comparative study of resetting transitions, Phys. Rev. E 108,
L052106 (2023).

[51] T. T. Da Silva and M. D. Fragoso, The interplay between pop-
ulation genetics and diffusion with stochastic resetting, J. Phys.
A: Math. Theor. 51, 505002 (2018).

[52] O. Vilk, M. Assaf, and B. Meerson, Fluctuations and first-
passage properties of systems of Brownian particles with reset,
Phys. Rev. E 106, 024117 (2022).

[53] P. Krapivsky, O. Vilk, and B. Meerson, Competition in a system
of Brownian particles: Encouraging achievers, Phys. Rev. E
106, 034125 (2022).

[54] P. Sasorov, A. Vilenkin, and N. R. Smith, Probabilities of mod-
erately atypical fluctuations of the size of a swarm of Brownian
bees, Phys. Rev. E 107, 014140 (2023).

[55] K. S. Olsen, Steady-state moments under resetting to a distribu-
tion, Phys. Rev. E 108, 044120 (2023).

[56] F. Mori, K. S. Olsen, and S. Krishnamurthy, Entropy pro-
duction of resetting processes, Phys. Rev. Res. 5, 023103
(2023).

[57] V. Mendez, R. Flaquer-Galmés, and D. Campos, First-passage
time of a Brownian searcher with stochastic resetting to random
positions, Phys. Rev. E 109, 044134 (2024).

[58] M. Dahlenburg, A. V. Chechkin, R. Schumer, and R. Metzler,
Stochastic resetting by a random amplitude, Phys. Rev. E 103,
052123 (2021).

[59] D. Boyer, M. R. Evans, and S. N. Majumdar, Long time scaling
behaviour for diffusion with resetting and memory, J. Stat.
Mech. (2017) 023208.

[60] J. Lee, W. Shou, and H. J. Park, The success of artificial se-
lection for collective composition hinges on initial and target
values, eLife 13, RP97461 (2025).

[61] All code for numerical calculations is provided in the Git repos-
itory, https://github.com/lizanalab/lee2026general.

013227-7

https://doi.org/10.1088/1751-8113/49/44/445001
https://doi.org/10.1103/PhysRevResearch.2.033182
https://doi.org/10.1088/1751-8113/47/4/045002
https://doi.org/10.1088/2399-6528/ab81b2
https://doi.org/10.1103/PhysRevLett.130.207101
https://doi.org/10.1103/PhysRevE.106.054116
https://doi.org/10.1088/1367-2630/aced1d
https://doi.org/10.1103/PhysRevE.92.052126
https://doi.org/10.1103/PhysRevLett.125.050602
https://doi.org/10.1088/1742-5468/abcd33
https://doi.org/10.1088/1751-8121/ab7cfe
https://doi.org/10.1103/PhysRevE.107.064141
https://doi.org/10.1103/PhysRevE.104.054131
https://doi.org/10.1103/PhysRevE.106.064118
https://doi.org/10.1017/S0305004100015681
https://doi.org/10.3389/fphy.2020.604053
https://doi.org/10.1098/rspa.1956.0173
https://doi.org/10.1103/PhysRev.36.823
https://doi.org/10.1088/1751-8121/ac7269
https://doi.org/10.1088/1751-8121/aadbc0
https://doi.org/10.1103/PhysRevResearch.3.L012023
https://doi.org/10.1103/PhysRevE.108.L052106
https://doi.org/10.1088/1751-8121/aaea8f
https://doi.org/10.1103/PhysRevE.106.024117
https://doi.org/10.1103/PhysRevE.106.034125
https://doi.org/10.1103/PhysRevE.107.014140
https://doi.org/10.1103/PhysRevE.108.044120
https://doi.org/10.1103/PhysRevResearch.5.023103
https://doi.org/10.1103/PhysRevE.109.044134
https://doi.org/10.1103/PhysRevE.103.052123
https://doi.org/10.1088/1742-5468/aa58b6
https://doi.org/10.7554/eLife.97461.3
https://github.com/lizanalab/lee2026general

