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Drawing inspiration from swarm intelligence, we show that short-range attractive interactions between ther-
mally driven Brownian quasiparticles enable energy-efficient optimization. As quasiparticles can be generated
directly within a material, the swarm size can be adjusted with minimal energy overhead. Using an optimization
task defined by a spatially varying temperature landscape, we quantitatively show that interacting swarms
reliably identify global optima and significantly outperform noninteracting searchers within a well-defined
regime of interaction strength and swarm size. This improvement arises from emergent cooperative behavior,
where local interactions guide the swarm toward high-quality solutions without central coordination. To link our
physical model to experimental realizations, we coarse grain the quasiparticle dynamics onto a sensor lattice
and generate trajectories emulating particle-tracking measurements. We further show that the interacting swarm
adapts robustly to landscapes that evolve over time. These findings establish interacting Brownian quasiparticles
as a physical platform for scalable and energy-efficient unconventional computing.

DOI: 10.1103/k8wj-xsl7

I. INTRODUCTION

Research on swarm intelligence inspired by biological sys-
tems has shown that large groups of simple agents, each
following only local interaction rules, can collectively per-
form complex tasks, such as efficient resource localization,
robust decision-making, and adaptive responses to changing
environments [1–6]. A representative example is the Beeclust
algorithm, where local agent-agent interactions promote clus-
tering to solve optimization tasks [7–12].

In a different research field, Brownian (quasi)particles
explore the state space of a physical system through ther-
mally driven motion independent of external stimuli [13].
Such dynamics have recently attracted interest as a platform
for thermometry, where Brownian trajectories encode local
temperature information [14–17], as well as energy-efficient
information processing, often referred to as Brownian com-
puting [18–23].

Here, we bring these two perspectives together by realizing
the swarm agents as Brownian quasiparticles [17,22]. More
broadly, the use of the intrinsic dynamics of physical sub-
strates as a computational resource underlies Ising machines
[24,25], physical reservoir computing [26,27], and neuro-
morphic hardware [28], and has motivated emerging general
frameworks for physical computation [29–31]. In contrast
to engineered swarms, where scaling the number of agents
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incurs substantial fabrication and control overhead [18,32–
35], quasiparticles can be generated within the material itself
with minimal additional energy cost. We study a system of
Brownian quasiparticles moving in a spatially varying temper-
ature landscape containing multiple local minima (see Fig. 1).
We show that a swarm of quasiparticles can find the global
minimum more efficiently than individual ones [36]. Cooper-
ative clustering emerges in an optimal regime of interaction
strength and swarm size that enables reliable identification
and dynamic tracking of the global minimum in a time-
varying temperature landscape. The temperature landscape
considered here serves as a physical encoding of an objective
function, and the interacting Brownian dynamics performs the
search. This framework addresses spatial search and tracking
problems and extends to any spatially varying stochastic drive
that couples analogously through a position-dependent noise
amplitude.

In Sec. II, we introduce the physical model of in-
teracting Brownian quasiparticles and the corresponding
coarse-grained lattice representation. Our main results are
presented in Secs. III and IV. We assess the swarm’s ability
to locate the global minimum and identify the regimes of
interaction strength and swarm size that yield optimal perfor-
mance. Furthermore, we investigate the swarm’s capability to
adapt dynamically to changes in the temperature landscape.
We end our article by discussing the physical interpretation,
scalability, and implications for unconventional computing.

II. SYSTEM SETUP AND DYNAMICS

In our framework, the swarm agents are realized as in-
teracting Brownian quasiparticles diffusing within a spatially
varying temperature field. The interactions between particles
and position-dependent thermal noise drive the collective dy-
namics, enabling the swarm to self-organize and cluster near
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FIG. 1. Schematic representation of swarm-based Brownian
computing. (a) Snapshot of interacting Brownian quasiparticles dif-
fusing toward the global optimum s0, indicated by the green square,
within the temperature landscape shown in color. (b) Discrete,
coarse-grained representation of the system configuration ρ at a fixed
time. (c) Single-particle probability distribution p̂, obtained from the
time-averaged occupation vector ρ(t ). The yellow star indicates the
position s∗ of the statistical mode of the probability distribution. The
system is confined to a square domain of size L × L and discretized
into M = �2 sensors.

the global minimum of the temperature profile, as illustrated
in Fig. 1(a). We assume that the time evolution of the quasi-
particle position is governed by the overdamped Langevin
equations with temperature-dependent multiplicative noise
[37–41],

γ ∂t rα (t ) = −
N∑

β �=α

∇rα
U (ε, σ, |rα − rβ |)+

√
2γ kBT (rα )ηα (t ).

(1)

Here, rα (t ) describes the position of particle α in a square
box of length L containing the N quasiparticles. γ represents
the damping coefficient and kB is the Boltzmann constant.
We consider a short-range attractive interaction combined
with a hard-core repulsion, modeled by the pair potential
U (ε, σ, |rα − rβ |), where ε sets the interaction strength and
σ � L denotes the hard-core range. Setting ε = 0 reduces the
system to a collection of noninteracting Brownian quasiparti-
cles and provides the natural random search baseline against
which the role of interactions is assessed in Secs. III and IV.

Thermal fluctuations from the environment are simulated as
Gaussian white noise ηα (t ) with zero mean and unit variance,
scaled by the local temperature T (rα). We impose reflective
boundary conditions on all sides to prevent particle escape.
We monitor the quasiparticles’ positions on a uniform grid
of M = �2 sensors that discretize the two-dimensional square
domain of side length L, as shown in Fig. 1(b). Each sensor
corresponds to a lattice cell of size σ 2, with σ = L/�, cho-
sen to match the interaction range. Because of the hard-core
repulsion at short distances, each sensor can be occupied by
at most one quasiparticle at a time. We denote the resulting
discrete configuration of the system by the occupation vec-
tor ρ = (ρ1, ρ2, . . . , ρM ), where ρs ∈ {0, 1} indicates whether
site s is empty or occupied. In this coarse-grained representa-
tion, the system state is fully specified by ρ, and its stochastic
dynamics can be described as random transitions between oc-
cupation configurations. The exclusion constraint, combined
with nearest-neighbor interactions, gives rise to the effective
configurational energy

Ueff (ρ) = ε
∑
〈s,s′〉

ρsρs′ , (2)

where 〈s, s′〉 represents the nearest-neighbor sum. We as-
sume that the total number of quasiparticles is conserved
during the dynamics, i.e.,

∑M
s=1 ρs = N . When a particle

hops from site s to a neighboring site s′, the configuration
changes from ρ to ρs→s′

, leading to an energy difference

U s→s′

eff = Ueff (ρs→s′
) − Ueff (ρ). The coarse-grained dynam-

ics of the system is modeled by a continuous-time Markov
process where the transition rate between the configurations
ρ and ρs→s′

[42–44] is derived from the underlying Langevin
equation in Eq. (1) as

�s→s′ = kBT̄s,s′

γ σ 2
ρs(1 − ρs′ )

√
Ts

Ts′
exp

[
−
U s→s′

eff

2kBT̄s,s′

]
. (3)

Here, T̄s,s′ is the harmonic average of the temperatures Ts =
T (rs) and Ts′ = T (rs′ ) at the respective sites rs and rs′ (see
Appendix A for details). Based on Eq. (3), stochastic trajec-
tories ρ(t ) are generated using the Gillespie algorithm [45,46]
(see Appendix B). A representative snapshot of ρ(t ) is shown
in Fig. 1(b), illustrating the instantaneous quasiparticle occu-
pations on the lattice. This corresponds to how occupations
would be measured experimentally, where an array of spa-
tially resolved sensors records the system configuration at a
given instant.

To demonstrate the working principle of the proposed
optimization scheme, we consider a temperature landscape
featuring multiple saddle points, two local minima, and a
unique global minimum at sensor site s0 = argminsTs (see Ap-
pendix C for details of the considered temperature profiles).
The central idea is that the quasiparticle swarm collectively
identifies the global optimum by clustering around it. We
investigate how this behavior depends on two independent
control parameters: the filling fraction ν = N/M and the
dimensionless interaction strength ε/(kBT0) between quasi-
particles, where T0 denotes the minimum temperature.

In Sec. III, we consider a static temperature profile. We
initialize the system from a random quasiparticle configura-
tion. We discard an initial interval of duration 1000 τ0, where
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FIG. 2. Computational performance of swarm-based Brownian computing as a function of the dimensionless interaction strength ε/kBT0

and filling fraction ν = N/M. (a) Ensemble-averaged success ratio R. Colored squares mark the parameter combinations illustrated in detail
in the other panels. (b), (c) Manhattan distance of the mode position and the position of the global temperature minimum as a function of the
time-averaging length characterized by K . Dots show the average, and the shaded background color indicates one standard deviation. (d)–(i)
Representative steady-state probability distributions p̂ for K = 25 000 and selected parameters ε/kBT0 and ν indicated in panel (a). As in
Fig. 1, the green box indicates the global temperature minimum and the yellow star the position s∗ of the statistical mode of the probability
distribution. The ensemble average was computed over 200 independent realizations.

τ0 = γ σ 2/(kBT0) is the characteristic relaxation timescale of
quasiparticles, to eliminate transient dynamics and redefine
the time origin such that t = 0 corresponds to this point. We
then vary the observation time window to determine the min-
imal duration required to reliably evaluate the performance of
the system. In Sec. IV, we instead vary the temperature profile
in time. Guided by the results of Sec. III, we analyze the time-
dependent response of the system by evaluating observables
using a sliding time-window averaging scheme.

III. COMPUTATIONAL PERFORMANCE

To evaluate the computational performance of the quasi-
particle swarm for a static temperature profile, we compare
the lattice site with the highest occupation probability s∗ to
the true temperature minimum s0 [47]: To this end, we first
calculate the single-particle probability distribution p̂ by time
averaging the occupation vector ρ(t ). The average is taken
over a time window of duration K
t , with K snapshots sam-
pled uniformly in time steps of 
t . We choose 
t = 4τ0, i.e.,
a time step longer than the characteristic relaxation time of the
quasiparticles τ0 to avoid oversampling. Hence, the estimated
probability distribution at observation time J
t with J > K is
given by

p̂(J, K ) = 1

NK

K−1∑
k=0

ρ((J − k)
t ). (4)

For an example of the single-particle probability distribution,
see Fig. 1(c).

For sufficiently long sampling times, this temporal average
converges to a steady-state probability distribution. The solu-
tion is then identified by the mode of the estimated distribution
p̂, corresponding to the lattice site with the highest occupation
probability as s� = argmaxs( p̂s), marked by a yellow star in
Fig. 1(c). A computation is successful when the mode s�

coincides with the position of the global minimum, i.e., when
s� = s0.

To quantify the reliability of the computation across in-
dependent realizations of the simulation, we introduce the
success ratio

R = 〈
δs�,s0

〉
(5)

as a metric, where 〈· · · 〉 represents averaging over inde-
pendent simulation realizations. The success ratio R is the
fraction of realizations where the mode of the estimated prob-
ability distribution correctly identifies the global minimum.

Figure 2 summarizes our analysis across different filling
fractions ν and interaction strengths ε. In the static setting
considered here, the probability distribution is evaluated by
averaging over the entire observation time, i.e., J = K , so that
convergence of p̂ is assessed by increasing K . Figure 2(a)
shows the dependence of the success ratio R on these param-
eters. In Figs. 2(b) and 2(c), we plot the Manhattan distance
[48] d (s�, s0; K ) between the mode s� and the global minimum
s0 as a function of the time-averaging window K for selected
representative parameter values. We observe that, for some
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parameter choices, the Manhattan distance decreases and con-
verges to zero (with varying convergence rates), indicating
successful identification of the global minimum. In contrast,
for other parameter values (e.g., ε/kBT0 = −3 and ν = 0.14),
the distance saturates at a finite value. Figures 2(d)–2(i) show
representative steady-state probability distributions, together
with their modes (yellow stars) and the site of the global
minimum (green boxes).

For the parameters considered in Fig. 2(d), the mode re-
mains trapped at a saddle point of the temperature landscape.
In contrast, in Figs. 2(e), 2(f), and 2(h), the mode correctly
converges to the global minimum, while in Figs. 2(g) and
2(i) it converges to a neighboring site. The dynamics of
this convergence process are visualized in Video S1 of the
Supplemental Material [49]. Physically, the filling fraction
controls how many quasiparticles are available to explore the
temperature landscape, whereas the interaction strength deter-
mines the strength of their collective behavior. Increasing the
filling fraction enhances spatial coverage, whereas stronger
interactions promote clustering and localization. At very low
filling fractions and weak interactions, the quasiparticles fail
to explore the landscape efficiently. Conversely, at high filling
fractions and strong interactions, excessive clustering effec-
tively reduces the system’s degrees of freedom, leading to
a marked decline in performance. Optimal performance is
achieved in an intermediate regime, where interactions assist
collective exploration and facilitate reliable identification of
the global minimum.

IV. EVALUATING DYNAMIC PERFORMANCE

We now investigate the ability of the quasiparticle swarm
to adapt to nonstationary temperature landscapes. We show
that it can track a moving global minimum without requiring a
system reset and quantify the associated relaxation dynamics.
We consider a time-dependent temperature profile in which
the location of the global minimum shifts instantaneously
from s0 to s1 at time tsw = Jsw
t , as illustrated in Fig. 3.
To characterize the system’s dynamical behavior, we em-
ploy a sliding time-window average. We fix the averaging
window size to K = 12 500 and vary the observation time
J
t , which allows us to track the temporal evolution of the
system [50]. Representative probability distributions before
and after the switch are shown in Figs. 3(d) and 3(f) for
ε/kBT0 = −2 and ν = 0.06. For suitable parameter choices,
the mode of the distribution successfully relocates to the new
global minimum (see Video S2 of the Supplemental Material
[51]). Figures 3(b) and 3(e) show the time evolution of the
Manhattan distance d (s�, s1; J ) between the mode s� and the
postswitch global minimum s1, for the same combinations
of filling fraction and interaction strength considered in the
previous section.

In our example, the Manhattan distance d (s0, s1) be-
tween the initial and the final global minimum, s0 and s1, is
d (s0, s1) = 22 lattice units, which sets the initial value of d
for parameter sets that successfully identify s0. Following the
switch, the averaged distance relaxes to zero, indicating that
the dominant mode shifts to the new global minimum. This
relaxation is not instantaneous: The finite averaging window
introduces an intrinsic delay, and the quasiparticle swarm

itself requires finite time to adapt to the modified temperature
landscape. In contrast, in the high-filling, strong-interaction
regime, where performance is already poor in the static case,
the system fails to track the new minimum (dark red curve).

To further quantify the ability of the quasiparticle swarm
to adapt to the temperature profile change, we introduce an
accuracy metric A measuring the separation between the pre-
and postswitch solutions and define the adaptation time Jad
t
required to reach the new solution as follows: We fit the
realization-averaged Manhattan distance with a logistic func-
tion as

〈d (s�, s1; J )〉 ≈ di + d f − di

1 + exp
[ Jm−J

Jad

] . (6)

Here, the parameters di and d f represent the asymptotic
values of the initial and the final distance before and after
adaptation, respectively, while Jm marks the midpoint of the
transition. Based on this fit, we extract the parameter Jad that
characterizes the timescale associated with convergence to the
new solution. We define the accuracy metric A as

A = 1 − |di − d (s0, s1)| + d f

d (s0, s1)
, (7)

which equals unity in the case of perfect adaptation.
Figures 3(g) and 3(h) show the adaptation accuracy A and

characteristic timescale Jad for different filling fractions and
interaction strengths. Analogous to Fig. 2(a), we identify a
region in parameter space where convergence is rapid (small
Jad) and adaptation accuracy is high (A � 1) [52]. These
results highlight the existence of an intermediate regime of
filling fraction and interaction strength in which the system
not only reliably identifies the global minimum in the static
case but also efficiently adapts to changes in the temperature
landscape.

V. DISCUSSION

The computational performance of the interacting quasi-
particles emerges from a competition between system ex-
ploration and clustering. At low filling fractions or weak
interactions, quasiparticles, as expected, explore the temper-
ature landscape inefficiently, resembling independent random
searchers. At high filling fractions and strong interactions,
excessive clustering reduces the effective degrees of free-
dom of the quasiparticles, leading to trapping in suboptimal
configurations. Optimal performance arises in an intermedi-
ate regime where interactions enhance collective exploration
without suppressing mobility, enabling both reliable identifi-
cation of the global minimum and rapid adaptation to changes
in the landscape.

The overdamped Langevin dynamics [described by
Eq. (1)] underlying our analysis provides a generic descrip-
tion applicable to a wide range of physical systems obeying
“quasiparticles” in the form of particlelike excitations such
as magnetic skyrmions [53–60], superconducting vortices
[61,62], and other topological solitons but also to real particles
like magnetic nanoparticles [63,64], colloidal suspensions
[65,66], and active biological systems [67–69]. For a more
detailed discussion of selected candidate systems, including
their characteristic scales, interactions, and readout schemes,
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FIG. 3. Dynamic computational performance of swarm-based Brownian computing as a function of the dimensionless interaction strength
ε/kBT0 and filling fraction ν = N/M. (a), (c) Temperature landscapes before and after the instantaneous switch of the global minimum from
site s0 to s1 at time Jsw
t . Panels (d) and (f) show representative steady-state probability distributions p̂ for ε/kBT0 = −2 and ν = 0.06, before
and after the switch. (b), (e) Time evolution of the ensemble-averaged Manhattan distance 〈d (s�, s1; J )〉 between the distribution mode s� and
the target minimum s1 for different values of ν and ε/kBT0 corresponding to the color-coded squares in panels (g) and (h). Shaded regions
indicate error bars with one standard deviation. Solid lines represent the logistic fit [see Eq. (6)]. (g) Adaptation accuracy A, defined in Eq. (7),
quantifying the success of the transition from the initial to the final global minimum. For the adaptation timescale Jad, we only show results for
A > 0.85 in panel (h). The ensemble average was computed over 200 independent realizations.

see Appendix D. This suggests that the optimization prin-
ciples demonstrated here are not tied to a specific physical
realization.

The collective dynamics studied here is reminiscent of
the Hohenberg-Halperin Model B class [70], with the oc-
cupation field ρ acting as a locally conserved scalar order
parameter whose relaxational, diffusive dynamics are driven
into a nonequilibrium steady state by the spatially varying
temperature field. Furthermore, our framework also admits a
particle-hole symmetry interpretation, in which empty lattice

sites act as effective agents exploring an inverted tempera-
ture landscape, thereby enabling the identification of maxima
rather than minima. More generally, while we focus on tem-
perature profiles here, the concept of swarm-based Brownian
computing extends to any field to which the quasiparticles are
sensitive.

In our model, the effective spatial resolution of the com-
putation is set primarily by the sensor size, rather than by
the intrinsic dimensions of the quasiparticles themselves. De-
pending on the experimental platform, the sensors may, for
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example, correspond to pixels in optical imaging, magne-
toresistive sensor arrays in magnetic systems, or microfluidic
compartments in active matter systems [71–74]. Sensors much
larger than the interaction range σ produce an overly coarse
description that averages out local temperature gradients and
interaction-induced correlations. Conversely, sensors much
smaller than the effective particle size lead to redundant
discretization, with strongly correlated neighboring sensors
providing little additional physical information [75,76].

VI. CONCLUSION AND OUTLOOK

We have shown that interacting Brownian quasiparticles
can perform a physically encoded spatial optimization task by
exploiting emergent collective behavior driven by short-range
interactions and thermal fluctuations. Because the agents are
quasiparticles generated within a common material platform,
increasing their number need not require the fabrication and
individual control of additional physical units. This may
provide a hardware advantage over engineered multiagent
systems. Using a spatially varying temperature landscape as
a benchmark optimization task, we demonstrated that inter-
acting swarms reliably identify global optima and outperform
noninteracting searchers within a well-defined regime of in-
teraction strength and filling fraction. Beyond steady-state
optimization, we showed that the swarm can dynamically
adapt to nonstationary landscapes by tracking a shifting global
minimum without requiring a system reset, consistent with the
same underlying trade-off between exploration and clustering.
The present results should be interpreted as a proof of princi-
ple for unconventional spatial optimization and tracking.

While our analysis is formulated in terms of material-
intrinsic quasiparticles, for which increasing swarm size
incurs only minimal energetic cost, the same principles are
expected to apply to systems of real particles governed by
overdamped Langevin dynamics, such as colloidal suspen-
sions [77] or biological polymers [78]. A key advantage
of our approach is that the swarm agents are quasiparti-
cles intrinsic to the material, so that increasing the swarm
size incurs only minimal energetic cost. As a result, the ap-
proach remains energy-efficient with increasing system size
and task complexity within the optimal parameter regime.
While the same optimization principles may also apply to
swarms of real particles, such implementations would typi-
cally incur substantially higher overheads due to additional
hardware demands, increased engineering complexity, and
the greater control energy required. This intrinsic, material-
level scalability, together with the demonstrated robustness
to time-dependent inputs, positions interacting Brownian
quasiparticles as a promising route toward energy-efficient,
physics-based unconventional computing. Future work may
extend this framework to continuous landscapes, incorporate
long-range or anisotropic interactions, and explore concrete
experimental realizations in materials.
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APPENDIX A: FROM THE CONTINUOUS OVERDAMPED
LANGEVIN EQUATION TO LATTICE DYNAMICS

In this Appendix, we motivate Eq. (3), translating the
continuous description of particle motion described by the
overdamped Langevin equation into a lattice-based discrete
formulation based on transition rates. In the discretized de-
scription, we consider the hopping of a quasiparticle between
the midpoints of lattice sites s and s′. The ratio of the forward
and backward transition rates between these two sites takes
the form [39,40,43,44,80]

�s→s′

�s′→s
= exp

[ ∫ rs′

rs

dr
−∇U (r) − kB∇T (r)

kBT (r)

]
, (A1)

where rs and rs′ are the midpoints of the two lattice sites,
respectively. In our model, we restrict dynamics to nearest-
neighbor hops. The corresponding line integral is therefore
taken over the common boundary of two lattice sites, where in
the integral over the first term we approximate the temperature
T (r) by the harmonic average T̄s,s′ of T (rs) and T (rs′ ) in ad-
dition to the same approximation for the interaction potential
as in the main text. The second integral is calculated exactly.
This yields the transition rate ratio

�s→s′

�s′→s
� Ts

Ts′
exp

[
−
U s→s′

eff

kBT̄s,s′

]
, (A2)

which is consistent with Eq. (3). Furthermore, the prefactor
kBT̄s,s′/(γ σ 2) in Eq. (3) ensures consistent diffusion with the
Langevin description, and the factor ρs(1 − ρs′ ) ensures hop-
ping from filled to empty spaces only. The factor

√
Ts/Ts′

originates from the symmetric decomposition of the rate ratio
�s→s′

/�s′→s ∝ Ts/Ts′ , which ensures that forward and back-
ward transitions are treated equivalently.

APPENDIX B: GENERATION OF STOCHASTIC
TRAJECTORIES BY MEANS OF THE GILLESPIE

ALGORITHM

To simulate the stochastic dynamics of the interacting
Brownian quasiparticles, we employ a rejection-free Gillespie
algorithm [45,46,79]. This method generates statistically ex-
act trajectories of a continuous-time Markov process governed
by the transition rates defined in Eq. (3). Starting from a
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given configuration ρ(t ), the Gillespie algorithm proceeds as
follows:

(1) Enumeration of the possible transitions: All possible
nearest-neighbor hops s → s′ are identified, which satisfy the
exclusion constraint ρs = 1, ρs′ = 0. The allowed transitions
are then indexed by n such that the corresponding rates {�n}
are ordered in increasing magnitude. The total rate at which
the system leaves the current configuration is given by �tot =∑

n �n.
(2) Sampling of the transition time: The stochastic waiting

time until the next transition is sampled as

δt = − 1

�tot
ln(p1), (B1)

following the exponential distribution of waiting times associ-
ated with Poissonian escape from a Markov state. Here, p1 ∈
(0, 1] is a uniform random number and the average waiting
〈δt〉 is proportional to the system’s timescale τ0.

(3) Selecting the transition: A second uniform random
number p2 ∈ (0, 1] is generated to determine which of the
possible transitions occurs. The selected transition ñ corre-
sponds to the smallest transition index satisfying

p2 �tot �
ñ∑

n=1

�n. (B2)

This ensures that each transition is chosen with probability
�n/�tot.

(4) Updating the system’s state: The selected transition ñ
is executed, and the configuration is evaluated at time t + δt .

Note that we chose the observational sensor resolution

t to be larger than the natural timescale τ0, i.e., 
t =
4τ0 ∼ 〈δt〉, to balance sampling efficiency with the system’s
dynamics.

APPENDIX C: TEMPERATURE PROFILE

For the simulations, we discretize the temperature field
T (r) by assigning to each of the 20 × 20 cells the value of
T evaluated at its center. As a temperature field, we used

T (r) = T0
�(r)

min �(r)
, (C1)

where T0 is the minimal temperature, r = (r1, r2), and the
profile function �(r) comprises a constant baseline, a linear
contribution with slope g, and two parabolic wells,

�(r) = 1 + g |r1 + r2| −
2∑

i=1

wdi,ai

(
r − rwi

)
, (C2)

that are centered at rw1 and rw2 . The wells are parametrized by
their depth d and characteristic width a as

wd,a(r) = d max

(
0, 1 − |r|2

a2

)
. (C3)

The denominator in Eq. (C1) normalizes the temperature field
such that minr T (r) = T0.

For the profile shown in Fig. 1 and the results discussed
in Secs. III and IV, we chose T0 = 1, g = 0.15, andrw1 =
−rw2 = (−0.3,−0.3) with a1 = a2 = 0.2. Furthermore, we

TABLE I. Parameters used to model the temperature field T (r)
in Eq. (C1) for the results presented in the main text.

Parameter Symbol Value

Min. temperature T0 1.0
Slope g 0.15
Well centers rw1 = −rw2 (−0.3, −0.3)
Well widths a1 = a2 0.2
Initial well depths (d1, d2) d1 = 2d2

chose d1 = 0.2 and d2 = 0.1, making the well at r1 the global
minimum. In Sec. IV, we interchange the values of d1 and d2

at the switching time Jsw
t , thereby shifting the position of
the global minimum. The parameters of the temperature field
used in the simulations are summarized in Table I.

APPENDIX D: CANDIDATE PHYSICAL SYSTEMS

The framework considered in this work requires particle-
like degrees of freedom whose coarse-grained dynamics are
overdamped and stochastic. A candidate platform should pro-
vide (1) Brownian motion with a spatially dependent noise
amplitude; (2) a short-range repulsion; (3) a long-range at-
tractive (or repulsive) interaction between nearby agents; and
(4) spatially resolved readout of the particle distribution. In
the following, we list three possible candidate examples.

Magnetic skyrmions. Magnetic skyrmions are particlelike
magnetization textures [81,82]. Depending on the material,
their size can range from nanometers to several microm-
eters. Magnetic skyrmions can exhibit thermally activated
diffusion and have already been used for Brownian informa-
tion processing [21,23,55]. They can be nucleated electrically
or optically. Magnetic skyrmions can be spatially resolved
using magnetic imaging. In integrated devices, an array of
local magnetic tunnel junctions can detect skyrmion occu-
pancy within each sensing area [73,74,83]. This provides
a parallel, on-chip implementation of the sensor lattice
shown in Fig. 1(b). Focused heating has enabled manip-
ulation of micrometer-scale skyrmions using temperature
variations of several tens of kelvin over a few micrometers
[84]. Skyrmion-skyrmion interactions are typically repulsive
[82,85]. Attractive interactions have also been predicted for
certain magnetic substrates [54].

Superconducting vortices. Abrikosov vortices in type-
II superconductors are particlelike magnetic-flux excitations
whose slow dynamics can be modeled by an overdamped
Langevin equation including interactions, pinning, external
forces, and thermal noise [61,86]. They are most commonly
nucleated by cooling through the critical temperature in an
external magnetic field or by increasing the field above the
lower critical field Hc1 [61,87]. The characteristic interaction
scale, defining the quasiparticles size σ , depends strongly
on the material and sample geometry, with length scales
ranging from 10 to 1000 nm. Experimentally applied temper-
ature gradients range from approximately 1 × 10−3 K μm−1

for collective vortex transport to 1 K μm−1 for local optical
manipulation of individual vortices [88–90]. Vortex inter-
actions are generally repulsive, although attractive regimes
have been directly observed [91]. Individual vortices and
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magnetic-flux dynamics can be spatially resolved using estab-
lished magneto-optical and scanning magnetic microscopies,
including scanning superconducting quantum interference de-
vice (SQUID), Hall-probe, magnetic-force, and wide-field
nitrogen-vacancy imaging [92–95].

Passive colloids. Passive colloidal particles in viscous
liquids closely realize overdamped Langevin dynamics in

Eq. (1). Experiments have trapped and assembled polystyrene
or silica particles with diameters of approximately 0.5–2μm
using thermal landscapes extending over 10–100μm [96,97].
Optothermal setups can generate temperature gradients of
order 1–4 K μm−1 [98]. Short-range attractions can be engi-
neered, with tunable strengths of several kBT [99]. Particle
positions can be resolved by video microscopy [71].
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