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Magneticlike model for chemotactic navigation in ants
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We propose a physical framework for ant navigation of chemical trails. For this, we use controlled experiments
in which individuals follow narrow pheromone trails, for which ants display oscillatory motion, as previously
reported in the literature. We model this behavior by treating chemotaxis as an effective magnetic interaction
between the ants’ velocity and the local chemical gradient. Under suitable approximations, the model yields
an analytical expression for the velocity correlations in the direction perpendicular to the trail, predicting an
underdamped oscillatory decay. This theoretical prediction is in qualitative agreement with our experimental
measurements, indicating that the model captures the essential dynamical features of ant trail following. We fit
the model parameters to individual trajectories in order to assess the consistency of the underlying assumptions,
finding the same parameter relationship in both theory and experiment. Our results contribute to the characteri-
zation of chemotactic navigation in ants and illustrate how physical modeling can provide mechanistic insights
into complex biological dynamics.
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I. INTRODUCTION

Living organisms navigate their environment through the
continuous processing of external cues. Such strategies in-
clude the use of visual signals [1–3], geomagnetic orientation
in migratory birds [4,5], and echolocation in bats [6,7].
Among these, chemotaxis (the ability to detect and respond
to chemical gradients) is widespread across biological scales.
Bacteria employ temporal and spatial comparisons of chem-
ical concentrations to locate nutrients [8,9]. Eukaryotic cells
migrate along concentration gradients during processes such
as the immune response [10]. Multicellular organisms rely
on chemical cues for reproduction or foraging, such as in
mammalian sperm [11] or in insect olfaction [12–15].

Ants are a paradigmatic example of chemotactic behav-
ior, exhibiting a repertoire of responses to chemical cues
at both the individual and collective levels [16,17]. Many
species deposit pheromones along foraging routes, enabling
either the same individual or others to follow trails during
subsequent excursions or to navigate back to the nest [18].
Within the nest, chemical signals also guide spatial organi-
zation, with distinct “road signs” directing movement and
ensuring efficient navigation even in the absence of visual
landmarks or in complex environments [19]. The translation
of these local chemical cues into ant movement has motivated
a variety of mathematical approaches. Some models focus
on individual-level responses [20,21], while others describe
collective dynamics through partial differential equations that
capture the spatiotemporal distribution of ant groups [22–26].
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The notion of navigation along chemical gradients res-
onates with a physicist’s perspective. In mechanistic descrip-
tions of motion, forces emerge from gradients in energetic
landscapes, driving systems toward states of lower energy.
This observation naturally suggests a mapping onto physi-
cal models, in which chemical gradients can be interpreted
through effective forces. The idea of relating information pro-
cessing to physical forces is not new, and similar mappings
have been successfully applied in other biological contexts.
In particular, collective alignment models treat interactions
analogously to magnetic forces. In such models, agents (rep-
resenting individual organisms) adjust their orientation in
response to local fields, representing local interactions or ex-
ternal cues, capturing the emergence of large-scale patterns.
Applications span across bird flocks [27–30], fish schools
[31,32], insect swarms [33], bacterial colonies [34,35],
to human crowds [36,37]. Despite their widespread use,
alignment-based models have not yet been applied to chemo-
taxis as an effective interaction with an external field.

In this work, we investigate individual ant navigation
through this lens, characterizing chemotaxis as an effective
force biasing movement along chemical gradients. To this
end, we combine experimental observations of individual ants
with a physical description of their motion, aiming to con-
nect behavioral patterns with mechanistic principles. We first
conduct a simple experiment to isolate essential features of
ant movement in response to pheromone gradients, and as
our main contribution, we present a physical model in which
the driving forces arise from chemical gradients. The model,
based on the previous inertial spin model (ISM) [38], captures
the key features of the experimental data, shedding light on
the underlying mechanisms.

The article is organized as follows: Section II describes the
experimental setup and analyzes the ant trajectories, reporting
the oscillatory behavior along the trail. Section III intro-
duces the physical model and derives an analytical expression
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FIG. 1. (a) Experimental plate in the frame of a given experiment. (b) Heatmap of ant occupancy in the arena, previous to data processing,
including data from the 20 daily experiments described in the main text. (c) Trajectories of three different ants in the region near the pheromone
trail, highlighted in a white rectangle in panel (b). The horizontal gray line indicates the position of the center of the pheromone trail. (d)
Velocity signal of the three trajectories plotted in panel (c), showing separately the velocity components along the trail direction (vx) in dashed
lines and the perpendicular direction (vy) in dotted lines. In solid lines, we plot the total speed v = |�v|. (e) Velocity component vy distribution
(dashed purple line) after integrating all 156 trajectories and individual mean velocity 〈vy〉i distribution (solid pink line). The inset shows a
zoom of the central region. (f) Velocity component vx (dashed light blue line) and speed v (dashed orange line) distribution after integrating
all 156 trajectories and individual mean velocity 〈vx〉i (yellow solid line) and individual mean speed 〈v〉 (purple solid line) distributions.

for the velocity correlations. Section IV compares these an-
alytical predictions with the experimental results, showing
good agreement between both, and discusses the broader
implications of this modeling approach. Finally, Sec. V sum-
marizes our work and outlines directions for future research.

II. EXPERIMENTAL DATA

To obtain data of ants following a chemical trail, we used
a simple design [Fig. 1(a)]. It consists of a plate connected
to a nest of Aphaenogaster Senilis ants (labeled Nest in the
figure). On the plate, we manually introduced a continuous
pheromone trail (labeled Trail). The trail was designed to
approximate an infinite straight line using two parallel seg-
ments joined by semicircles, forming an oval-shaped loop that
effectively eliminates finite-trail effects by creating a virtually
infinite path. To encourage ant exploration during successive
experimental trials, a food patch was placed one of the curves
of the trail. We have recorded 1 h of ant activity in this setup
over 20 days. Using the software ANTRACKS [39], we have
obtained the trajectories of each ant present on the arena at a
given moment. In Appendixes A and B, we present in greater
detail the experimental setup and the obtention of the data
trajectories.

From the trajectories of the ants during their exploration,
we can analyze how they occupy the plate. The heatmap of
ant occupancy [Fig. 1(b)] shows the time spent in each region,
averaged over all experiments. Four regions of higher density
are clearly visible: the hole connecting the plate and the nest,
the food patch, the plate borders, and the pheromone trail.
The first is a trivial consequence of the setup configuration, as
every ant that enters or exits the structure must do so through
the hole. The second concerns the time spent gathering the
food. The third is also expected, as it has been reported that
animals in enclosed arenas tend to move toward the edges and

borders to use the physical contact with them as a cognitive
reference, an effect called thigmotaxis [40,41]. The fourth and
final region is the most relevant for our study: The pheromone
trail is highlighted by the higher occupancy of the ants in
that area. This suggests that the ants move, to some extent,
preferentially toward regions of higher concentration of the
chemical signal.

To characterize the behavior of the ants when navigating
a pheromone trail, we focus on the dynamics close to the
region defined by the boxed areas in Fig. 1(b). The discussion
about the specific definition of this region can be found in
Appendix C. Small variations in this definition do not signifi-
cantly affect the data. In Fig. 1(c), we show partial trajectories
of three different ants in that region, to illustrate how the
ants move along the trail for an extended period (videos of
these trajectories can be found in the Supplemental Material
[42]). We note that, while the ants move along the trail on
average, they consistently oscillate from one side to the other.
This behavior becomes more evident when analyzing the ants’
velocities [see Fig. 1(d)], where we can see that the veloc-
ity component in the direction of the trail (vx) is the main
contributor to the ants’ displacement. From the perpendicular
component (vy), in addition to being much smaller than vx, it
oscillates around 0.

This feature is not a particular one of the trajectories
shown, but is instead a property observed in the majority
of them, suggesting that it is an evolutionarily orchestrated
response of ants when navigating chemical trails [43–45]. In
Fig. 1(e), we present the distributions of velocity vy, grouping
all trajectories, and the individual mean velocity 〈vy〉i, where
〈 f 〉i = 1

mi

∑
j f j

i , where mi is the number of points in trajec-
tory i. We observe that both distributions are symmetric and
with a mean of 0 (cm/s), but the variance of vy distribution is
much larger. In 〈vy〉i, temporal fluctuations of each trajectory
have been integrated, but not interindividual variations. Then,
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the differences between distributions originate from temporal
variability within each trajectory, rather than from the in-
terindividual heterogeneity. This is in perfect agreement with
the presence of oscillations around the trail. The same analysis
for the distribution of velocity vx [see Fig. 1(f)] confirms
that the net movement is along the direction of the trail, as
its mean is 〈vx〉 = 1.7 ± 1.5 (cm/s). The comparison of vx

and 〈vx〉i distributions indicates that the velocity vx does not
exhibit significant temporal fluctuations, behaving mostly as
a constant in the motion of the ant. This velocity vx, how-
ever, varies considerably across the population, highlighting
substantial interindividual differences. This is in agreement
with the experimental signals shown in Fig. 1(d). Finally,
a comparison between the distribution of vx and the speed
v = |�v| yields that the total velocity is dominated by vx [see
Fig. 1(f)], enabling the ant to move along the trail.

To summarize, we have observed that ants are capable of
detecting and following the chemical signal of the pheromone
trail oscillating around it while moving at an almost constant
speed. This result is consistent with previous reports of zigzag
motion in ants and other insects [46–48], often linked to bilat-
eral sensing [49,50] and supposed to facilitate signal recovery
or information gathering during navigation [45,51,52].

III. PHYSICAL MODEL

Let us discuss the previous empirical results from a phys-
ical perspective. The oscillatory behavior observed while
following the trail cannot be attributed to an external agent in-
troducing a periodic signal, but is a characteristic strategy that
ants use as a part of their navigation behavior. The observa-
tion that ants maintain a relatively constant speed throughout
their trajectories suggests that zigzagging in ants is almost
exclusively conducted through turning or reorientation, with-
out significant changes in the propulsion force exerted by
the organism. We aim to explore whether chemotaxis can be
incorporated into a simple physical model while still capturing
these key features observed in the experiments. Specifically,
our goal is to understand the underlying mechanisms present
in the system and how they guide the movement of the ants. In
a mechanistic approach, these interactions can be represented
as forces that govern the ants’ trajectories.

A. The inertial spin model

Mechanistic approaches have been successfully applied to
the study of other biological systems, such as starling flocks
[27–30]. In that system, individuals move at nearly constant
speeds, and their velocity reorientations appear to be driven by
alignment interactions with their neighbors. While the interac-
tions in bird flocks differ significantly from the interactions
of individual ants with a chemical signal, the fundamental
principle remains similar. Birds orient themselves to match the
orientation of their nearest neighbors. Similarly, ants orient
their movement based on the interaction with the chemical
signal. Both phenomena can be understood as the interaction
between an agent and an effective field: In the case of birds,
the field is generated by the combined orientation of the neigh-
bors, while in the case of ants, it is given by the chemical

signal. This renders a common interpretation in terms of spin
systems.

For bird flocks, ISM [38,53] provides a convenient phys-
ical description of the system dynamics. In that model, the
individual is characterized by a constant modulus velocity �v
and a spin �s, which acts as the generator of velocity reorien-
tations. The equations of the dynamics of the ISM for a given
individual read

d�r
dt

= �v, (1)

d�v
dt

= 1

χ
�s × �v, (2)

d�s
dt

= �v ×
(

−dH

d�v
)

− η

χ
�s + �ξ, (3)

where the Hamiltonian H accounts for the interactions present
in the system. The velocity derivative, with the cross product,
strictly conserves the modulus of the velocity (v0), allowing
only for changes in its orientation. The parameter χ is defined
as the inertia. The dissipative term −η/χ�s ensures that, in the
absence of interactions, the ant avoids closed loops. The white
noise �ξ introduces statistical fluctuations and is defined by the
correlator

〈�ξ (t )�ξ (t0)〉 = 2dηT δ(t − t ′),

for a d-dimensional space. The ISM has proven to be suc-
cessful in reproducing different complex biological data,
particularly in information propagation within starling flocks
(a phenomenon closely linked to velocity reorientations) and
the dynamical scaling of insect swarms [33,53,54].

Given the success of the ISM and the conceptual analogies
between bird flocks and ants in a pheromone trail, applying
this framework to our system seems to be well grounded. In a
flock, individuals are assumed to align with the local field. In
the magnetism context, this is called a ferromagneticlike in-
teraction. In our context, where chemical paths are being used
as a navigation guide by the ants, it is reasonable to assume a
ferromagneticlike interaction between velocity and concentra-
tion gradient �∇c, as this would naturally lead the ant to move
toward regions of higher concentration. This is supported by
our experimental observations. In Fig. 1(b), we can see how
the ants spend a significant amount of time in areas of higher
concentration. Moreover, ants tend to follow pheromone trails
once they encounter them. This can be interpreted as a mech-
anism that forces the ants’ velocity to be perpendicular to the
concentration gradient upon reaching the maximum concen-
tration. A ferromagneticlike interaction alone cannot account
for velocity being orthogonal to the field. In magnetic sys-
tems, however, certain interactions favor spin orientations
perpendicular—rather than parallel or antiparallel—to the lo-
cal field. The simplest example is the Dzyaloshinskii-Moriya
(DM) interaction [55,56], which introduces a cross-product
coupling between spins that promotes noncollinear configu-
rations. We assume that both interactions (ferromagneticlike
and DM-like) are present in our system, as their combination
would not only guide the ant toward the pheromone trail, but
also ensure that it follows it once located. Then, we propose a
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Hamiltonian of the form

H = −J�v · �∇c + �D · (�v × �∇c), (4)

where J represents the strength of the alignment (or ferromag-
netic) interaction, �D is the DM-like vector, defined as �D = Dn̂,
where n̂ is the unit vector defining the rotation axis [57]. By
substituting the Hamiltonian (4) into Eq. (3), we have the set
of equations of the ISM for the ant navigating a chemical
signal landscape.

B. Near-trail approximation

Equations (1)–(3) in general cannot be solved analytically.
The common procedure is to study some limiting cases where
simplifying assumptions can yield analytical results. In this
spirit, we note that concentration gradients in our experimen-
tal setup must primarily occur in the direction perpendicular to
the trail [see Fig. 1(a)], assuming we neglect small fluctuations
in pheromone deposition. The experimental analysis showed
that the ants navigate the trail [see Fig. 1(b)]. In this regime,
we expect the dominant interaction to be the one maintaining
the velocity perpendicular to the gradient (DM). This leads us
to assume D � J , allowing us to study the case where only
the DM interaction is present as first approximation. The ro-
tation axis n̂ is defined analogously as in Ref. [57], n̂ = l̂ × d̂ ,
where d̂ = �d/| �d| is the unitary vector in the direction of the
shortest distance from the trail to the ant and l̂ = �l/|�l| is the
director vector of the pheromone trail at the closest point of
the trail to the ant. The vectors d̂ and l̂ are orthogonal. In our
experimental setup, the ants live in the xy plane. Therefore,
l̂ = êx and d̂ = y/|y|êy, leading to n̂ = −êz for y < 0 and
n̂ = êz for y > 0. To further proceed, we need to specify the
shape of the pheromone signal. Near the trail, to first order of
approximation, the pheromone profile can be assumed to vary
linearly and toward the center yielding a symmetric triangular
function with the peak situated at the center of the trail. This
leads to a gradient of the form

�∇c = p(y)êy, (5)

where p(y) = p for y < 0, p(y) = −p for y > 0, and p(0) =
0. Under these conditions, the Hamiltonian (4) takes the form

H ≈ −Dvx p. (6)

We note that the velocity �v has only x and y components,
implying that the generator of its rotations, the spin �s, is
restricted to have only a zcomponent. From this point onward,
we treat the spin as a scalar s, without losing generality. We
substitute Eq. (6) into Eq. (3), and we obtain the following
component-wise equations:

dvx

dt
= − 1

χ
svy, (7)

dvy

dt
= 1

χ
svx, (8)

ds

dt
= −vyDp − η

χ
s + ξ . (9)

Rewriting the velocity components in terms of the angle θ ,
defined as the angle between the x axis and �v, we have vx =
v0 cos θ and vy = v0 sin θ , where v0 is the constant speed. By

taking this into account in Eq. (7), we obtain

dθ

dt
= s

χ
. (10)

Differentiating Eq. (10) a second time and plugging it into
Eq. (9), we obtain a closed equation for the evolution of the
angle θ that reads

d2θ

dt2
+ η

χ

dθ

dt
+ Dpv0

χ
sin θ = ξ ∗, (11)

where ξ ∗ = ξ/χ .
In Sec. II, we have discussed how the speed is dominated

by the x component. Therefore, the angle θ is small, so we can
write sin θ ≈ θ . Rewriting Eq. (11) accordingly yields

d2θ

dt2
+ η

χ

dθ

dt
+ Dpv0

χ
θ = ξ ∗. (12)

We note that Eq. (12) corresponds to a stochastic damped
harmonic oscillator. By defining

γ = η

2χ
, (13)

ω2
0 = Dpv0

χ
−

(
η

2χ

)2

, (14)

one finds that the solution of (12) takes the form

θ (t ) = θh(t ) +
∫ t

0
g(t, τ )ξ ∗(τ )dτ, (15)

where g(t, τ ) = e−γ (t−τ ) sin(w0(t − τ ))
(t − τ )/w0 is the
Green function of the damped harmonic oscillator and θh(t ) =
θ0e−γ t (cos(ω0t ) + γ /ω0 sin(ω0t )) is the time evolution of the
damped harmonic oscillator without noise. By considering the
stochastic term, the integrated temporal behavior is encoded in
the temporal correlations of the angle θ :

Cθ (t ) = 〈θ (0)θ (t )〉
〈θ (0)2〉 = e−γ t

(
cos(ω0t) + γ

ω0
sin(ω0t)

)
. (16)

We note that vy = v0 sin θ ≈ v0θ . Therefore, velocity cor-
relations satisfy

Cθ (t ) ≈ Cvy (t ). (17)

From Eq. (16), we observe that the velocity correlations
have an oscillatory behavior with an envelope that decays
exponentially in time. This exponential envelope is charac-
terized by the damping parameter γ , while the oscillatory
frequency is characterized by ω0.

We note that the presence of oscillatory behavior depends
on the model parameters. If Dpv0/χ < η/(2χ )2, ω0 is imag-
inary and the expression in Eq. (16) becomes exponential.
The overdamped version of Eq. (3), where the inertial term
is neglected with respect to the damping one, also yields an
exponential decay without oscillations, with the form (see
Appendix D).

Cvy (t ) = e−γ v0t . (18)

To summarize, we have obtained an analytical expression
for the correlations of the velocity vy, adapting the ISM to ants
navigating a chemical landscape, assuming they are near the
trail. The correlations show an oscillatory behavior with an
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FIG. 2. (a) Velocity correlations in the y direction (perpendicular to the trail) for the 156 experimental trajectories. Lines are shown up
to half the duration of each trajectory. The three experiments shown in Fig. 1 have been highlighted in light blue, orange, and yellow colors.
Probability density distribution of the obtained parameters γ [panel (b)] and ω0 [panel (c)] from individually fitting each of the 156 trajectories.
The colored bars highlight the parameter values corresponding to the fits in panel (d). (d) Velocity correlations of the highlighted experiments
(in solid lines) and the best fit for each of them according to Eq. (16) (in dashed lines). (e), (f) The gray points represent the fitted values of γ

[panel (e)] and ω2
0 + γ 2 [panel (f)] as a function of the characteristic mean speed 〈v〉 of each trajectory. The purple squared points correspond

to an average of 20 points, grouping them according to their 〈v〉 value. The purple line corresponds to the best fit of the purple squared points
to γ = η/2χ in panel (e) and to ω2

0 + γ 2 = Dpv0/χ in panel (f), where 〈v〉 takes the role of v0. The value r corresponds to the correlation
coefficient of the gray points.

exponential envelope if the inertial term is not negligible and
the dissipation does not dominate.

IV. MATCHING THEORY AND EXPERIMENTS

The analysis in Sec. III B, eventually leading to Eq. (16),
provides an insight into the mechanisms that can generate
oscillations within the ISM framework. More importantly, it
explicitly predicts how these oscillations should manifest in
the temporal correlations of velocity in the direction perpen-
dicular to the trail (y direction). Our experiments allow an
analysis of this kind, as we have access to the time series of
velocity [see Fig. 1(d)]. Our set of experimental trajectories
provides a biological dataset where the ISM analytical predic-
tions can be tested.

In Fig. 2(a), we show the experimental velocity corre-
lations Cvy (t ) for all trajectories near the trail. We observe
that most exhibit a temporal decay to zero with a distinct
oscillatory pattern, with notable variability in the oscillation
frequency and the decay rate. In color, we highlight the same
three trajectories as in Figs. 1(b) and 1(c), to help visualize
this particular behavior.

We proceed to fit the experimental correlations with
Eq. (16). We obtain a good agreement, with the 156 trajecto-
ries having a nonlinear regression coefficient R2

a � 0.4, with
an average coefficient 〈R2

a〉 = 0.75 and a median R2
a,M = 0.76

(see Appendix E for more detailed discussion of the fitting
process and its results). The distribution of the fitted param-
eters γ and ω0 is shown in Figs. 2(b) and 2(c). The fitted
parameters for the highlighted trajectories in Fig. 2(a) are
presented in a different color of the histogram bars, while a
visual comparison of the fit and the correlation function is
shown in Fig. 2(d). We observe a manifest variability of these
parameters within the ant population.

The distribution of the damping parameter γ yields
an exponential-like shape, with a decay characterized by
γc = 0.6 ± 0.1 (s−1). This suggests that high damping values,
which would inhibit oscillations, are unlikely in ant dynam-
ics. On the other hand, the distribution of the oscillation
frequency ω0 resembles a Gaussian, centered around an av-
erage frequency of ωc

0 = 3.70 ± 0.01 [s−1]. The characteristic
oscillation frequency might be related to the ants’ cognitive
mechanisms, the constraints of the experimental setup, and
individual variability giving rise to the dispersion around the
optimum. While the origin of this specific frequency remains
an open question, oscillatory behavior has been proposed to
enhance navigational parallax [51] or improved signal recov-
ery following loss [45,52], especially in contexts combining
visual and chemotactic cues [14,44,58,59].

In Sec. III B, we made several hypotheses that lead to
Eq. (16), which predicts oscillations in Cvy (t ) for a certain
regime of the γ and ω0 parameters (underdamped regime),
while parameters outside of this regime predict an exponential
decay of Cvy (t ) (overdamped regime). Our fitting analysis
suggests that our experimental dataset is compatible with the
oscillatory regime. The values of the parameters γ and ω0 will
ultimately depend on the values of interactions, speed, dis-
sipation, and inertia. Different Hamiltonian proposals, along
with different assumptions, may also be able to predict the
oscillatory behavior encoded in Eq. (16), but with a different
version of Eqs. (13) and (14). Given that, we seek to verify
the validity of our model through comparison with the exper-
imental results. For this, note that the values of D, p, η, and
χ cannot be directly compared with empirical data; still, the
constant speed v0 can be related to the average experimental
speed 〈v〉 of each trajectory. Accordingly, we can test that the
parameter γ = η/2χ is independent of speed; empirical data

013116-5



FLAQUER-GALMÉS, CAMPOS, AND CRISTÍN PHYSICAL REVIEW RESEARCH 8, 013116 (2026)

seem to confirm this result [Fig. 2(e)]. For the case of ω0,
we can reformulate Eqs. (13) and (14) as ω2

0 + γ 2 = Dpv0/χ .
Figure 2(f) demonstrates that the corresponding linear depen-
dence on speed is consistent with experiments. Altogether,
the analysis suggests that our assumptions are reasonable and
accurately capture the experimental behavior observed. For
completeness, the values of ω0 versus 〈v〉 are included in
Appendix F.

We have checked (see Appendix E) whether there is any
dependence between the trajectory duration and the fitted
parameters to discard the possibility that nonstationary effects
in the system are distorting our conclusions. We find that tra-
jectory duration does not significantly affect the results, so we
discard this possibility. This confirms that (1) trajectories used
are sufficiently long to eliminate strong finite-length effects
and (2) the dependence of ω0 on the average experimental
speed 〈v〉 in our experiments is not an artifact of finite tra-
jectories.

V. CONCLUSIONS

Our analytical predictions for the ISM model are fun-
damentally consistent with the experimental observations,
particularly regarding the presence of velocity oscillations,
their temporal evolution, and the relation between the oscilla-
tion frequency and the characteristic speed of the ants. These
findings lead us to conclude that the ISM framework, with
a magneticlike description of chemotaxis (DM interaction),
effectively captures the fundamental mechanisms underlying
chemotactic ant dynamics during trail following.

This work could serve as the foundation for several re-
search directions. The interplay between the DM term and
the ferromagnetic term, which may play a fundamental role
in locating the trail, remains to be investigated. The biological
significance of the physical parameters and their absolute val-
ues are yet to be fully explored, and a way to do so may be to
examine whether the observed parameter variability depends
on the experimental context or reflects adaptive behavior
by ants during navigation. Another research direction may
rely on the introduction of autochemotaxis in the framework,
where the pheromone concentration c(x, t ) would depend on
the previous trajectory of the ant. We note that the framework
presented here is not limited to chemical signals and can
be extended to navigational scenarios guided by alternative
sensory cues.

Overall, we believe this work highlights that even nontriv-
ial biological behaviors, such as chemotaxis, can be effec-
tively described using relatively simple physical principles.
This underscores the broader applicability of physics-based
approaches to understanding biological phenomena.
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APPENDIX A: EXPERIMENTAL SETUP

All experiments were conducted using one colony of ap-
proximately 150 Aphaenogaster Senilis ants. The colony was
collected on the Autonomous University of Barcelona campus
in May 2022 using standard protocols (digging up the nest
and collecting the ants, including the queen, with the help of
insect aspirators). Once collected, the ants were maintained in
the laboratory in plastic boxes with a dark area connected to a
water resource, and under controlled conditions until the end
of the experiments.

The experimental setup consisted of a white plastic plate
measuring 50 × 23.5 cm connected at its center to the ant nest
[labeled as Nest in Fig. 1(a)]. To prevent ants from leaving
the plate, the entire structure was surrounded by water. In this
setup, we painted a pheromone trail of 0.3 cm wide in the
shape of a continuous, oval loop: two parallel straight lines of
37 cm joined by two circular regions of 6 cm of radius [labeled
as Trail in Fig. 1(a)]. The pheromone composition has been
previously reported (see Ref. [18]), being the alkaloid anaba-
seine (3,4,5,6-tetrahydro-2,3′-bipyridine) its main component.
The pheromone was obtained from the ant’s gasters following
the protocol described in previous works [61]. Several indi-
viduals were kept in the freezer for 10–15 min, and later their
gasters were dissected, and diluted in methanol (99.9% pure)
using a proportion of 0.5 ml/gaster. The gasters were gently
milled with a steel mortar to extract the pheromone, and the
dilution was stored at 4 ºC until use. This solution was then
loaded into an empty alcohol-ink marker of 0.3 cm tip, which
was used to deposit the pheromone trail onto the plate by
drawing a continuous line. To ensure that only the introduced
pheromone influenced behavior, the plate was covered with
fresh parchment paper before each trial. A food patch consist-
ing of mealworms cut into 2–3 pieces was placed on one of the
curved sections of the trail at the start of each run, to encour-
age exploration of the plate during successive experiments.
The food source was chosen to be below the critical size and
mass required for pheromone recruitment in Aphaenogaster
senilis [62], ensuring that pheromone trails from previous ants
are negligible and that all chemotactic interactions are in the
Trail. The setup was then enclosed in an acrylic box and kept
under uniform illumination and temperature.

Each experimental trial involved connecting the structure
to the colony for 1 h. The duration of the experiment was
established to avoid the total evaporation of the chemical
trail. We note that while the concentration decreases during
the experimental run, the shape of the chemical trail remains
constant. During this time, ant individuals were free to leave
the nest, explore the plate and return to the nest. Each exper-
iment was recorded with a video camera at 25 Hz. Therefore,
every single experiment, corresponding to 1 h of recording,
generated a total of 90 000 frames. We repeated these trials
over 20 days.

APPENDIX B: TRACKING

To obtain the ant’s trajectories we used the software
ANTRACKS [39]. The workflow we used is as follows:

(1) Compute the averaged background image for the
whole video, this is, the plate without ants.
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FIG. 3. Example frame of the trajectories detected during pro-
cessing. All detected ants are boxed in red, with their midpoint
plotted in light green, which is the (x, y) coordinates of our trails.
In the plot, we also present the full trajectories of the ants present in
the frame.

(2) Preprocess each frame of the video by normalizing the
image contrast to the full range of [0, 225] (in black and
white scale) and setting all the points below 100 contrast to
the background.

(3) Use a background subtraction method to find objects.
All objects darker than the white background are identified.

(4) Split the objects of n times the average pixel size of the
ants into n objects.

(5) Create the trajectory by trying to assign each object to
its most likely trajectory of the previous frame.

In ANTRACKS, the likelihood that an object belongs to a
particular trajectory is determined using a pair-cost function.
In our case, we employed the path-prediction approach: For
each trajectory in the current frame, the next point is pre-
dicted via extrapolation of the previous particle movement.
Object-trajectory pairing is chosen to minimize the distance
between these predicted trajectory points and the centroids of
the objects. A global optimization method performs a joint
optimization for all object-trajectory assignments at the same
time, and finds the globally best pairing. Since our video
recordings are in a white plate and the ants are black, and they
are recorded in a controlled environment, this method is very
robust. In Fig. 3, we present an example frame of the ants
detected and their respective trajectories.

APPENDIX C: DATA PROCESSING

The trajectories of ants within the arena were extracted
from video recordings using the ANTRACKS software [39].
Ant velocities were then calculated as the discrete deriva-
tive of their positions. To identify interactions with the
pheromone trail, a trail region was defined as the area ex-
tending 1.14 cm above and below the trail [highlighted by
the boxes in Fig. 1(b)]. We have checked that small varia-
tions of this threshold definition do not qualitatively modify
our results.

Segments of trajectory where ants remained within 1.14 cm
of the trail for more than 1.6 s were classified as near-
trail segments, while the remaining portions were labeled as
not-in-trail. Each near-trail segment was then treated as an
independent trajectory for further analysis. Next, to work with
the data points when the ant is following the trail, we have

truncated the last t = 1.14/〈v〉 s, corresponding to the ant
escaping from the trail, where 〈v〉 is the average speed of each
trajectory (in cm/s). Finally, from this set we worked only
with trajectories of at least 150 points (which corresponds to
a trajectory duration of at least 6.0 s) to have sufficient points
to compute meaningful statistics. To standardize the dataset,
all trajectories were rotated so that the trail aligned along
the (x, 0) axis, regardless of whether the ants were located
on the top or bottom side of the plate, and θ ∈ [0, π/2] relative
to the horizontal at t = 0. From this processing, we obtain a
dataset of 157 trajectories from which we disregard 1 as the
ant, while being in the trail region it stopped moving. Finally,
we have a dataset of 156 trajectories.

APPENDIX D: THE OVERDAMPED LIMIT

In Eq. (3), the force resulting from the chemotactic (DM)
interaction appears in the spin derivative. In other physical
models, such as the continuous-time Vicsek model [53], the
force acts directly on the velocity derivative. This is equivalent
to assuming the overdamped limit in the ISM, where iner-
tia is negligible compared to the dissipative forces (|χ d�s

dt | 

|η�s|). Assuming this, we can isolate the spin �s in Eq. (3)
and substitute it in the velocity derivative (2). Equation (2)
now reads

d�v
dt

= 1

η

(
�v ×

(
−dH

d�v
))

× �v + 1

η
�ξ × �v. (D1)

Following the same procedure described in Sec. III B, and
with �ξ ∗ = (�ξ × �v)/η, the equations for the evolution of the
velocity components become

dvx

dt
= Dp

η
v2

y + ξ ∗
x , (D2)

dvy

dt
= −Dp

η
vxvy + ξ ∗

y . (D3)

By using that vx = v0 cos θ , vy = v0 sin θ , and doing an
expansion for small θ , we obtain

dθ

dt
= −Dpv0

η
θ + ξ ∗

x . (D4)

The temporal correlations of the angle θ are now different
from the ones in Eq. (16), and they read as

〈θ (0)θ (t )〉
〈θ (0)2〉 = exp

(
−Dpv0

η
t

)
. (D5)

This solution indicates that the velocity correlations
Cvy (t ) ≈ Cθ (t ) should decay exponentially, without oscilla-
tions. Consequently, for an ISM-like description to reproduce
the oscillatory behavior observed in the experiments, it must
be underdamped. This implies that inertia is a relevant param-
eter and cannot be neglected.

APPENDIX E: GOODNESS OF THE FIT

To fit Eq. (16) to the data points, we have used a nonlinear
least squares method, specifically the Levenberg-Marquardt
algorithm. We analyze two goodness-of-fit metrics, the ad-
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FIG. 4. (a) Histogram of the adjusted R2
a. (b) Histogram of the

root mean squared error. In both cases, the dotted line represents
the median of the distribution. (b) Fitted damping parameter γ as a
function of the trajectory length t . (c) Fitted frequency ω0 as a func-
tion of the trajectory length t . The value r represents the correlation
coefficient.

justed R2
a and the root mean squared error (RMSE), defined as

R2
a = 1 − (1 − R2)(n − 1)

n − p − 1
,

RMSE =
√√√√1

n

n∑
i

(zi − ẑi )2,

where R2 is the standard coefficient of determination, n is
the number of data points of each trajectory used in the fit,

FIG. 5. Fitted values of ω0 as a function of the characteristic
mean speed 〈v〉 of each trajectory. The purple squared points cor-
respond to an average of the 20 points, grouping them according to
their 〈v〉 value. The value r represents the correlation coefficient.

p = 2 is the number of parameters to fit, zi are the data
points, and ẑi are the predicted ones. In Fig. 4, we present
a histogram of the values obtained for the fits in Fig. 2. For
R2

a, all values are higher than 0.4 with a median of R2
a =

0.76. For the RMSD, all values are lower than 0.3 with a
median of RMSD = 0.15. As Eq. (16) is bounded between
[−1, 1] if values of RMSD ≈ 0.1 represent 5% of the range
of the trajectory, which indicates that there are not large de-
viations between the correlations obtained from the data and
the theory.

Furthermore, in Figs. 4(c) and 4(d), we present the fitted
parameters γ and ω0 as a function of the trajectory duration.
We compute their correlation coefficient, and in both cases, it
yields a value of r that indicates that the correlation is not very
significant.

APPENDIX F: ω0 VERSUS 〈v〉
For completeness, in Fig. 5 we include the values of ω0 as

a function of the characteristic mean speed 〈v〉 in the same
spirit as panels (e) and (f) in Fig. 2.
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