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Emergent symmetry breaking during the foraging collective activity by ants
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This study analyzes a system of nonlinear differential equations associated with the number of foraging ants visiting two identical exploitation

sources in a static environment. Steady-state solutions correspond to establishing pheromone trails sustained after the colony density reach
a critical size. In the quasi-steady-state approximation, the model reduces to a single-variable symmetry description. After including additive

white noise perturbations, the scheme becomes a Langevin equation. Solutions to this equation suggest that the processes underlying tt
collective task are associated with an order (recruitment-abandonment) - disorder (successful exploration) parameter that varies as a ration:
homographic function concerning the control parameter of the model. We find that intrinsic random disturbances, produced by successful
foragers, break the symmetry of an equal number of ants in each option, leading to preferential visits to one of the two food sources. We
also observe that the behavior of the order-disorder parameter is strongly dependent on changes in the colony size. In general, the stability ¢
consensus in collective decision-making increases with increasing noise intensity.

Keywords: Ants’ foraging; symmetry breaking; Langevin equation; collective decision-making.

DOI: https://doi.org/10.31349/RevMexFis.72.011701

1. Introduction feedback mechanism [2]. Furthermore, a negative feedback
mechanism develops during the process of abandoning the
Insect societies organize their survival activities in a decentask, which is mandatory to restrict recruitment and prevent
tralized manner. The main well-identified collective tasksit from increasing indefinitely [3]. After the foraging task
are nest building and foraging for materials and food. Thes established, a recruitment-abandonment balance occurs, a
latter event occurs when part of the population of an ansteady-state is reached, and the average number of foragers
colony leaves the nest to explore the surrounding environt€mains unchanged on the trails as long as food sources are
ment in search of food. The first foraging stage is completedtot depleted.
when some successful explorers, who find food through in-  Quantitative studies of collective foraging require exper-
dependent foraging, return to deposit their food and recruitmental setups capable of uncovering the underlying mech-
other nestmates to perform the collective task. Many foraganisms of behavior under controlled conditions. In fact,
ing ant colonies use pheromone trails to guide their nestmatesome authors found that the foraging population is a non-
to food sources. In the second stage, the ants reinforce thHimear function of colony size and that a minimum number
pheromone trail by leaving their signals during repeated reef ants is required to maintain a pheromone trail [1]. Fur-
turn trips to the nest. This is necessary to ensure that thiermore, experiments show that ant colonies that exclusively
trails do not disappear. In the third task stage, the recruituse pheromone trails are unable to maintain and sustain these
ment process becomes saturated, probably due to overcrowtiails in an organized manner, even if the food sources are in
ing of food sources or sensory saturation of the individualsan area close to the nest.
Suddenly, the recruited ants lose their pheromone trail more A foraging ant colony could regularly exploit one or

easily [1,2]. more food sources. In this case, indirect communication via
Once the pheromone trails are established from the negtheromone trails efficiently allocates a specific number of

to food sources, some scout ants are attracted to the forafpragers to each option. The decentralized process of orga-

ing task. This recruitment process is reinforced by a positivenizing the task and assigning several foragers involves collec-
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tive decision-making by the colony. Various studies have obcates some foragers consistent with a competition of coupled
served that the pheromone trails are more strongly biased t@ositive and negative feedback processes in these steady-
ward the most profitable food sources when the colony planstates. The system remains steady until internal or exter-
to visit several options simultaneously [2, 4, 5]. nal perturbations trigger a transition between different op-
Currently, it is not yet established whether pheromonetions [2, 3,9, 10].
guided foraging allows the colony to adapt to sudden changes To simplify the model, we consider the successful ex-
in dynamic environments with ephemeral food sources. Onceloration term a noise disturbance intrinsic to the foraging
again, collective decision-making mechanisms that allow theolony. This consideration is compatible with the effects
colony to allocate several foragers to each option remain elusf the variable number of individuals finding food sources
sive to explain [4, 6]. In this sense, experiments by Ref. [1]lthrough independent random searches. As we mentioned ear-
confirm that a Pheidole megacephala colony can make apier, noise disturbance during foraging is an important func-
propriate collective decisions toward selecting the most proftional element for colony adaptation to the simultaneous ex-
itable options. Some colonies of ants, with many individuals ploitation of several food sources. In general, the noise effect
implement pheromone recruitment and direct mass recruitis associated with a symmetry breaking toward the most prof-
ment mechanisms; for example, colonies of Tetramoriunitable food source. Random fluctuations can change foraging
caespitum and Camponotus socius incorporate both mechhehavior by modifying pheromone levels and affecting the
nisms. This dual mechanism allows the colony to establistliegree of preference among several options [4,9, 10].
pheromone trails quickly. Specifically, we propose a representation of the allo-
Authors in Ref. [2] found that the recruitment by cation of forager numbers across two equally profitable
pheromone trails is a highly nonlinear phenomenon, due téood sources, based on a description of the macroscopic
proportional changes in the amount of pheromone depositegcruitment-abandonment balance. We find pertinent insights
that induce excessive responses in the allocation of foragersto the mechanisms underlying the phenomenon of symme-
among different options. This has been experimentally contry breaking in the number of foragers of each option, due
firmed in colonies of the pharaoh’s ant, Monomorium pharao+o intrinsic noise caused by successful forager explorers. The
nis, when they visit two food sources with the same or differ-results are explained in terms of the statistical analysis of pre-
ent profitability [2]. Experiments show that the colony can cision and stability in collective decision-making among sev-
efficiently allocate adequate foragers among different fooderal options associated with symmetry breaking induced by
sources using only indirect communication via pheromonehe intrinsic noise in the system.
trails [3]. On average, the allocation of foragers is the same
regardless of whether the colony visits one or two options . .
with the same or different profitability. The initial conditions 2- Basic equations
of forager allocation determine whether they visit equally or
prefer to exploit one of the options, specifically [2]. :
Some researchers established that when an ant coloft
simultaneously exploits several food sources, decentralize
self-organization mechanisms are incorporated, and colle ) .
tive decision-making is based only on local information of pheromone tra|! releases a self-catalytp process that leads
individuals [5, 7,8]. Experimental results on the foraging of al0 an increase in the mass of thg foraging population, and
Pheidole megacephala colony show that deterministic Steadﬁ_bandonm'ent/() of the task beg|'n's'when. th'e' pheromone
state processes and random noise perturbations on the Systgﬂpcentra_tlon safurates the sensitivity (.)f individual a nts.
work together during the collective task to give the COlonyAnother circumstance of abandonment is overcrowding food
adaptability to the environment. Furthermore, itis known that Ources [11]. Thg fraction of foragers who Ca”"?"t stay on
a certain level of noise is a necessary element in coIIectivéhe trail of the entire path abandons the tas!< to mcorporr_:lte
self-organization decision-making for the allocation of for- themselves into the group of scout ants. This last group in-
age among different options [4,9, 10]. In fact, the authors aS(_:Iudes; succes_sful explorerg who return to the nest with
sume that allocation emerges from competition between tW(f)OOOI found by independent rar.1d0m searches. ,
recruitment processes, one based on persistent pheromone | "€ Proposed model considers that the rate of change in
trails and another based on random recruitment stimuli emit1® number of foraging ants:Y obeys a macroscopic bal-
ted by successful explorers. It is found that slight modifica-2Nce quation of three tasks that a colony of sigeprforms
tions at the nest entrance affect collective decision-making oM'hen visiting food sources [1, 2],
the number of foragers assigned to each food source [6]. da
In this paper, we consider a macroscopic model of ant i (R(z) — A(z)) + E(z). (1)
colony foraging based on a system of nonlinear recruitment-
abandonment balance equations. These dynamic equations We assumed temporal dependence on the variable
are characterized by a set of steady-state solutions associate@). In addition, we consider contributions of recruitment
with the establishment of pheromone trails. The colony allo-R(z), abandonmenti(x) of pheromone trail, and successful

During the development of pheromone-guided foraging ac-
ity by an ant colony, two collective mechanisms are pre-
nted that function as regulators of the task: Recruitment
R) occurs when a slight variation in the intensity of the
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FIGURE 2. Recruitment function per individual.
FIGURE 1. Collective foraging activity of an ant colony.

explorationF (z) as the main characteristics of the collective
foraging task (see Fig. 1).

The systematic component is a balance of recruitment- 0.8
abandonment processes, in a competition or interplay of pos-
itive feedback mechanisms versus negative feedback, which
develop during the collective task as long-term dynamics. At
the same time, the model assumes that successful explorer:z
maintain, on average, a stable population consisting of un- 04|
employed ants, novice explorers with incomplete trips, and
foragers that abandon the pheromone trails. This group is the
random component, which contributes a dynamic of abrupt,
small-amplitude changes in the forager population (task tun-
ing), producing short-term effects. 0.

We observed a large population of scouts during trail for- %
mation. Recruitment has limited efficiency due to pheromone
evaporation. Furthermore, at a certain level, the intensity of '/GURE 3. The task abandonment function per individual.
the pheromone trail saturates the sensitivity of individual for-
aging ants. Ifs is the saturation coefficient of the ability to s
perceive recruitment signals, the efficiency of each ant (sub- Ay(x) = st o 3
script 1) in following the entire trail is [11],

RLRLE
min

06

(x)

. Figure 3 shows the abandonment functibf(x) per ant.
Ry(z) = . (2)  This function decreases with the increase in the number of
st foragers on the pheromone trail, and therefore with the inten-
Figure 2 shows that recruitment per at(z) is a ra-  Sity of the pheromone trails. Three values of the saturation

tional homographic function with a vertical asymptote£  coefficient are considered € 1, 10, 20).

—s), a horizontal asymptotey(= 1), passing through the Each term in Eg. (1) corresponds to the macroscopic
point (0,0). Three values of the saturation coefficient aremass variables(x), A(x), and E(x). These contributions
consideredq = 1, 10, 20). are constructed under the assumption that population interac-

On the other hand, due to sensitivity saturation, the weaktion is an autocatalytic process that incorporates individuals
ening of the pheromone trail by evaporation, and overcrowdinto the collective task, which is represented as the product
ing at food sources, part of the foraging ant group fails toof concentrations.
follow the entire trail to the food source. This group aban-  The recruitment term for the incorporation of unem-
dons the collective task of exploring other sources, returns tployed ants into the trails is constructed as the interaction
the nest, or defends the colony from competitors. The abarsf two populations, the foraging ants)( and the free scouts
donment task rate per individual is a complementary processusceptible to recruitment.(— x). In fact, foragers are re-
to recruitmentd; (z) = 1— Ry (z), which is the rate at which  cruited into groups at a rate &(z) = Sz(n — z), which is
an ant loses the trail of following the entire trail and abandongroportional to the product of foraging ants and unemployed
the foraging task. This function is given by ES)( ants.
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gl ' ‘ ' ] shows that the parameteris the maximum abandonment
rate due to loss of the pheromone trail.

At this point, a fraction of successful explorerén — )
0 reach the food source through random searches independent
of the pheromone trail. When considering the above assess-
ments, Eq./I) becomes the food foraging balance equation,

g 4 . which we refer to as the Beekman equation,
6L ]
dx s
| | Clt(ﬁ(nx)s+x)x+a(na:). (5)

The first term, in parentheses, corresponds to the deter-

12 Siig ministic part of the foraging task when the pheromone trail is
5= = . .
s G = s well established, while the second term corresponds to forag-
x ing due to independent searches by successful explorers (see

FIGURE 4. Mass task abandonment function. Ref. [1]).

The population of foragers who abandon the task in mas
once the trail has been formed, according to 13). i€ given
by Eq. @),

3. Quasi-stationary state

s If an ant colony visits two food source$ and B simulta-
Az) = Ay (2)r = st (4) neously, Eq. %) is used to determine a system of nonlinear
Figure 4 shows that the population abandonment ratéifferential equations associated with the collective task. In
A(z) is a rational homographic function with a vertical fact, if we consider that = 24 + x5 in this equation, where
asymptote £ = —s) and a horizontal asymptote (= s)  the number of foragers of and B is given byx 4 andz s re-
passing through the poin®(0). Three values of the satura- Spectively, and subsequently separate the contributions of the

tion coefficient are considereds & 1,10, 20). This figure  corresponding state variables of each option, the following
|  system of nonlinear differential equations is established,

d‘;%: <ﬂ(n($A+lB))w) :EA+aA(n—(xA+xB))’ (6)
CL;TB: (ﬁ(n_(xA+xB))_M) $B+QB(N—($A+3;‘B)), )

Iposited by the total number of foragers observed in the aban-
donment term of the task.

In Egs. B6) and [7), it is assumed that the recruitment-
abandonment coefficients and s do not depend on the se-

‘_f lection of A or B during the foraging ant allocation, given

that food sources are identical [2]. At firsty = ap, how-
ever, to preserve exploration contributions in Sec. 4, where
the exploration coefficient is a random variable that gener-
ates intrinsic system noise, we change this condition here to
aa # ap, butag = ap.

Making the change of state variablesof andz 5 to the
new variables, corresponding to the sum and the difference
of the number of foragers that visit the two options, that is,
by defining,

r=xa+2p, Y=2a—Tp, (8)
FIGURE 5. The ant colony visits two food sources simultaneously. ) _ _
we obtain an equivalent system of model equations. In fact,

This model incorporates blurred pheromone trails as exafter successively adding and subtracting E@saqd [7),
pected to occur in open environments (see Fig. 5). Thand by introducing the notation given in EB),the deter-
individual sensitivity saturation is due to the pheromone de-ministic part of the foraging balance equations, guided by
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pheromone trails towards two food sources, can be expressec 4

as follows:
1200

dx S

i (ﬁ(n—x)— s—O—x) x, 9) 1000 1
dy _ S 800 |
F-(po-0-Z2)e a0

600
These equations have the general form of a recruitment-

abandonment balance equation. The contributions of suc- 40|
cessful explorers are not considered at this time, since their
random searches do not involve the pheromone trails, so we 200
can express:

dl’ 0 200 400 600 800 1000 1200 1400
= = (B(x) - A(@))x, (11) :
% — (R(z) — A(2))y. (12) FIGURE 6. Bifurcation diagram of the steady-state solutions.

The steady-state solutions of EA.1) are obtained from According to Eq. 16), the steady states depend on the
the condition of permanent behavior of the state variableSClOny Size, which is represented in the bifurcation diagram
dx/dt = 0, or in Fig. 6. The critical point behaves as a bifurcation point

Y that separates the graph into two regions with homogeneous
(R(xz) — A(x))z = 0. (13)  (equal number of individuals) and inhomogeneous (different

number of individuals) visits to sourcesand B.

Now, let us consider Eq10), which for convenience we
express as follows,

From this last condition, it follows that two cases can oc-
curz = 0, or according to Eql9):

Bn—2x)(s+xz)—s=0. (14)
. . dy _ ([ p(x)
The roots of the polynomial in Eq.[14) are easily ob- — = Y. a7)
. . . dt s+
tained directly by some algebra calculations,
(n—s)+,/(n+s5)2— 4% Here p(z) is the polynomial of Eq. [14) which can be
Ty = . (15) expressed in terms of its roais. andz,. This means that
2 Eqg. (17) has an alternative form,
This result is valid fom > n. wheren,. = 24/s/8 — s is
the critical density of the colony that comes from the positive dy (x—2x_)(x—2x4) (18)
radicand condition in Eq16). The system parametefsand dt s+x

s correspond taR(x) and A(x), the contributions of mass

recruitment and mass abandonment. In addition, we must The expressions far_ andz, are given in Eq.16). The
keep in mind the dependenae. = z.(n) on the colony variabley represents the difference in the number of individ-
size. Later we consides = 10 and 3 = 0.00015, then  uals visiting two optionsi and B, and is therefore a measure
ne = 2¢/s/B — s = 500 individuals. It is worth noting  of the symmetry features during the collective task.

thatr, = x4 (n.) = /s/8 — s. Considering that the state variablesindy vary tempo-

In the region before the bifurcation < n., there are gy at different scales (see Sec. 1), and that the system is
equal numbers of foragers visitilgand B. This means that  cjose to the critical density.., the quasi-steady-state hypoth-
the steady-state values are equal, z; = z_. Inthis case, esjs can be adopted. In this case, the slow variation of the
Eq. (14) determines a line passing through the origin andtate variable associated with the total number of forage ants

point (nc, z.) with . = (n. — s)/2. This last equation is  allows us to introduce the following approximation,
the general form of the steady-state solutionsifet n..

Taking into account the above considerations, we include T~ . (19)
the steady-state solutions valid for the whole range of possi-

ble colony sizes, .
y We have introduceg as a control parameter of the sys-

n—s n < n, tem model [9]. Under these conditions, E@g)can be trans-
2 formed into a one-variable differential equation fpii.e.,
zi(n) = . (16)
(n—s)%/(n+s7—45 dy _ <<¢—¢><¢—¢+>> (20)
5 n > ne a st o Y,

Rev. Mex. Fis72011701
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FIGURE 7. Bifurcation diagram of the model’s control parameter. ¢
FIGURE 8. Potential stability function.
where . = ¢ (n) are the roots of the polynomial in
Eq. 17), 2 : , : } e
n—s L 850 — 1
5 n < ne 6l |
¢+(n) = — . (21) 14} l
(n—s)&,/(n+s) _4B 12 1 1
n > Ne
2 E 1 |-
The critical value of the control parameter can be evalu- * 08
ated directly by replacing the critical density in EQ1), that 06 -
is, ¢ = ¢(n.) (see Fig. 7). wa |
By introducing the definition of the deterministic balance wall
coefficient, we can write Eq/20) in a simplified manner as '
a first-order linear differential equation with constant coeffi- or
Clent’l'e" dy 02 0 100 200 300 400 500 600
— =K 22 ®
o= Ki(0), (22)
where, (6— b — b2) FIGURE 9. K (¢) coefficient for three different colony sizes.
Ki(¢) = MR A I 23
o) = (U=E=) _ . .
According to Ref. [9] we can graphically examine the dy- TABLE |. Minimum values ofK’; (¢) in the stable region.
Pam;p stgblhty ofhy in Eq. (22) by introducing a potential n b b bonin K1 (dmin)
unction(y) such, 550 161.7 378.3 248 0.04
dy  9U(y) (24) 600 132.6 457.3 248 -0.09
dt dy . 650 114.7 525.5 248 -0.14

In case of Eq.22) the primitive function is given by . ) )
Eq. 25), Although there is no general rule, an appropriate choice

1 9 of the controlling paramete¢ can be facilitated by using

Uly) = _§K1(¢)y ' (25) as a guide thd{;(¢) plots obtained from Eg.23). Some

Let us insist thafl; = R — A represents the balance of examples considering densities close to critical density are
recruitment-abandonment near the critical region of steadyrepresented in Fig. 9. Table | includes theaxis cut-off
states. Figure 8 shows that in the stable region, the foragingoints¢_ and¢.,, in addition to the minimum values of the
population tends to visitl and B with the same number of ¢ parameter. A reasonable choice could be the parameter
individuals. o(n) = dmin at different colony density sizes.

Convergent solutions of Eq./22), with finite values of In the following, we consider an extension of the parame-
y in steady-state, are obtained by imposing the conditiorier analysis according to Ref. [9]. In this reference, the author
K, < 0, which means thap is in the intervall¢_, ¢, ] (see  considers) = 2.7 as a reasonable choice of the control pa-
Fig. 7). rameter, since this value is close to the critical pgint= 2.
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This means, On the other hand, located on the lifén Fig. 10, it is
¢ 2 be- (26)  true that
, . n-s_ [s 32)
The selection has two conditions: @)s greater thawp.,, b= 2 T\F (

and b)¢ is close tog.. Here we present a particular case for
selecting the parametér = ¢(n) and therefore of the co-
efficient evaluationk’; in Eq. 23). In this way, we have a
consistent model using Eqs23) and 23). Only the colony 6= s, _ [s
size, recruitment, and abandonment parameters are needed g™ P = \/;_ 5
for the symmetry model to be well defined. ] .
We first evaluate the critical value of the control parame- ~ Subsequently, we evaluate.(n) at the density given

We check the conditions imposed on the control parame-
ter for its critical value, that is, it satisfies,

(33)

ter of the model above, in Eq.[30), n = n. + 2s which according to Eql21)
be = B(nc). 27) results in
~ Forthis, we substitute the critical density in EBI that b1 (n) = \/? n /25\/? b2, (34)
is, &) B
Ne — § from which we obtain directly, from Eqs32) and B4), the
2 relation,

e

= é(n) = 28
(/5 ¢(n ) (nc _ 5) + (nc + 3)2 4 ( ) ¢ - ¢i = i\/%\/gi~ (35)

2 With these results in hand, we can evaluate the coefficient
Using the relatiom,, — 2@75 of the critical density K, of Eq. 23) in terms of the recruitment-abandon parame-

in Eq. (28), the critical control parameter can be expressed ifers.i.e.
s 2 S 2
\/25\/;“ \/25\/;‘“‘

terms of the recruitment-abandonment parameters,

/s K, =— (36)
G =,]/—= —s. 29 1 5
3 (29) s+ \/%
Figure 10 shows the poirt.., ¢.) and the point marked Simplifying this expression and combining the result with
as(n, ¢) that we have chosen to construct a specific exampl€q. (22), we conclude that
following the steps in the previous discussion. We start with d
the proposal in Eq.30), diz{ = K1y, (37)
n = n. + 2s. (30) being
Substituting the critical density. in Eq. 30), we obtai (2y/5+9)s
ubstituting the critical density, in Eq. 30), we obtain Ky =— _ (38)
F+s
2./ 45 (31)
" I} ' If we recall thats = 10 and = 0.00015 represent the
system’s parameters, the coefficidit in Eq. (38) can be
1400 , ‘ , , ‘ , directly substituted in Eq/3[7) to complete the description

of the deterministic component of the model. By presenting
this specific example, we show a step-by-step methodology
for determining the "deterministic” component of the forag-
ing task. Eq.22) and 23) constitute a frame upon which the
effect of internal or external random noise can act to produce
a preferential choice between the two optichand B. This
occurs when the ant colony establishes a steady-state equi-
librium of recruitment-abandonment balance when forming
pheromone trails during foraging.

1200 |

1000 |

800

¢ (n)

600 -

400
(ne, ®c)
200

4. Symmetry breaking

0
0 200 400600 800 1000 1200 4400 According to Eg. 22), and after imposing the condition
K; < 0, the symmetry function defined as the difference
FIGURE 10. Selection of the model’s control parameter. in the number of foragers between sourgeand B, i.e., the
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state variabley = y(t), tends exponentially to zero at long For long timest > K[!, the steady-state condition of
times by considering only the deterministic component of thethis parameter is obtained,

model. In this case, optiond and B present the same num-

ber of individuals. To break this symmetry, we propose to <y2(t)> _ & (47)
add to the balance equation E®2) an intrinsic noise term K

of the system associated with the population of successful _ _ _
explorersj.e. The fluctuations associated with the symmaejty) are

calculated by using the usual definition,
dy

ar ~ HHRoED: ) (W) = PO) - W) @
where
Ks = a(n — ¢). (40) Substituting Eqs44) and @7) in Eq. 48), we have

The factor K5, results after the subtraction of Eq®) ( 9 Ky 2Kyt
and [7) including the approximation in Eqd8). Hence, <(6y(t)) >: E(l — ¢ ): (49)
Eq. 39) complemented by Eq40) has the general form of
the balance equation E@)( The random feature of indepen- ~ Finally, we see that the fractional fluctuations satisfy the
dent searches is represented by the faéfoft), with time-  relation,
dependent white noise values associated with the randomness <((5y(t))2> 3
of the foraging due to successful explorers. F,. = <2> =1 (50)

At this point, we assume that Ec39) corresponds to a {y?(1)

Langevin equation for the foraging symmetry with Gaussian

white noise and uncorrelated perturbaticie, In this case,F;, = 1 means that the fluctuations gener-

ated by the intrinsic noise concern the current value of the
-0 (41) symmetry that leads to uncertainty. The mean square sym-

metry value has statistical significance only whén < 1;
(OF()OF(t)) = d(t —t'), (42)  however, wherF, = 1, the fluctuations are not smoothed out

) ) (they maintain their appearance of random spikes) even when
where () represents the average over short time intervalgpe averagéy?(t)) increases [13].

[12]. We consider the above equations as a starting point
for a first analysis of the symmetry breaking in the numberg
of foragers during the choice of sourcér B. In fact, the

solution to the Langevin equation ERS) is Ky
P(¢) = w

(OF (1))

)

It is noteworthy that in the majority of the previous re-
ults, the quotient in Eq5Q) appears frequently,

(51)

t
y(t) = y(0)e™** + Ky / SF(¢)e=ar',  (43) o _ . N
0 This quotient contains the foraging parameters, including
the rate of successful explorers and the colony size. It also

from here it follows, L
explicitly depends on the control parameter of the madas

(y(t)) = y(o)eKlt. (44) a rational homographic functione.,
The first term in the expression fat(t) represents the d(¢) = a(n —¢)(s +¢) . (52)
free response of the colony to allocate the same number of (0 —9-)(9—94)

forages in identical source$ and B. The second term con- ) ) )
firms that the exploration process has the characteristics of e find that this parameter can be considered an order
a random disturbance (intrinsic random noise), which is tharameter that relates the dual effect processes of no-trail for-

origin of foraging symmetry-breaking. aging (successful exploration) to trail foraging (recruitment-
Furthermore, the symmetry correlation function eva|u_aband0nment) in an order-disorder balance. In this sense,
ated thorough Eq/4@), is given by Eq. 45) ®(¢) represents the mechanism of the underlying effects of

the collective task, since it measures the balance between the
, Ko gy deterministic and random components of the collective for-
(w(®)y(t) = K el (45) aging task (see Fig. 11).

Figure 11 shows the parametk(¢) as a function of the
control parameter of the modelat a fixed colony size. The
maximum of the rational homographic function, on the neg-
ative branch of the graph, moves upwards from critical den-
sity; at the same time, the poings. and ¢, move further

K 2 K
(y*(1)) = y?(0)e* " + E(l —¢*'). (48)  apartas the colony size increases.

The symmetry is exponentially autocorrelated in time
With Trelax = Kl_l, the characteristic relaxation time. The
mean square symmetry turns out to be

Rev. Mex. Fis72011701
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FIGURE 11. Order parameter of the order-disorder balance for a
fixed colony size of 600 individuals.
FIGURE 13. Symmetry-breaking behavior by preferential visits to
1400 : : : : : : an option.

1200

TaBLE Il. Simulation model parameters taken from literature.
1000

Parameter Value Description
3 8ot . o 0.0052 Exploration rate (mint)
600 | 1 J¢] 0.00015 Recruitment rate (min)
s 10 Max abandonment rate (nmih)
L n [100, 1200] Ant's colony size interval

Xp=x. 4 (N Xo)

200

| hereF,, is a random variable generated from a normal distri-
05 200 400 6w 800 1000 3 1200 1400 butlon,N(Q, 1)_ with mean zero and standard deviation equal

n to one, which is taken randomly at each stepf the simula-
tion withm =1,2,3, ...

In the following, we apply the algorithm in Eq58) to
analyze symmetry breaking in the context of consensus col-
lective decision-making in a pheromone-guided foraging ant
colony [1,2,4]. Table Il shows the parameters used in the sim-

Based on the deterministic component of the model, we caHI,at'on' The \{a[ges fo'; andk; are evaluateq n agreement
with their definitions, Eqs.21), (23), and @0) in the previ-

consider the noise effects during the foraging activity of an . X : : )
ant colony. At this point, we clarify how noise allows the ous section. Each of the simulations obtained is presented

system to transition between steady-states. Figure 12 repnglow’ which requires an appropriate choice for the control

sents the successful explorers present at any densltylim parameter of the model and the colony size.

the presence of intrinsic noise in the system, this population AS afirstalgorithm application, Ec58), we consider the
is attracted to recruit to one of the tracking pathdefined behavior of preference visits between two identical optidns

by z_ or z. in a region where: > n,. The region3 corre- and B as shown in Fig. 13. Figure 14 presents the results of
sponds to the simple explorers who abandon the task; thedgProducing the expected behavior of episodic visits consid-
individuals must be distinguished from the successful explor€/ing wo foraging options. To simulate this behavior, we
ers on linel. have considered specific values for the model parameters, we
To describe noise-induced spontaneous symmetry breakSe&1 = 0.1, Kz = 6,n = 600, andr = 0.1. The perturba-
ing in more detail, we will numerically solve Eq39). The tions generated during the collective task produce alternating
discretized form of the Langevin equation is obtained by conViSits between food sourcesand B within the deterministic
verting this equation into its corresponding discrete differ-Steady-state frame (see Fig. 12). _
ence form. The result is the expression known as the Euler- Subsequently, after performing repeated experiments, we

FIGURE 12. Intrinsic noise effects.

5. Euler-Maruyama analysis

Maruyama algorithm [14], generated a series of histograms that captured the effects of
increasing noise intensitiK, in Eq. (53), considering two
Ym+1 = (L = K1T)ym + / KomFpp, (53)  situations: at densities below and above the critical density.
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bars are not observed. The values used in the simulation are
16 1 n =400, K; = 0.3, andK, = 1,2, 3, 6.
12 1 In a second casep > n., setting 600 individuals,
8 1 pheromone trails have already been established, and the for-
4t ] aging by recruitment-abandonment dominates the collective
0 LA T . T — R e behavior. Figure 17 shows histograms for many runs of the
g 4 algorithm, in Eq.63), as the noise intensity increases. The
Bl central bard = B starts at a lower height than the side hars
a2l | or B. The symmetry is broken from the beginning of the sim-
gL ulation, with alternating visits between optiodsand B. As
5 the noise intensity increases, the central bar decreases even
) further while the side bars tend towards> B. In this case,
s changes in the height of or B are better perceived, show-

0 100 200 300 400 500 600 700 800 ing a preference for one option; some indecision bars are also
! presented. The values used in the simulationrare 600,
FIGURE 14. Episodic random visiting behavior at two identical K1 = 0.1, andK, = 1,2, 3,6.
optionsA andB. In some applications of collective behavior, it has been
suggested that sloping at the midpoint of the cumulative dis-
tribution function, represented as a line superposed to the
Logete = ‘ ‘ ‘ ' A+ histograms in Figs. 16 and 17, measure the stability of the

: colony’s collective decision-making towards either optién
or B [15,16]. In Fig. 16, where the condition < n.. is sat-
isfied, the slope of the midpoint of the cumulative distribu-
tion decreases with increasing noise intensity, showing that
the choice from the options is weakly stable. However, in
Fig. 17, under the condition > n., the slope of the mid-
point of the cumulative distribution increases with increasing
noise intensity, indicating a tendency towards a stable con-
sensus choice by the colony on one of the optidre B.

In summary, we have shown that even when the colony
faces two identical options4d and B, intrinsic noise gener-
ated by successful foragers breaks the symmetry in the choice
of options during the collective task. A series of simulation
runs indicates evidence of consensus on collective decision-
FIGURE 15. Possible random curves generated by successive runs
of the simulation algorithm.

30

s(t)

Figure 15 shows the possible results of applying the ol
Euler-Maruyama algorithm. By convention, if the colony si- ¢ lg
multaneously visits both exploitation options, we denote it as ©
A = B. If it prefers one option, onlA or B is indicated.
These runs coincide with the logistic curve from analytically

0z} 02t

solving Eq. 89) after makingdF(t) = 1. The indecision SR e F B
random curves have intermediate values that fall outside the 2) K.=1 b) K.=2

range of the logistic curves; these runs are denoted-as ‘ :

A+, B—, B+. ul

Inthe first casen < n., with 400 individuals, pheromone . ”
trails have not yet formed, and the foraging by successful 1 a
explorers dominates the collective behavior. The effect of .. § -
noise breaking the symmetry induces moving frdm= B o) ' 1w
to A > BorA < B. Figure 16 shows the histograms re- .| . = = 0 0 L0 0 L
sulting from experiments with different noise intensities. As i
the value ofK, increases, the central bar= B decreases, © K;=3 d) o
while the side bars increase separately. The symmetry is brasgure 16. Noise affects the symmetry-breaking behavior of the
ken, since the tendency > B or A < B increases as the forager's number in each optiohand B without pheromone trails.
two options are visited alternately. In this case, indecision

Rev. Mex. Fis72011701
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A=B
Symmelry breaking

K,=2

B

A AsB

Symmetry breaking

K,=6

d

FIGURE 17. Noise affects the symmetry-breaking behavior of the
forager's number in each optioh and B with pheromone trails.

K,=3

making to visit optionsA or B, at densities above the critical
density.

6. Conclusions

11

and a random part, that considers intrinsic noise associated
with successful foragers that perform foraging tasks indepen-
dently of the pheromone trails.

Analysis of the deterministic part of the model, in the ab-
sence of perturbations, leads to a bifurcation diagram of the
steady-state solutions. The competition to visit one of the
two options arises at the bifurcation point at the critical den-
sity. The deterministic component is a framework for the ran-
dom component to generate transitions between the different
steady-states. Successful exploration generates perturbations
that act as intrinsic noise derived from variations within the
system. A fundamental property of self-organized collective
decision-making is the symmetry breaking during task devel-
opment. The state variable for symmetry breaking satisfies
a Langevin equation. Analysis of this equation leads to an
order parameter that represents the mechanism of the effects
underlying the collective task by balancing the participation
of the deterministic and random components of the system.

We solved the Langevin equation numerically and ver-
ified that the colony makes random episodic visits to both
options. In the region of densities lower than the critical den-
sity, the colony allocates the same number of forages to each
option. As noise intensity increases, the symmetry is broken,
generating alternating random visits of low stability between

Many ant colonies exhibit several self-organization behaviorghe two options. In the region of densities above the criti-

when performing the collective foraging task. Foraging in

cal density, the colony breaks the symmetry with alternating

multiple food sources leads to various flexible behaviors thavisits between the two options. This tendency is increased
adapt to environmental conditions. In this paper, we consideby increasing noise intensity, since the stability of the deci-
a system of nonlinear differential equations to describe thaion improves. We found that the symmetry-breaking pro-

collective foraging task of an ant colony visiting two identi-

cess, which statistically tends toward the preferential choice

cal food sources in a static environment. The model consistsf one of the options, instead of exploiting both sources si-
of a deterministic part, a recruitment-abandonment balanceultaneously, can be generated by the effects of the intrinsic
during the formation and maintenance of pheromone trailsnoise of the colony.
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