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abstract: The survival of an animal depends on its success as a
forager, and understanding the adaptations that result in successful
foraging strategies is an enduring endeavour of behavioral ecology.
Random walks are one of the primary mathematical descriptions of
foraging behavior. Power law distributions are often used to model
random walks, as they can characterize a wide range of behaviors,
including Lévy walks. Empirical evidence indicates the prevalence
and efficiency of Lévy walks as a foraging strategy, and theoretical
work suggests an evolutionary origin. However, previous evolution-
ary models have assumed a priori that move lengths are drawn from
a power law or other families of distributions. Here, we remove this
restriction with a model that allows for the evolution of any distri-
bution. Instead of Lévy walks, our model unfailingly results in the
evolution of intermittent search, a random walk composed of two
disjoint modes—frequent localized walks and infrequent extensive
moves—that consistently outcompeted Lévy walks. We also dem-
onstrate that foraging using intermittent search may resemble a
Lévy walk because of interactions with the resources within an en-
vironment. These extrinsically generated Lévy-like walks belie an
underlying behavior and may explain the prevalence of Lévy walks
reported in the literature.

Keywords: evolutionary algorithm, optimal foraging, Lévy flight, in-
termittent search, random walks, search efficiency.

Introduction

An important component of an individual animal’s fit-
ness depends on the net energy gained through foraging,
and the differential fitness of individual animals can de-
pend on the variation among their foraging strategies;
more efficient strategies result in more net energy gained,
thereby increasing the probability of survival (Werner and
Hall 1974; Krebs et al. 1977; Meire and Ervynck 1986).
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Thus, natural selection could favor those strategies that
maximize net energy most efficiently. Random walks are
often used to model different strategies of animal move-
ment, with move lengths that vary according to an under-
lying probability distribution. Lévy flight, a type of random
walk with move lengths distributed according to the power
law P(l) ∼ l2u, where 1 ! u ! 3, characterized by a mixture
of frequent short steps and infrequent longer steps, has
been argued to be a particularly efficient searching strat-
egy (Viswanathan et al. 1999; Wosniack et al. 2017; Cam-
peau et al. 2022) and is a searching behavior that has been
observed among many organisms across multiple taxa
(Sims et al. 2008, 2014, 2019; Humphries et al. 2010, 2012;
Harris et al. 2012; Raichlen et al. 2014; Ariel et al. 2015;
Kölzsch et al. 2015; Lihoreau et al. 2016; Reynolds et al.
2018; Reijers et al. 2019; Shirakawa et al. 2019). Specifically,
the Lévy flight foraging hypothesis states that if the searcher
has no memory and resources are scarce, revisitable, and in-
formation on their distribution is unknown to the forager,
then a Lévy flight with exponent u≃ 2 is an optimal or
near-optimal searching strategy (Viswanathan et al. 2008).

The efficiency and adaptive potential of Lévy flight for-
aging has been substantiated by both empirical (Sims
et al. 2008, 2019; Humphries et al. 2010, 2012; Lihoreau
et al. 2016) and theoretical (Wosniack et al. 2017; Dan-
nemann et al. 2018; Guinard and Korman 2021; Levernier
et al. 2021; Campeau et al. 2022) evidence; thus, selection
could favor Lévy-like behavior. However, there is an on-
going debate over the relative importance of Lévy-like
behavior as a result of selection (the adaptationist or in-
trinsic hypothesis) or as an emergent property due to the
features of the environment (the emergentist or extrinsic
hypothesis). For example, spider monkeys (Ateles geof-
froyi) exhibit emergent Lévy-like behavior in response to
naturally occurring Lévy-like tree size distributions, uti-
lizing mental maps (i.e., memory and perception) when
hicago. All rights reserved. Published by The University of Chicago Press for
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determining which fruiting trees to visit (Boyer et al. 2006).
In contrast, free-moving Drosophila larvae whose sensory
neurons, supraesophageal ganglion, and brain synaptic ac-
tivity were blocked exhibited intrinsically generated Lévy-
like behavior (Sims et al. 2019). There is also evidence that
some Lévy walks may simply be the by-product of crawling
(such as the larvae from Sims et al. 2019) and are in fact
Weierstrassian Lévy walks or stick-slip locomotion (Rey-
nolds 2018, 2021). Whereas there is support for both the
extrinsic and the intrinsic hypotheses and even mathemat-
ical proof for the optimality of Lévy walks (e.g., Guinard
and Korman 2021), the intrinsic hypothesis suggests that
natural selection favors Lévy-like behavior and poses the
additional challenge of requiring evidence of ecological
contexts driving its evolution through selection.

There are three notable lines of theoretical evidence
that support an evolutionary origin for Lévy flight forag-
ing. Wosniack et al. (2017) demonstrated that among
the random walks governed by the power law exponents
of 1 ≤ u ≤ 3, ranging from ballistic (u p 1) to Lévy
(u p 2) to Brownian motion (u p 3), a Lévy searching
pattern was the most efficient over multiple distinct en-
vironments. Dannemann et al. (2018), using the same
range of searching patterns, provided evidence that Lévy-
like behavior can maximize the population abundance
and minimize the extinctions of a predator-prey system.
The combination of Wosniack’s and Dannemann’s re-
search clearly evidence the advantages of Lévy-like behav-
ior but not evolution through response to selection. One
of the first models to demonstrate a response to selection
used an evolutionary algorithm where the power law ex-
ponent u was modeled as a variable and heritable trait
(Campeau et al. 2022). The results of the model corrob-
orated both the advantages of Lévy-like behavior over
different environments and its long-term stability while
including both ecological and evolutionary contexts. Al-
though evidence thus far supports the Lévy flight forag-
ing hypothesis, its interpretation is limited by a common
constraint; the a priori assumption that the searching
patterns are governed by a power law. Greater insight
into the evolution of foraging patterns requires a model
that is free of such restrictions on the type of distribution
on which natural selection acts. The de novo emergence
of Lévy-like distributions would provide a more compel-
ling case of an evolutionary origin.

Here, we use an evolutionary algorithm that includes
several important evolutionary ecological contexts from
previous models but dispenses with the a priori assump-
tion of search patterns governed by a power law. In fact,
our model makes no assumptions about any family of
distributions. Furthermore, our model is meant to be ru-
dimentary in that it isolates the effect of adaptations due
to resource encounters and does not consider interesting
extensions, such as mate and predator interactions or a
limit to home range. Our model allows for the de novo
evolution of search patterns with three possible interest-
ing outcomes: (1) search patterns that approximate the
resource distributions of the environment, (2) search pat-
terns that approximate a Lévy-like distribution regard-
less of the resource distribution, and (3) novel search pat-
terns that outcompete at least a Lévy walk. We encode a
finite-size list of move lengths as a “pseudo-genome,”
where novel genomes are the result of recombination
and a round of mutation. The shape of a genome’s dis-
tribution of move lengths is therefore limited primarily
by the size of the genome, thus allowing for a large so-
lution space and providing firm theoretical grounds for
not only testing the Lévy flight foraging hypothesis but the
discovery of any optimal search pattern.
Material and Methods

We use an evolutionary algorithm to evolve optimal search
patterns that may then be compared with existing hy-
potheses, such as the Lévy flight foraging hypothesis. From
previous theoretical and mathematical models (Wosniack
et al. 2017; Dannemann et al. 2018; Campeau et al. 2022)
we include the ecological contexts of population size, life
span, and a proxy for iteroparity (multiple matings over
a lifetime), and we vary the environment using different
Lévy dust (LD) distributions. We build on the previous
evolutionary models by shifting variation from the level
of a distribution parameter (the a priori assumption of
selection acting on power law exponents; e.g., Wosniack
et al. 2017; Campeau et al. 2022) to selection acting on
the individual move lengths within a distribution to ask
what distribution will result from selection. Evolutionary
change in search patterns is driven by (1) the proportion
of genetic material in subsequent generations determined
by parent individuals’ relative fitness, (2) a round of re-
combination, and (3) a round of mutation. Once a simu-
lation has reached a point of equilibrium, we include an
additional set of simulations to assay the fitness of the de-
rived distributions under competition with ancestral and
Lévy distributions, and we attempt to parameterize the de-
rived distributions. We also discuss several modifications
we have implemented to control for possible biases due
to movement occurring on a lattice in the supplemental
PDF.
Environments

A single environment is simulated as an n#n matrix, or
lattice E, with resource entries ei,j and with periodic bound-
ary conditions (i.e., the matrix is mapped onto a torus). Each
environment is populated with a sequence of revisitable
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resources according to a LD distribution, a fractal distribu-
tion of resources. The first resource in the sequence is
placed at random, with each subsequent resource placed
at a distance of l away from the previous resource, where
l is randomly selected from the probability mass function
(pmf):

P(l) p
0 if l ! 1 or l 1 n=2,
l2u if 1 ≤ l ≤ n=2:

�
ð1Þ

We chose n=2 as the point of truncation because n=2 is the
maximum distance between any two points to travel in
cardinal directions on a lattice with periodic boundary
conditions. The direction of each resource placement in
the sequence is selected at random from the set of all loca-
tions exactly l distance away. When a resource is placed,
the value at the resultant location ei,j is incremented by
1. This process continues until the environment is popu-
lated with a sequence of n2 ⋅ 1023 resources, rounded down
to the nearest integer. We chose random exponents 1 ≤
u ≤ 3 as well as discrete values u p 1, 2, and 3 for our en-
vironments, as they represent the distinct distributions
produced from ballistic, Lévy, and Brownian movement,
respectively (fig. 1).

To increase the environmental variation individuals
encounter and to approximate larger environments, we
also utilized a type of procedural generation. A library
of environments is produced for each generation of indi-
viduals, where each environment has the same amount of
resources. Our simulations included libraries where the
LD exponent is (1) fixed at u p 1, 2, or 3; (2) randomly
varied between generations; or (3) randomly varied within
each generation. An initial environment is selected at ran-
dom for each individual. Then, on crossing the border of
an environment, instead of appearing on the opposite side
by periodic boundary conditions, a new environment is se-
lected at random from the library and appended to the
Figure 1: Examples of Lévy dust environments. A–C, E997#997 with n2 ⋅ 1021 (rounded down to the nearest integer) Lévy dust distributed
resources with u p 1, 2, and 3, respectively. D–F, Histograms of the distributions used to produce A–C. We used 100-fold more resources
than in our simulations to better illustrate the spatial nature of each exponent and log transformed the distributions to elucidate differences
in shape; longer move lengths decrease in frequency with increasing u. Note that the y-axes of D–F are normalized frequencies.
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border. See the supplemental PDF for more details on the
procedurally generated environments.
Evolutionary Algorithm

An evolutionary algorithm is a population-based meta-
heuristic that borrows evolutionary mechanisms to ap-
proximate the solution to an optimization problem (Bäck
and Schwefel 1993; Sloss and Gustafson 2020). An indi-
vidual is a candidate solution to the optimization prob-
lem, and the quality of that solution is determined by a
fitness function. The following sections will describe our
definition of an individual (or candidate solution), the
encoding of our evolutionary mechanisms (selection, re-
production, recombination, and mutation), and an out-
line of the main simulations and subsequent simulations
of competition.
Definition of an Individual

An individual was encoded as the following list:

[G, pi, pj, y,ay, l, (I, J),D],

where G contains the move lengths available to the indi-
vidual, pi and pj store the position of the individual within
an environment, y records the number of encountered
resources, ay is the sum of y over time, l is the life span,
(I, J) stores the position of the current environment within
a lattice of procedurally generated environments, and D is
a growing dictionary that maps each (I, J) to an environ-
ment stored in the library of environments.

The term G is the pseudo-genome, a finite and unor-
dered list of integer move lengths that can be initialized
with any user-defined values. We propose two initial dis-
tributions that are interesting from an evolutionary per-
spective: random samples from a uniform distribution
and an all-ones distribution (equivalent to Brownian
motion). All move lengths are equally probable under a
uniform distribution; thus, the amount of variation for se-
lection to act on is maximized. Whereas the all-ones dis-
tribution is initially biased toward smaller move lengths
and has an initial variance of zero, moving the minimal
possible distance is perhaps the simplest initial searching
behavior, barring no movement whatsoever. An individ-
ual’s initial position (pi, pj) is random and is updated after
every move. Individuals use a truncated random walk;
each move is randomly selected from G, and movement
occurs until either a resource is located or the full length
of the move has been traveled. Movement occurs on a lat-
tice, and the direction of each move length l is determined
by randomly selecting an end point from the border of all
locations exactly l distance away. An individual will move
to the end point by taking random selections without re-
placement from a list of vertical and horizontal incre-
ments, continuing until the list is empty. See the supple-
mental PDF for additional details on the turning algorithm.

The range of perception of an individual is limited to its
current cell, or location (i, j). In other words, the “resolu-
tion” of the simulation matches the perceptual capabili-
ties of an individual and was chosen to intentionally min-
imize its information on the distribution of resources.
When an individual encounters a resource at a location
(i, j), y is incremented by ei,j (a growing sum), whereas
ay is incremented by y after every entrywise move, re-
gardless of resource encounter. Thus, y measures the total
number of resources found, and ay is used to measure the
average number of resources found over the life span of
an individual. The life span of an individual l is the total
distance (or total time) available until that individual is
removed from the simulation. We normalized life spans
by the size of the environment according to ς ⋅ n2; that
is, each individual can theoretically visit every location
of a single environment ς times (by default, ς p 20). To
track an individual’s location within its procedurally gen-
erated environments, (I, J) is the index of its current en-
vironment, which is updated when crossing a boundary
of its current environment and is stored as a key in a
growing dictionary D. Each key stored in the dictionary
maps to an environment in the library of environments
and preserves the relative locations of the procedurally
generated environment for that individual. See the sup-
plemental PDF for more details on the procedural gener-
ation of environments.
Selection or Fitness Function

Once all individuals have exhausted their life spans, their
resultant average number of resources found over their
life spans (ay) are consigned to the fitness function. There
is also the option to use the total number of resources lo-
cated (y) as a measure of fitness, but we used ay for two
reasons. The first is that y and ay are strongly correlated;
thus, fitness differences are minimal (Campeau et al.
2022). The second is that the average energy over a life
span ay would be markedly different for an individual
that locates all of its resources at the beginning of its life
span rather than at the end, but this would be indistin-
guishable using y, the energy at the end of a life span.
Thus, y resembles semelparity because of a lifetime of en-
ergy invested into reproduction only at the end of a life
span, whereas ay resembles a proxy for iteroparity be-
cause it considers the average amount of energy available
over a life span and could be interpreted as the energy
available for multiple rounds of reproduction. Organisms
also more frequently evolve iteroparous reproduction
strategies (Hughes 2017), and many semelparous strategies
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approximate iteroparity over shorter timescales (Hughes
and Simons 2014); thus, ay is arguably the more appropri-
ate choice.

The fitness function uses the ay values to determine
the number of gametes that each parent will contribute
to form the subsequent generation according to

qi p ⌈ K ⋅ ayiPw
jp0ayj

⌉, ð2Þ

where for each parent, each half increment of qi repre-
sents one gamete, and the total number of gametes is
based on the ratio of the carrying capacity (K ) and their
individual fitness relative to the sum of all surviving in-
dividuals (rounded up to the nearest integer). We index
parents until w, instead of K, because an individual does
not “survive” if its ay ≤ 0; thus, w is the number of sur-
viving individuals. Each parent is assigned a value of qi,
in descending order of ay, until there are enough gametes
to generate the next generation (i.e.,

P
qi p K). There-

fore, although an individual may have the potential to
have qi 1 0, there remains the possibility that its genetic
information is not included in the reproductive pool.
The resultant output is a list of pairs (Gi,qi) ∈ Q, which
is used to generate the next generation of individuals.
Reproduction through Recombination and Mutation

Mating is random, syngamous, and without incompatible
mating types. Two parent pairs, (Gi,qi) and (Gj,qj), are
randomly selected from Q, and on selection each parental
genome (Gi and Gj) is first randomly rearranged (i.e., no
linkage). One-half of each parental genome is then
assigned at random as its gametic contribution to the sin-
gle offspring, Gk (fig. 2). Accordingly, qi and qj are then
decremented by one-half. Whereas we recognize the dif-
ferential energetic burdens of reproduction and its evolu-
tionary importance, we believe its inclusion would add
unnecessary complexity in the scope of this article.

The resultant offspring genome then undergoes a
round of mutation. First, a fixed number of move lengths
are randomly selected for mutation. Each move length is
then modified by a random value m, from a scaled and
discretized unit normal distribution. We discretize by
rounding to comply with the integer requirement and
use a scalar, h, to vary the magnitude of mutation. We ex-
tend the same bound restrictions from equation (1), such
that a mutated move length cannot go below 1 and cannot
exceed n=2. Mutations resulting in move lengths below 1
or above n=2 will roll back into the space of 1 ≤ l ≤ n=2,
where the amount of rollback is the difference over the
bound. For example, if n=2 p 100, then l p 110 would
become l p 90 and l p 210 would become l p 11.
The value of h should be carefully selected as to not result
in mutations so large that the resultant move lengths
bounce over the bounds until reaching an equilibrium
(5h ! n=2 is a sufficient condition to avoid this behavior).
The process of reproduction, recombination, and muta-
tion continues until all qi p 0. In the case where there
is only one parent remaining, reproduction switches to
asexual, and the offspring genome is a mutated copy of
the parent genome.
Simulation Framework

The simulation is initialized by choosing an exponent(s)
for the distribution of resources, the maximum number of
generations, the mutation rate and magnitude, the size of
the environment and the library that contains them, and
the size of the population and their genomes. The library
of environments is generated first, with each environment
receiving n2 ⋅ 1023 resources, rounded down to the nearest
integer. Next, the starting population is generated, with a
specified initial distribution for G: all-ones or random uni-
form move lengths for this study. The individuals traverse
procedurally generated environments until all of their life
spans are exhausted. The population is then assessed by the
fitness function, and the offspring are generated by the re-
combination and mutation of random selections from any
two parents that were admitted to the reproductive pool.
This process continues until the number of offspring is
equal to the selected population size. The offspring become
the subsequent population, and the process is repeated un-
til either the mean population ay stabilizes or the total
number of generations is exhausted (104 by default).
Figure 2: Modeled assortment and syngamous offspring produc-
tion. Following selection (see text), one of two halves of each ran-
domly rearranged parental genomes (G, a finite, unordered list of
move lengths l) is assigned through independent assortment as
the gamete to form one of four possible offspring genomes (indicated
by the dashed, dotted, solid, and dashed-dotted lines). An offspring’s
genome is thus composed of a random sample of move lengths in-
herited equally from both selected parental genomes.
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All genomes are saved every gth generation (by default,
g p 1) as a “fossil record,” similar to the fossil record in
Lenski’s long-term evolution experiment (Wiser and Lenski
2015), allowing the simulation to be restarted at any point,
if necessary. These data also allow for competitive fitness
assays between our ancestral and derived foraging patterns
as well as assays of the derived foraging patterns competing
with Lévy foraging patterns, to determine quantitative dif-
ferences and provide qualitative insight. For the competi-
tion simulations, the initial population was composed of ei-
ther derived and ancestral individuals or derived and Lévy
individuals, in equal frequency. In these competition assays,
reproduction was strictly asexual; parents produced off-
spring with exact copies of their genomes. Last, the two
populations competed for a fraction of a carrying capacity,
and a simulation was stopped once an equilibrium was
reached (i.e., only one type remained).

Simulations and results were programmed using Python
3.10.6 and the numpy (Harris et al. 2020), scipy (Virtanen
et al. 2020), pandas (McKinney 2010), multiprocessing
(McKerns et al. 2012), and Matplotlib (Caswell et al. 2021)
libraries in addition to the Python standard library. Com-
putations were performed on the Graham, Cedar, Narval,
and Niagara supercomputers at the Digital Research Alli-
ance of Canada (Loken et al. 2010; Ponce et al. 2019).
Distribution Characterization

Our evolutionary algorithm constrains the evolution of
distributions to containing s move lengths (the total num-
ber of move lengths inG), where each move length cannot
exceed a value of n=2. This means that our algorithm can
result in a potential

n
2
1 s2 1

s

 !

unique distributions. For example, s p 100 and n=2 p
100 is approximately 4:5 ⋅ 1058 possibilities, and, albeit not
without many correlated distributions, it is difficult to an-
ticipate exactly what methods would be necessary to char-
acterize the derived distributions (i.e., there is no guaran-
tee whether distribution fitting will be informative). Based
on visual inspection of the derived distributions and their
behavior, we considered comparisons with an array of
candidate models of random walks (e.g., composite ran-
dom walks or power laws) and measured their scaling ex-
ponents by their mean-squared displacement (MSD).
Results

We ran simulations where populations of 100 individuals
would search for revisitable resources within a procedur-
ally generated environment. Their initial environment
was encoded as a matrix En#n, with dimension n p 997
(see the supplemental PDF for why n is prime). Each ma-
trix had resources distributed by either successive ballistic,
Lévy, or Brownian flights (fig. 1) or mixtures of resource
distributions with random LD exponents. Simulating evo-
lution over these distinct distributions enabled us to test
whether the derived distributions would converge to envi-
ronmental, Lévy-like, or novel distributions. Each individ-
ual was assigned a life span of l p 20 ⋅ n2 steps and an ini-
tial G composed of either 200 random uniform move
lengths 1 ≤ l ≤ n=2 or 200 ones. We ran simulations with
each initial G for the environments with discrete LD ex-
ponents and with only the random uniform G for environ-
ments with randomly varied LD exponents between and
within generations. We ran replications for only the ran-
dom uniform starting G, thus resulting in a total of 13 evo-
lutionary simulations. We set a fixed mutation rate such
that 12 out of 200 move lengths were always admitted for
mutation, with magnitude h p 2. Once the evolution of
G stabilized, we then competed the derived distributions
against ancestral distributions to test for adaptive evolution
and against Lévy distributions to determine quantitative
and qualitative differences, if any.
Distribution Evolution and Characterization

All simulations resulted in similar derived distributions,
regardless of their environment (fig. 3; videos S1, S2;
videos S1–S3 are available online). The random uniform
and all-ones starting conditions required approximately
400 and 5,000 generations to reach equilibration, respec-
tively. The derived distributions are bimodal with the pri-
mary mode clustered near 1 and a secondary mode clustered
on the n=2 point of truncation. The resultant behavior of
the bimodal distributions is an emergent two-phase walk
(fig. 4C–4E; video S3A). The primary phase is highly local-
ized and visually similar to a Brownian walk. The secondary
phase could be described as a ballistic or scaled Brownian
walk, where the most common move length was l ≈ n=2,
constituting ≈17% of 18 unique values, although the size
of the secondary modes (2.5 move lengths on average) were
too small for distribution fitting. From the noncontinuity
of the derived distributions and visual inspection, we pro-
posed two candidate composite random walks:

p(l) p pprimary((1 2 pgeometric)
l21pgeometric)

1 (1 2 pprimary)(n=2),
ð3Þ

p(l) p pprimary(l2u) 1 (1 2 pprimary)(n=2),

1 ≤ u ≤ 5, ð4Þ
(4)



Figure 3: Evolution of foraging behavior in response to Lévy dust u p 2:0 resources (fig. 1B). The labeled red points highlight changes in
the move-length distributions over generational time. A shows the change in mean fitness (AOL p average number of resources found over
a life span) starting from a uniform distribution. A-I, A-II, and A-III are frequency plots of the ancestral and derived distributions corre-
sponding with the labeled points in A, occurring at the 0th, 100th, and final generation. B shows the change in mean fitness starting from an
all-ones distribution. B-I, BI-I, and B-III are frequency plots of the ancestral and derived distributions corresponding with the labeled points
in B, occurring at the 0th, 2,000th, and final generation. The y-axis breaks in A-III, B-II, and B-III highlight the secondary mode of the
distributions.
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where pprimary is the probability of drawing a move length
from the primary mode, modeled by either a geometric
distribution (the discrete equivalent of an exponential
distribution) with pgeometric or a power law with 1 ≤ u ≤ 5,
and a 1 2 pprimary probability of drawing from the sec-
ondary mode, which is simply a move length of l p n=2.
To determine the suitability of each model, we first isolated
the primary modes from each of our 1,300 derived distri-
butions and compared their cumulative distribution func-
tions over an array of 103 power law exponents u from
[1:0, 5:0] and pgeometric from [0, 1] using k-sample Anderson-
Darling (AD) tests. The null hypothesis of the k-sample
AD test is that two (or more) samples are drawn from
the same distribution; a power law with u ≈ 1:9 resulted
in a failure to reject the null hypothesis for ≈1% of the
comparisons, whereas a geometric distribution with
pgeometric ≈ 0:33 resulted in a failure to reject the null hy-
pothesis for ≈58% of the comparisons. Randomly adding
either two or three move lengths of l p n=2 to the optimal
geometric distribution resulted in a failure to reject the
null for ≈60% of the comparisons with the complete de-
rived distributions. The behavior of the resultant model
was then visually compared with a distribution derived
from each environment (fig. 4; video S3A, S3B).

Next, we computed the scaling exponent of one of the
derived populations and included a Lévy walk (as defined
by the pmf in eq. [1]) for comparison. The scaling expo-
nent is obtained by measuring the displacement of multi-
ple individuals over increasing periods of time, taking the
mean of their squared displacements and observing how
those MSDs change over time (i.e., measuring the slope).
The scaling exponent can be used to compare and charac-
terize the exploratory behavior of different random walks
(Einstein 1905; Frenkel and Smit 2023). A simple Brownian
walk has a scaling exponent ofa p 1, indicating a walk that
displaces linearly in time, whereas the scaling exponents
for the Lévy walks and derived walks, computed using a
least squares Levenberg-Marquardt algorithm based on
the statistical regularity of the data and its use for similar
analysis (Zhou et al. 2018; Liu et al. 2021), were found to be
a p 1:97 (R2 p 0:999) and a p 1:997 (R2 p 0:999), re-
spectively (fig. S1; figs S1–S5 are available online). These
Figure 4: Geometric distribution–based model fitted to the derived distributions. A is the move-length probability distribution averaged
over all individuals. B contains the superimposed cumulative distribution function (CDF) of each individual in comparison to the best-
fit CDF obtained from equation (3) with pprimary p 0:9875 and pgeometric p 0:33. C–E show walks derived from Lévy dust environments with
u p 1, 2, and 3, respectively, whereas F shows a walk from the model of best fit.
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values indicate that individuals using either strategy will
explore the environment much faster than a Brownian
walk and that the derived walks will do so marginally faster
than Lévy walks but are otherwise difficult to distinguish
by their scaling exponents alone.

Last, we performed an exploratory analysis to exam-
ine the “realized” distributions of move lengths. We de-
fine a realized distribution as the result of the truncated
move lengths, rather than the lengths pulled from a dis-
tribution. For example, an individual might pull l p 498
from its distribution but encounter a resource after only
10 steps; thus, the realized length is the truncated length
of 10 steps. We collected the realized distributions from
each type of environment over a range of resource den-
sities (the tested n2 ⋅ 1023 and one fold up and down)
and a life span of l p n2 (the minimum to span the en-
tire environment) to determine how they might differ
from the derived distributions. The distributions of real-
ized move lengths were increasingly contiguous with
increasing resource density and decreasing resource
clumpiness (i.e., u ! 3; fig. 5). We also measured the de-
gree of contiguousness by sorting the realized distribu-
tions in increasing order and measuring the largest
gap (any difference greater than 1 between successive
move lengths). Whereas the largest gap of the derived
distributions tended toward (n=2) 2 1, the realized dis-
tributions were either contiguous or had gaps no larger
than size 4. Assuming a power law fit almost always
resulted in exponents falling in the Lévy-like range, with
1 ! u ! 3, often close to a “true” Lévy walk of u p 2:0
(fig. S2).
Competition Simulations

We computed a sum total of 324 competition simula-
tions between the derived distributions and either a Lévy
walk with u p 2:0 or root and midgeneration ancestors
from the simulated fossil records. Competition between
derived and Lévy occurred over environments LD p 1:0,
2.0, and 3.0 with either n2 ⋅ 1023 or n2 ⋅ 1024 resources,
with life spans of l p 20 ⋅ n2 or l p n2, starting with
populations of either 10 or 100 each (i.e., competing for
carrying capacities of either 20 or 200) and with the Lévy
walks having access to a G of size 200 or 2,000. Three
replicates were computed for each of these 48 possible
combinations, therefore totaling 144 simulations for a sin-
gle population of derived distributions. The derived pop-
ulations from our six evolutionary simulations were near
indistinguishable, so we replicated the competition simu-
lations using only two of the derived populations: individ-
uals evolved from all-ones distributions and LD u p 2:0
and random uniform distributions and LD u p 1:0, thus
totaling 288 simulations. We competed the derived distri-
butions against their root ancestor (i.e., the first genera-
tion) and a midgeneration distribution (100th for the ran-
dom uniform case and 2,000th for all-ones), under the
same conditions in which they evolved and with three rep-
licates each, totaling 36 simulations.

The derived populations won 100% of the 324 compe-
tition simulations. The median number of generations
required to displace the Lévy populations across all sim-
ulations was two. The largest sources of variance in gen-
erational time among the simulations were life span and
the derived population (fig. 6). Life spans of l p 20 ⋅ n2

required a median of two generations (min p 1, max p
3), whereas l p n2 took three generations (min p 1,
max p 11). Within the life span of l p 20 ⋅ n2, the ini-
tial all-ones distribution required a median of two gener-
ations (min p 1, max p 3), whereas the initial random
uniform distributions required one (min p 1, max p 2),
and within the life span of l p n2 the initial all-ones distri-
butions required a median of four generations (min p 1,
max p 11), whereas the initial random uniform distribu-
tions required three (min p 1, max p 6). We also include
a subset of simulations using very small life spans l p
0:1 ⋅ n2, available in the supplemental PDF. The overall
median number of generations required to displace the
ancestral populations was two (min p 1, max p 2). Al-
though the derived distributions were largely indistin-
guishable, the differences in generational time among the
two starting conditions to displace the Lévy populations
motivated an additional set of analyses and simulation to
explain those differences, and these results are available in
the supplemental PDF.

In a final, and additional, set of simulations we assayed
the success of the derived populations against Lévy pop-
ulations scaled with n. We scaled the environment up
and down by a factor of two (2n p 1,994 and n=2 p
498) and set life span l p 20 ⋅ n2, patch density 1023 ⋅ n2,
and a G of size 2,000 for the Lévy individuals, and over
each environment type, with three replications. We ad-
justed the derived distributions by simply scaling only
the secondary mode by the same factor of two. The scaled
derived distributions won 100% of these 18 additional sim-
ulations. The median number of generations required to
displace the Lévy distributions was two (min p 2, max p 2)
in the upscaled environments and three (min p 2, max p
3) in the downscaled environments.
Discussion

The Lévy flight foraging hypothesis, in its simplest form,
is the claim that because Lévy flight is an optimal or at
least adaptive searching strategy, then natural selection
should result in Lévy-like behavior. Empirical evidence
has indicated that many organisms exhibit Lévy-like
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behavior, but whether that behavior is intrinsic and the
result of natural selection, is extrinsic and an emergent
phenomenon due to interactions with the environment,
or a mixture of both is unclear. Lévy walks have been
evidenced as adaptive over various environments (Wos-
niack et al. 2017), a strategy that increases the stability of
Lotka-Volterra systems (Dannemann et al. 2018), and as
a response to selection regardless of the fractal dimension
of resources and under several evolutionary and ecologi-
cal contexts (Campeau et al. 2022). However, a common
Figure 5: Impact of resource density and distribution on the distribution of realized move lengths pulled from a fixed derived distribution
shown in figure 3A-III. Shown are realized distributions of move lengths over each tested environment—ballistic (u p 1:0), Lévy (u p 2:0),
and Brownian (u p 3:0) distributed resources—and with the tested density of 1023 ⋅ n2 resources in addition to a 10-fold factor above and
below. Each distribution was generated from the truncated moves of five walks, each with life span l p n2 steps. Note that move lengths are
on a logarithmic scale.
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limitation of these studies is the a priori assumption that
foragers adhere to search patterns governed by power laws.
Building on existing models, we removed this limitation
and constructed an evolutionary algorithm that allowed
for the de novo evolution of search patterns; we shifted
the resolution on which evolutionary mechanisms could
act on from the parameters of a distribution to the distri-
butions themselves. We proposed three possible interest-
ing outcomes: (1) the patterns approximate their environ-
ment, (2) the patterns converge to Lévy-like distributions,
or (3) the search patterns are novel and also outcompete at
least a Lévy walk. Our results unequivocally point to the
third outcome.

The search patterns of our derived populations, regard-
less of their initial conditions, all converged to a search
composed of two emergent phases, a long and highly lo-
calized phase and a shorter ballistic phase, where under
competition they outcompeted Lévy walks, including in
scaled environments. This search pattern is not new to
the literature and is commonly referred to as intermittent
search (Bénichou et al. 2005, 2011; Bénichou et al. 2006), a
composite random walk that is known to outcompete
Lévy-like behavior (Benhamou and Collet 2015) and char-
acterizes the behavior of some organisms (Reynolds and
Frye 2007). The advantage of intermittent search should
feel intuitive; when searching for food (e.g., mushrooms)
or something lost, humans will sometimes search a small
area intensively before eventually giving up and switching
to a new location (Pacheco-Cobos et al. 2019). The primary
mode of the derived distributions, composed of smaller
moves, provides the capability to search intensively and ex-
ploit clustered resources. The secondary mode, composed
of a few large moves, allows an individual to quickly ex-
plore the environment before eventually encountering an-
other resource. We also conjecture that limiting the size of
the larger moves may be unnecessary. For example, it may
be sufficient to simply continue walking until a resource is
located, which does not require a predetermined distance
but accomplishes the same result.

A similar search, area-restricted search (Kareiva and
Odell 1987; Dorfman et al. 2022), can be characterized by
an intermittent search as foragers switch between an in-
tense localized search and an exploratory global phase.
The primary difference between the two strategies is that
turning angles increase following resource encounters un-
der an area-restricted search—our evolved walks do not
Figure 6: Number of generations required for the derived populations to displace the Lévy populations from the competition simulations. A
is life spans l p n2, and B is life spans l p 20 ⋅ n2. LD p Lévy dust.
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react in response to resource encounters, they are simply
random draws from a single distribution. Evolutionary
algorithms and models of reinforcement learning have
previously been used to evidence the adaptive value of area-
restricted search, but these models either acted primarily
on the duration spent in the local search and the direction-
ality of the local and global phases (therefore presupposing
the option of intermittent search; Hills 2006; Scharf et al.
2009) or included an explicit capability to learn (López-
Incera et al. 2020). In contrast, our derived distributions
are the result of combinatorial optimization from random
processes in the absence of sensory or memory effects;
each distribution G is a multiset of size 200, with move
lengths belonging to a finite set of size 498 (the restriction
set by eq. [1]); thus, there were a possible 697!/(200!497!)
unique distributions, more than the sum of both the legal
and theoretical number of positions in the game Go (Tromp
2016; Walraet and Tromp 2016). Furthermore, we utilized
a form of procedurally generated environments, whose in-
creased environmental variation decreased the risk of ar-
tifacts that might incur from a single environment with
periodic boundary conditions. Thus, the consistent result
of intermittent search in all of our simulations is a strong
indication of the selective advantage of intermittent search
as an intrinsically generated behavior.

If intermittent search is intrinsically generated, then its
behavior may only ever be observed within a vacuum and
may be mistaken for Lévy-like behavior, since interactions
with the environment will inevitably affect the observed
searching behavior. For example, “brain-blocked” free-
moving Drosophila larvae exhibited movement similar
to a Lévy walk with an power law exponent of 1.96 (Sims
et al. 2019). By eliminating the larvae’s sensory informa-
tion of the environment, an alluring hypothesis is that
their movement was an intrinsically generated Lévy walk.
However, the larvae could collide with one another and
the edges of their arena, and the agar coating the arena
may have not been featureless. We demonstrated this pos-
sibility by allowing the derived individuals to search within
environments with various distributions and densities
of resources and collecting the “realized” move lengths
(fig. 5). Whereas the evolved distributions were bimodal
and disjoint, the observed distributions were contiguous,
heavy tailed, and under the assumption of a power law
exhibited exponents that fell within the range of Lévy-like
behavior, 1 ! u ! 3 (fig. S2). The MSD scaling exponent
of the derived behavior, a p 1:997, was nearly identical
to that of a Lévy walk, a p 1:97, and scaling exponents
have been reported in the literature as evidence to char-
acterize organisms as using a Lévy walk, with many 1:6 ≤
a ≤ 1:9 (Ramos-Fernandez et al. 2004; Miramontes et al.
2014; Ariel et al. 2015; Murakami et al. 2015), further
conflating the two behaviors. The scaling exponent of our
derived individuals is also a near exact match with the
results of the model from López-Incera et al. (2020), de-
spite our unique assumptions.

Although our results strongly indicate the adaptiveness
of intermittent search, we recognize that our model is
chasing after an optimal and potentially universal strategy
that may not exist. Selection acts on preexisting variation,
and intermittent search may be unattainable or costly to
evolve in real-life organisms, despite its advantages. Thus,
we do not necessarily expect intrinsically generated inter-
mittent search (or any other distribution generated by our
model) to be a universally available strategy. However,
with the appropriate ecological contexts and given the
evolutionary nature of the model’s heuristics, we believe
our model has the potential to reveal a class of biologically
relevant and intrinsically generated search patterns, one
that includes intermittent search.
Conclusion

We overcame the a priori constraint of searching behav-
ior governed by power laws and constructed a model that
allowed for the evolution of virtually any probability dis-
tribution. Whereas the Lévy flight foraging hypothesis
predicts the evolution of adaptations for Lévy-like behav-
ior, our model instead resulted in intermittent search, a
behavior that characterizes an area-restricted search. Our
results do not eliminate the possibility of intrinsically gen-
erated Lévy-like behavior, but they do evidence the opti-
mality of an intrinsically generated intermittent searching
behavior—a behavior that outcompeted Lévy walks in all
324 of our tested instances, most often requiring only
two generations. We also demonstrated that intermittent
search could be perceived as Lévy-like behavior due to in-
teractions with the environment, thus supporting aspects
of the extrinsic hypothesis. The results of our model could
be confirmed with experiments that minimize or eliminate
truncated movement due to interactions with the environ-
ment. Furthermore, if intermittent search is intrinsically
generated, then the Fourier analysis of neuronal activity
in, say, peristaltic-driven motion (e.g., pedal waves in lar-
vae, as described by Reynolds [2021]) might reveal two
primary oscillatory components: a low-frequency and
large-amplitude component and a high-frequency and low-
amplitude component that accounts for the majority of
the power spectrum. Our model, as presented here, is most
appropriate for exploring the evolution of intrinsically
generated behavior, specifically in the absence of informa-
tion on the environment. The model could be extended by
subjecting the distribution of turning angles to selection or
including aspects of memory (working memory, as op-
posed to a genetic memory) to explore more complex be-
haviors. For example, turning angles are not independent
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of resource encounters under area-restricted search (Dorf-
man et al. 2022), and selection could act on the correlation
of turning angles and resource encounters. The evolution-
ary mechanisms could include saltatory mutations (i.e.,
mutation probabilities other than normal) and consider-
ations for the relatedness of individuals to alter how the
algorithm explores the solution space. The model could
also include predator and mate encounters to determine
how combinations of encounters affect the evolution of in-
dividual walks. The environments could include spatio-
temporal fluctuations in resource density to assess how
food availability alters searching behavior. Last, our model
could include costs for cognitive or physiological adapta-
tions and explore how those costs might affect the evolu-
tion of intermittent search or whichever resultant evolved
walks. We hope the results presented here will encourage
further research on the potential evolutionary origins of an
intrinsic and intermittent search.
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