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Autonomous	Navigation

Autopilot Fully	Autonomous	Car



NASA'S	Mars	Curiosity	Debuts	
Autonomous	Navigation &	Autonomous	Targeting!

Autonomous	Navigation

Remote	control	from	earth	is	very	slow	



Autonomous	Swarms	are	much	faster

A	swarm	of	40	robots	could	travel	26	miles	in	1	day	
The	Opportunity Rover	travelled	26	miles	in	11	years

Swarms	provide	scalability,	robustness	&	flexibility



Autonomous	Resource	Collection
Living	off	the	land

NASA’s	Journey	to	Mars
will	send	robots	to	collect	
resources	needed	for	

astronauts	to	survive	on	the	
Martian	surface	



Autonomous	Resource	Collection
Living	off	the	land

Ice	on	the	moon Ephemeral	water on	Mars

Rocks	& Minerals
on	Mars



• Biologically	Inspired	Swarms	

• CPFA:	Evolving	a	Robust,	Flexible	&	Scalable	Foraging	
Algorithm	inspired	by	ants

• CPFA	extensions	and	the	(infinitely?)	scalable	MPFA

From	Biological	Inspiration	to	
Robust,	Flexible	&	Scalable	Foraging	Robot	Swarms



http://www.wired.com/2013/03/powers-of-swarms/

unimelb.edu.au/sciencecommunication/2014/09/06/birdphysics/

Swarms	in	Biology

Decentralized	Control

Collective	behaviors	emerge	
from	interactions
among	individuals

Efficient	for	spatially	
distributed	search

Robust,	Flexible	&	Scalable

T	cells	in	the	lung Ants	in	the	desert



T	cells	search	for	pathogens	in	
lymph	nodes,	lungs,	

reprod.	tract,	blood	vessels…

Immune	cell	“swarms”	demonstrate	Flexibility	Across	
Environments	and	Scalability	to	trillions	of	cells

Each	organ	is	a	different	
environment	with	different	

movement	and	communication

lymph	node



Flexibility	Across	Environments
Scalability	to	Millions	of	Ants

14,000	ant	species	in	diverse	habitats	across	earth’s	ecosystems

versifier.co.uk/archives/342http://tiobersumprof26.soup.io/post/458651979/tundra-animal-mutualism

photo	by	Alex	Wild

photo	by	Alex	Wild



[Flanagan	2011,	2013;	Letendre 2013]

Central	Place	Foraging	in	Desert	Ants



Remember	&	Return	to	seed	piles
Site	Fidelity

Communicate
Pheromones

Assess	seed	pile	density
Count	Targets	(assess	density)

Movement balances	search
thoroughness	vs extent	
Correlated	Random	Walk

Scalable,	Flexible,	Robust	Foraging	
from	a	simple	repertoire	of	behaviors



Foraging	success	depends	on	
Interactions	among	behaviors	&	environment

Lay	pheromone
Only	if	count	>	5	

Lay	pheromone	
Whenever	I	find	a	seed

Appropriate	communication	depends	
on	what	is	sensed	in	the	environment



START

END
When	searching	at	random,	
walk	straight	to	search	widely

Uninformed	
Walk

START

END

After	returning	via	site	fidelity	or	
following	a	pheromone	trail	
Turn	often	to	search	thoroughly

Informed	
Walk

Appropriate	movement	depends	on	what	
has	been	communicated	&	remembered

Foraging	success	depends	on	
interactions	among	behaviors	&	environment

Movement	balances	the	extensiveness	and	
thoroughness	of	search



• Biologically	Inspired	Swarms	

• CPFA:	Evolving	a	Robust,	Flexible	&	Scalable	Foraging	
Algorithm	inspired	by	ants

• CPFA	extensions	and	the	(infinitely?)	scalable	MPFA

From	Biological	Inspiration	to	
Robust,	Flexible	&	Scalable	Foraging	Robot	Swarms



ANTS% SIMULATIONS%

ROBOTS%

Observe	ants	
Design	simulations

Evolve,	test	&	analyze
efficient	search	strategies

Parameterize	robot	algorithms

Test	search	efficiency
hypothesize	improvements

“Go	to	the	ants	thou	sluggard,	consider	her	ways	and	be	wise.”
- Proverbs	6:6
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Set Search
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Travel to 
Search Site

Search with
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Walk

Search with
Informed

Walk

Site fidelity

Pheromones

Random site

Return to
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Sense Local
Resource Density

Give up
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Fig. 3 (a) State diagram describing the flow of behavior for individual robots during an experiment. (b) An
example of a single cycle through this search behavior. The robot begins its search at a central nest site (double
circle) and sets a search location. The robot then travels to the search site (solid line). Upon reaching the
search location, the robot searches for resources (dotted line) until a resource (square) is found and collected.
After sensing the local resource density, the robot returns to the nest (dashed line).

Table 1 Set of 7 CPFA parameters evolved by the GA

Parameter Description Initialization Function

ps Probability of switching to searching U(0,1)
pr Probability of returning to nest U(0,1)
ω Uninformed search variation U(0,4π)
λid Rate of informed search decay exp(5)
λs f Rate of site fidelity U(0,20)
λl p Rate of laying pheromone U(0,20)
λpd Rate of pheromone decay exp(10)

• Set search location: The robot starts at a central nest and selects a dispersal direction,
θ , initially from a uniform random distribution, U(0,2π). In subsequent trips, the robot
may set its search location using site fidelity or pheromone waypoints, as described
below.

• Travel to search site: The robot travels along the heading θ , continuing on this path
until it transitions to searching with probability ps.

• Search with uninformed walk: If the robot is not returning to a previously found re-
source location via site fidelity or pheromones, it begins searching using a correlated
random walk with fixed step size and direction θt at time t, defined by Equation 1:

θt =N (θt−1,σ ) (1)

The standard deviation σ determines how correlated the direction of the next step is
with the direction of the previous step. Robots initially search for resources using an
uninformed correlated random walk, where σ is assigned a fixed value in Equation 2:

σ ← ω (2)

If the robot discovers a resource, it will collect the resource by adding it to a list of
collected items, and transition to sensing the local resource density. Robots that have
not found a resource will give up searching and return to the nest with probability pr .

Central	Place	Foraging	Algorithm	(CPFA)

[Hecker	&	Moses	Swarm	Intelligence	2015]

7	parameters	govern	
• movement
• counting	
• communication
• memory



• Uninformed	robots	use	a	Correlated	Random	Walk:
• Informed	robots	use	a	less	correlated	CRW:
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Table 1 Set of 7 CPFA parameters evolved by the GA

Parameter Description Initialization Function

ps Probability of switching to searching U(0,1)
pr Probability of returning to nest U(0,1)
ω Uninformed search variation U(0,4π)
λid Rate of informed search decay exp(5)
λs f Rate of site fidelity U(0,20)
λl p Rate of laying pheromone U(0,20)
λpd Rate of pheromone decay exp(10)

may set its search location using site fidelity or pheromone waypoints, as described
below.

• Travel to search site: The robot travels along the heading θ , continuing on this path
until it transitions to searching with probability ps.

• Search with uninformed walk: If the robot is not returning to a previously found re-
source location via site fidelity or pheromones, it begins searching using a correlated
random walk with fixed step size and direction θt at time t, defined by Equation ??:

θt =N (θt−1,ω) (1)

The standard deviation σ determines how correlated the direction of the next step is
with the direction of the previous step. Robots initially search for resources using an
uninformed correlated random walk, where σ is assigned a fixed value in Equation ??:

σ ← ω (2)

If the robot discovers a resource, it will collect the resource by adding it to a list of
collected items, and transition to sensing the local resource density. Robots that have
not found a resource will give up searching and return to the nest with probability pr .

• Search with informed walk: If the robot is informed about the location of resources
(via site fidelity or pheromones), it searches using an informed correlated random walk,
where the standard deviation σ is defined by Equation ??:

σ = ω +(4π−ω)e−λid t (3)

The standard deviation of the successive turning angles of the informed random walk
decays as a function of time t, producing an initially undirected and localized search
that becomes more correlated over time. This time decay allows the robot to search
locally where it expects to find a resource, but to straighten its path and disperse to
another location if the resource is not found. If the robot discovers a resource, it will
collect the resource by adding it to a list of collected items, and transition to sensing the
local resource density. Robots that have not found a resource will give up searching and
return to the nest with probability pr .

• Sense local resource density: When the robot locates and collects a resource, it records
a count c of resources in the immediate neighborhood of the found resource. This count
c is an estimate of the density of resources in the local region.

• Return to nest: After sensing the local resource density, the robot returns to the nest.
At the nest, the robot uses c to decide whether to use information by i) returning to the
resource neighborhood using site fidelity, or ii) following a pheromone waypoint. The
robot may also decide to communicate the resource location as a pheromone waypoint.

• Information	decisions	governed	by	a	Poisson	CDF:
- Robots	return	to	location	of	discovered	resource	if	the	

count	of	nearby	resources c is	large

Beyond Pheromones: Error-Tolerant, Flexible, and Scalable Robot Swarms 9

Algorithm 1 Central-Place Foraging Algorithm
1: Disperse from nest to random location
2: while experiment running do
3: Conduct uninformed correlated random walk
4: if resource found then
5: Collect resource
6: Count number of resources c near current location l f

7: Return to nest with resource
8: if POIS(c,λl p)>U(0,1) then
9: Lay pheromone to l f

10: end if
11: if POIS(c,λs f )>U(0,1) then
12: Return to l f

13: Conduct informed correlated random walk
14: else if pheromone found then
15: Travel to pheromone location lp

16: Conduct informed correlated random walk
17: else
18: Choose new random location
19: end if
20: end if
21: end while

• Search with informed walk: If the robot is informed about the location of resources
(via site fidelity or pheromones), it searches using an informed correlated random walk,
where the standard deviation σ is defined by Equation 3:

σ = ω +(4π−ω)e−λid t (3)

The standard deviation of the successive turning angles of the informed random walk
decays as a function of time t, producing an initially undirected and localized search
that becomes more correlated over time. This time decay allows the robot to search
locally where it expects to find a resource, but to straighten its path and disperse to
another location if the resource is not found. If the robot discovers a resource, it will
collect the resource by adding it to a list of collected items, and transition to sensing the
local resource density. Robots that have not found a resource will give up searching and
return to the nest with probability pr .

• Sense local resource density: When the robot locates and collects a resource, it records
a count c of resources in the immediate neighborhood of the found resource. This count
c is an estimate of the density of resources in the local region.

• Return to nest: After sensing the local resource density, the robot returns to the nest.
At the nest, the robot uses c to decide whether to use information by i) returning to the
resource neighborhood using site fidelity, or ii) following a pheromone waypoint. The
robot may also decide to communicate the resource location as a pheromone waypoint.

Information decisions are governed by parameterization of a Poisson cumulative distri-
bution function (CDF) as defined by Equation 4:

POIS(c,λ ) = e−λ
⌊c⌋

∑
i=0

λ i

i!
(4)

The Poisson distribution represents the probability of a given number of events occurring
within a fixed interval of time. We chose this formulation because of its prevalence in pre-
vious ant studies, e.g., researchers have observed Poisson distributions in the dispersal of

• Pheromone	waypoints	decay	exponentially	over	time:
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foragers (Hölldobler and Wilson 1978), the density of queens (Tschinkel and Howard 1983),
and the rate at which foragers return to the nest (Prabhakar et al 2012).

In the CPFA, an event corresponds to finding an additional resource in the immediate
neighborhood of a found resource. Therefore, the distribution POIS(c,λ ) describes the like-
lihood of finding at least c additional resources, as parameterized by λ . The robot returns to
a previously found resource location using site fidelity if the Poisson CDF, given the count
c of resources, exceeds a uniform random value: POIS(c,λs f ) > U(0,1). Thus, if c is large,
the robot is likely to return to the same location using site fidelity on its next foraging trip.
If c is small, it is likely not to return, and instead follows a pheromone to another location if
pheromone is available. If no pheromone is available, the robot will choose its next search
location at random. The robot makes a second independent decision based on the count c

of resources: it creates a pheromone waypoint for a previously found resource location if
POIS(c,λlp)> U(0,1).

Upon creating a pheromone waypoint, a robot transmits the waypoint to a list maintained
by a central server. As each robot returns to the nest, the server selects a waypoint from the
list (if available) and transmits it to the robot. New waypoints are initialized with a value of
1. The strength of the pheromone, γ , decays exponentially over time t as defined by Equation
5:

γ = e−λpdt (5)

Waypoints are removed once their value drops below a threshold of 0.001. We use the same
pheromone-like waypoints in simulation to replicate the behavior of the physical iAnts.

3.2 Genetic Algorithm

There are an uncountable number of foraging strategies that can be defined by the real-
valued CPFA parameter sets in Table 1 (even if the 7 parameters were limited to single
decimal point precision, there would be 710 possible strategies). We address this intractable
problem by using a GA to generate foraging strategies that maximize foraging efficiency for
a particular error model, resource distribution, and swarm size.

The GA evaluates the fitness of each strategy by simulating robots that forage using
the CPFA parameter set associated with each strategy. Fitness is defined as the foraging
efficiency of the robot swarm: the total number of resources collected by all robots in a fixed
time period. Because the fitness function must be evaluated many times, the simulation must
run quickly. Thus, we use a parsimonious simulation that uses a gridded, discrete world
without explicitly modeling sensors or collision detection. This simple fitness function also
helps to mitigate condition-specific idiosyncrasies and avoid overfitted solutions, a problem
noted by Francesca et al (2014).

We evolve a population of 100 simulated robot swarms for 100 generations using recom-
bination and mutation. Each swarm’s foraging strategy is randomly initialized using uniform
independent samples from the initialization function for each parameter (Table 1). Five pa-
rameters are initially sampled from a uniform distribution, U(a,b), and two from exponential
distributions, exp(x), within the stated bounds. Robots within a swarm use identical param-
eters throughout the hour-long simulated foraging experiment. During each generation, all
100 swarms undergo 8 fitness evaluations, each with different random placements drawn
from the specified resource distribution.

At the end of each generation, the fitness of each swarm is evaluated as the sum total of
resources collected in the 8 runs of a generation. Deterministic tournament selection with

- Robots	can	use	memory	(site	fidelity,	λ =	λsf)	or	communication	
(pheromone-like	waypoints,	λ =	λlp)
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Fig. 3 (a) State diagram describing the flow of behavior for individual robots during an experiment. (b) An
example of a single cycle through this search behavior. The robot begins its search at a central nest site (double
circle) and sets a search location. The robot then travels to the search site (solid line). Upon reaching the
search location, the robot searches for resources (dotted line) until a resource (square) is found and collected.
After sensing the local resource density, the robot returns to the nest (dashed line).

Table 1 Set of 7 CPFA parameters evolved by the GA

Parameter Description Initialization Function

ps Probability of switching to searching U(0,1)
pr Probability of returning to nest U(0,1)
ω Uninformed search variation U(0,4π)
λid Rate of informed search decay exp(5)
λs f Rate of site fidelity U(0,20)
λl p Rate of laying pheromone U(0,20)
λpd Rate of pheromone decay exp(10)

• Set search location: The robot starts at a central nest and selects a dispersal direction,
θ , initially from a uniform random distribution, U(0,2π). In subsequent trips, the robot
may set its search location using site fidelity or pheromone waypoints, as described
below.

• Travel to search site: The robot travels along the heading θ , continuing on this path
until it transitions to searching with probability ps.

• Search with uninformed walk: If the robot is not returning to a previously found re-
source location via site fidelity or pheromones, it begins searching using a correlated
random walk with fixed step size and direction θt at time t, defined by Equation 1:

θt =N (θt−1,σ ) (1)

The standard deviation σ determines how correlated the direction of the next step is
with the direction of the previous step. Robots initially search for resources using an
uninformed correlated random walk, where σ is assigned a fixed value in Equation 2:

σ ← ω (2)

If the robot discovers a resource, it will collect the resource by adding it to a list of
collected items, and transition to sensing the local resource density. Robots that have
not found a resource will give up searching and return to the nest with probability pr .

Central	Place	Foraging	Algorithm	(CPFA)

Swarm Intell (2015) 9:43–70 51

Algorithm 1 Central-Place Foraging Algorithm
1: Disperse from nest to random location
2: while experiment running do
3: Conduct uninformed correlated random walk
4: if resource found then
5: Collect resource
6: Count number of resources c near current location l f
7: Return to nest with resource
8: if Pois(c, λlp) > U (0, 1) then
9: Lay pheromone to l f
10: end if
11: if Pois(c, λs f ) > U (0, 1) then
12: Return to l f
13: Conduct informed correlated random walk
14: else if pheromone found then
15: Travel to pheromone location l p
16: Conduct informed correlated random walk
17: else
18: Choose new random location
19: end if
20: end if
21: end while

• Search with informed walk: If the robot is informed about the location of resources (via
site fidelity or pheromones), it searches using an informed correlated random walk, where
the standard deviation σ is defined by Eq. 3:

σ = ω + (4π − ω)e−λid t (3)

The standard deviation of the successive turning angles of the informed random walk
decays as a function of time t , producing an initially undirected and localized search
that becomes more correlated over time. This time decay allows the robot to search locally
where it expects to find a resource, but to straighten its path and disperse to another location
if the resource is not found. If the robot discovers a resource, it will collect the resource by
adding it to a list of collected items, and transition to sensing the local resource density.
Robots that have not found a resource will give up searching and return to the nest with
probability pr .

• Sense local resource density: When the robot locates and collects a resource, it records a
count c of resources in the immediate neighborhood of the found resource. This count c
is an estimate of the density of resources in the local region.

• Return to nest: After sensing the local resource density, the robot returns to the nest. At the
nest, the robot uses c to decide whether to use information by (1) returning to the resource
neighborhood using site fidelity, or (2) following a pheromone waypoint. The robot may
also decide to communicate the resource location as a pheromone waypoint.

Information decisions are governed by parameterization of a Poisson cumulative distrib-
ution function (CDF) as defined by Eq. 4:

Pois(k, λ) = e−λ
⌊k⌋!

i=0

λi

i ! (4)

The Poisson distribution represents the probability of a given number of events occurring
within a fixed interval of time. We chose this formulation because of its prevalence in previous
ant studies, e.g., researchers have observed Poisson distributions in the dispersal of foragers

123



• Efficiently	explore	with	correlated	random	walk	
• Count	resources	by	rotating	360°
• Return	to	resource	piles	via	individual	memory	(site	fidelity)	or	

communication	(pheromone	waypoints)
• Movement,	memory,	and	communication	tuned	by	Genetic	Algorithm



Genetic	Algorithm	selects	CPFA	parameters	to	
maximize	seeds	collected	in	fixed	time	

• Simulate	1	hour	of	foraging	with	random	tag	placements	in	
a	specified	distribution

• Simulate	100	swarms,	each	with	its	own	CPFA	parameter	
set	[pt,	ps,	ω, λid,	λlp,	λsf,	λfp]

• Swarms	with	highest	“fitness”(tags	collected	in	1	hour)	
replicate	to	next	generation

In	silico group selection evolves	swarms	that	maximize	foraging	rate



Genetic	Algorithm	selects	parameters	to	
maximize	seeds	collected	in	fixed	time	

[pt,	ps,	ω, λid,	λlp,	λsf,	λfp]	x		[pt,	ps,	ω, λid,	λlp,	λsf,	λfp]			
[pt,	ps,	ω, λid, λlp,,λsf,	λfp]	

Each	robot	in	the	swarm	has	identical	parameters	evolved	
to	maximize	tag	collection	of	the	whole	swarm

• Simulate	1	hour	of	foraging	with	random	tag	placements	in	
a	specified	distribution

• Simulate	100	swarms,	each	with	its	own	CPFA	parameter	
set	[pt,	ps,	ω, λid,	λlp,	λsf,	λfp]

• Swarms	with	highest	“fitness”(tags	collected	in	1	hour)	
replicate	to	next	generation

In	silico group selection evolves	swarms	that	maximize	foraging	rate

Mutate	&	recombine	parameters
Repeat	for	50	generations	



Simulated	&	Physical	Robot	Foraging
Experimental	Setup

4	clusters Partially-clustered Uniform	Random

• 6	robots	per	swarm,	256	tags,	1	hour in	a	100	m2 arena

• Simulations	mimic	measured	robot	detection	&	localization	error

• Transfer	evolved	behaviors	from	simulation	to	physical	robots

• Experimental	results	for	100	replicates	in	simulation,	10	replicates	in	robots

Experiments	measure	CPFA	Flexibility,	Robustness,	Scalability	in	iAnts
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Fig. 10 For error-adapted swarms, (a) the probability of returning to a site and (b) the probability of laying
pheromone given the number of resources in the neighborhood of a found resource (Eq. 3).

parameters perform at 93% of the efficiency of cluster-adapted swarms on a clustered distri-
bution, and 96% of the efficiency of random-adapted swarms on a random distribution.

Figure 9 demonstrates that the GA is able to evolve both specialist and generalist strate-
gies. If the resource distribution is known a priori, then the robot swarm will be most ef-
ficient when using a specialist strategy adapted for that distribution. However, power-law-
adapted strategies function well on all three distributions because they are sufficiently gen-
eral – these swarms have evolved to efficiently collect both clustered resources and randomly
distributed resources. The GA evolves power-law-adapted strategies that use site fidelity
and pheromones, which are not necessary for foraging on random distributions, but they
allow swarms to exploit piled resources when present. These results suggest that power-
law-adapted strategies should be selected as a default behavior for swarms without a priori

knowledge of the resource distribution because they work well for both clustered and dis-
persed resources.

Figure 10 shows the probability of exploiting information about resource density in
the local neighborhood of a found resource by returning to the site via site fidelity (Fig.
10(a)) or laying pheromone (Fig. 10(b)). Swarms evolved for clustered distributions are
3.5 times less likely to return to a site via site fidelity with a single resource in the local
neighborhood, but 7.8 times more likely to lay pheromone, compared to swarms evolved for
power law distributions. Swarms evolved for random distributions have a significantly lower
probability of either returning to a site or laying pheromone.

While Figure 9 demonstrates that specialist strategies are most efficient, Figure 10 illus-
trates one way in which strategies are specialized. There are significant differences in how
each strategy evolves to use information: cluster-adapted strategies make most frequent use
of pheromone communication (Fig 10(b)), power-law-adapted strategies use mostly mem-
ory (site fidelity, Fig. 10(a)), and random-adapted strategies use information the least. For
low resource densities, strategies evolved for clustered distributions are more likely to lay
pheromones, and those evolved for power law distributions are more likely to use site fi-
delity. These strategies produced by the GA logically correspond with the resource distri-
bution for which they were evolved. All of the resources in the clustered distribution are
grouped into large piles, so finding a single resource indicates that additional resources are
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Communication	evolves	when	resources	are	more	clustered

[Hecker 2015]



• Swarms	evolve	probability	of	using	
pheromone or	site	fidelity	depending	
on	the	local	resource	count	when	they	
discover	a	tag

• Cluster-adapted	swarms	use	more	
pheromone	and	less	site	fidelity	

• Swarms	adapted	to	partial	clusters	use	
less	pheromone	and	more	site	fidelity

• Random-adapted	swarms	rarely	use	
pheromones	or	site	fidelity
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Fig. 10 For error-adapted swarms, (a) the probability of returning to a site and (b) the probability of laying
pheromone given the number of resources in the neighborhood of a found resource (Eq. 3).

parameters perform at 93% of the efficiency of cluster-adapted swarms on a clustered distri-
bution, and 96% of the efficiency of random-adapted swarms on a random distribution.

Figure 9 demonstrates that the GA is able to evolve both specialist and generalist strate-
gies. If the resource distribution is known a priori, then the robot swarm will be most ef-
ficient when using a specialist strategy adapted for that distribution. However, power-law-
adapted strategies function well on all three distributions because they are sufficiently gen-
eral – these swarms have evolved to efficiently collect both clustered resources and randomly
distributed resources. The GA evolves power-law-adapted strategies that use site fidelity
and pheromones, which are not necessary for foraging on random distributions, but they
allow swarms to exploit piled resources when present. These results suggest that power-
law-adapted strategies should be selected as a default behavior for swarms without a priori

knowledge of the resource distribution because they work well for both clustered and dis-
persed resources.

Figure 10 shows the probability of exploiting information about resource density in
the local neighborhood of a found resource by returning to the site via site fidelity (Fig.
10(a)) or laying pheromone (Fig. 10(b)). Swarms evolved for clustered distributions are
3.5 times less likely to return to a site via site fidelity with a single resource in the local
neighborhood, but 7.8 times more likely to lay pheromone, compared to swarms evolved for
power law distributions. Swarms evolved for random distributions have a significantly lower
probability of either returning to a site or laying pheromone.

While Figure 9 demonstrates that specialist strategies are most efficient, Figure 10 illus-
trates one way in which strategies are specialized. There are significant differences in how
each strategy evolves to use information: cluster-adapted strategies make most frequent use
of pheromone communication (Fig 10(b)), power-law-adapted strategies use mostly mem-
ory (site fidelity, Fig. 10(a)), and random-adapted strategies use information the least. For
low resource densities, strategies evolved for clustered distributions are more likely to lay
pheromones, and those evolved for power law distributions are more likely to use site fi-
delity. These strategies produced by the GA logically correspond with the resource distri-
bution for which they were evolved. All of the resources in the clustered distribution are
grouped into large piles, so finding a single resource indicates that additional resources are
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Communication	evolves	when	resources	are	more	clustered

[Hecker 2015]



By	evolving	parameters	that	mitigate	sensor	
error,	robots	collect	twice	as	many	resources

Robots	evolved	for	clustered resources	use	
more	pheromone	given	error

For	partially	clustered	resources,	error	causes	
robots	to	ignore	pheromones	and	forage	for	
dispersed	resources

For	randomly	distributed	targets,	localization	
error	is	irrelevant

[Hecker2013,	Hecker 2015]
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Figure 5: Results for physical and simulated robots foraging
in a world with error using parameters adapted for a world
with error, and parameters adapted for an error-free world.
80% more resources are collected using error-adapted pa-
rameters in physical robot teams, and 16% more are col-
lected in simulated teams. Robots collected significantly
more resources in both cases. Physical and simulated robots
using error-adapted parameters are not significantly differ-
ent.

Discussion

Teams of physical and simulated robots used a central-place
foraging algorithm (CPFA) to search for resources with and
without sensor error. A genetic algorithm (GA) was used to
evolve parameter sets which corresponded to robot team be-
haviors inspired by seed-harvester ants. We considered two
types of error, positional error and resource detection error,
and we explored the effects of error on overall resource col-
lection and on individual evolved parameters. Error-adapted
parameters improved performance of physical and simulated
robots in worlds with error. We observed that teams of
robots in error-adapted simulations collected resources at the
same rate as physical robots.

Both positional and detection errors have the potential to
confound a robot’s ability to properly use information to
exploit resources clustered via site fidelity or pheromones.
Large positional errors in the estimation of resource loca-
tions can cause robots to perform informed random walks in
regions without resources, thereby wasting time in detailed
searches of the wrong areas. Errors in detecting resources
can cause robots to underestimate the numbers of resources
in a local area, so that robots fail to take advantage of mem-
ory or communication to return or recruit other agents to
resource-rich locations.

Evolutionary algorithms have the potential to mitigate
sensing errors by selecting for parameters which perform
optimally given imperfect conditions. For example, robots

experiencing errors in resource detection benefit from a
lower threshold of resource density detection for trigger-
ing laying of a pheromone trail. Robots with positional er-
rors perform better with a faster decaying informed random
walk, so that they quickly abandon detailed searches when
there is a high probability that resources are not in remem-
bered or communicated locations.

Parameter values for simulated robots foraging on ran-
dom, clustered, and power law distributed resources (Fig. 3)
illustrate the GA’s ability to evolve sets of behaviors for each
distribution. Parameters for clustered and power law distri-
butions are similar, demonstrating the ability of the GA to
focus on exploiting clumped resources when available. The
lack of clustering in the random distribution induces the GA
to effectively disable site fidelity and pheromone following
behaviors, thus causing the adapted robot teams to concen-
trate on random exploration.

Fitness curves for simulations with and without error (Fig.
4(a)) demonstrate the ability of the GA to reliably converge.
Parameter values (Fig. 4(b)) demonstrate the ability of the
GA to evolve distinct sets of behaviors for an error-free
world compared to a world with error.

Results for parameters swapped from error-free worlds
into worlds with error (Fig. 5) show that parameters adapted
for imperfect worlds outperformed parameters adapted for
perfect worlds. Teams of physical and simulated robots col-
lected similar numbers of resources, particularly when us-
ing parameters adapted for error. Thus, evolutionary meth-
ods effectively adapt robot behavior to sensor error. These
results also mirror observations from our previous work in
which genetic algorithms were used to evolve optimal pa-
rameter sets for specific types of resource distributions.

The work presented here motivates estimation of real
robot error, evolution of parameters to fit with that error, and
programming of those evolved parameters into real robots.
In future work, we will conduct additional physical and sim-
ulated robot experiments using different numbers and distri-
butions of resources, arena sizes, and numbers of robots to
test whether simulations and physical experiments continue
to correspond as closely as we have observed here.
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Figure 5: Results for physical and simulated robots foraging
in a world with error using parameters adapted for a world
with error, and parameters adapted for an error-free world.
80% more resources are collected using error-adapted pa-
rameters in physical robot teams, and 16% more are col-
lected in simulated teams. Robots collected significantly
more resources in both cases. Physical and simulated robots
using error-adapted parameters are not significantly differ-
ent.

Discussion

Teams of physical and simulated robots used a central-place
foraging algorithm (CPFA) to search for resources with and
without sensor error. A genetic algorithm (GA) was used to
evolve parameter sets which corresponded to robot team be-
haviors inspired by seed-harvester ants. We considered two
types of error, positional error and resource detection error,
and we explored the effects of error on overall resource col-
lection and on individual evolved parameters. Error-adapted
parameters improved performance of physical and simulated
robots in worlds with error. We observed that teams of
robots in error-adapted simulations collected resources at the
same rate as physical robots.

Both positional and detection errors have the potential to
confound a robot’s ability to properly use information to
exploit resources clustered via site fidelity or pheromones.
Large positional errors in the estimation of resource loca-
tions can cause robots to perform informed random walks in
regions without resources, thereby wasting time in detailed
searches of the wrong areas. Errors in detecting resources
can cause robots to underestimate the numbers of resources
in a local area, so that robots fail to take advantage of mem-
ory or communication to return or recruit other agents to
resource-rich locations.

Evolutionary algorithms have the potential to mitigate
sensing errors by selecting for parameters which perform
optimally given imperfect conditions. For example, robots

experiencing errors in resource detection benefit from a
lower threshold of resource density detection for trigger-
ing laying of a pheromone trail. Robots with positional er-
rors perform better with a faster decaying informed random
walk, so that they quickly abandon detailed searches when
there is a high probability that resources are not in remem-
bered or communicated locations.

Parameter values for simulated robots foraging on ran-
dom, clustered, and power law distributed resources (Fig. 3)
illustrate the GA’s ability to evolve sets of behaviors for each
distribution. Parameters for clustered and power law distri-
butions are similar, demonstrating the ability of the GA to
focus on exploiting clumped resources when available. The
lack of clustering in the random distribution induces the GA
to effectively disable site fidelity and pheromone following
behaviors, thus causing the adapted robot teams to concen-
trate on random exploration.

Fitness curves for simulations with and without error (Fig.
4(a)) demonstrate the ability of the GA to reliably converge.
Parameter values (Fig. 4(b)) demonstrate the ability of the
GA to evolve distinct sets of behaviors for an error-free
world compared to a world with error.

Results for parameters swapped from error-free worlds
into worlds with error (Fig. 5) show that parameters adapted
for imperfect worlds outperformed parameters adapted for
perfect worlds. Teams of physical and simulated robots col-
lected similar numbers of resources, particularly when us-
ing parameters adapted for error. Thus, evolutionary meth-
ods effectively adapt robot behavior to sensor error. These
results also mirror observations from our previous work in
which genetic algorithms were used to evolve optimal pa-
rameter sets for specific types of resource distributions.

The work presented here motivates estimation of real
robot error, evolution of parameters to fit with that error, and
programming of those evolved parameters into real robots.
In future work, we will conduct additional physical and sim-
ulated robot experiments using different numbers and distri-
butions of resources, arena sizes, and numbers of robots to
test whether simulations and physical experiments continue
to correspond as closely as we have observed here.
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Figure 5: Results for physical and simulated robots foraging
in a world with error using parameters adapted for a world
with error, and parameters adapted for an error-free world.
80% more resources are collected using error-adapted pa-
rameters in physical robot teams, and 16% more are col-
lected in simulated teams. Robots collected significantly
more resources in both cases. Physical and simulated robots
using error-adapted parameters are not significantly differ-
ent.

Discussion

Teams of physical and simulated robots used a central-place
foraging algorithm (CPFA) to search for resources with and
without sensor error. A genetic algorithm (GA) was used to
evolve parameter sets which corresponded to robot team be-
haviors inspired by seed-harvester ants. We considered two
types of error, positional error and resource detection error,
and we explored the effects of error on overall resource col-
lection and on individual evolved parameters. Error-adapted
parameters improved performance of physical and simulated
robots in worlds with error. We observed that teams of
robots in error-adapted simulations collected resources at the
same rate as physical robots.

Both positional and detection errors have the potential to
confound a robot’s ability to properly use information to
exploit resources clustered via site fidelity or pheromones.
Large positional errors in the estimation of resource loca-
tions can cause robots to perform informed random walks in
regions without resources, thereby wasting time in detailed
searches of the wrong areas. Errors in detecting resources
can cause robots to underestimate the numbers of resources
in a local area, so that robots fail to take advantage of mem-
ory or communication to return or recruit other agents to
resource-rich locations.

Evolutionary algorithms have the potential to mitigate
sensing errors by selecting for parameters which perform
optimally given imperfect conditions. For example, robots

experiencing errors in resource detection benefit from a
lower threshold of resource density detection for trigger-
ing laying of a pheromone trail. Robots with positional er-
rors perform better with a faster decaying informed random
walk, so that they quickly abandon detailed searches when
there is a high probability that resources are not in remem-
bered or communicated locations.

Parameter values for simulated robots foraging on ran-
dom, clustered, and power law distributed resources (Fig. 3)
illustrate the GA’s ability to evolve sets of behaviors for each
distribution. Parameters for clustered and power law distri-
butions are similar, demonstrating the ability of the GA to
focus on exploiting clumped resources when available. The
lack of clustering in the random distribution induces the GA
to effectively disable site fidelity and pheromone following
behaviors, thus causing the adapted robot teams to concen-
trate on random exploration.

Fitness curves for simulations with and without error (Fig.
4(a)) demonstrate the ability of the GA to reliably converge.
Parameter values (Fig. 4(b)) demonstrate the ability of the
GA to evolve distinct sets of behaviors for an error-free
world compared to a world with error.

Results for parameters swapped from error-free worlds
into worlds with error (Fig. 5) show that parameters adapted
for imperfect worlds outperformed parameters adapted for
perfect worlds. Teams of physical and simulated robots col-
lected similar numbers of resources, particularly when us-
ing parameters adapted for error. Thus, evolutionary meth-
ods effectively adapt robot behavior to sensor error. These
results also mirror observations from our previous work in
which genetic algorithms were used to evolve optimal pa-
rameter sets for specific types of resource distributions.

The work presented here motivates estimation of real
robot error, evolution of parameters to fit with that error, and
programming of those evolved parameters into real robots.
In future work, we will conduct additional physical and sim-
ulated robot experiments using different numbers and distri-
butions of resources, arena sizes, and numbers of robots to
test whether simulations and physical experiments continue
to correspond as closely as we have observed here.
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Figure 5: Results for physical and simulated robots foraging
in a world with error using parameters adapted for a world
with error, and parameters adapted for an error-free world.
80% more resources are collected using error-adapted pa-
rameters in physical robot teams, and 16% more are col-
lected in simulated teams. Robots collected significantly
more resources in both cases. Physical and simulated robots
using error-adapted parameters are not significantly differ-
ent.

Discussion

Teams of physical and simulated robots used a central-place
foraging algorithm (CPFA) to search for resources with and
without sensor error. A genetic algorithm (GA) was used to
evolve parameter sets which corresponded to robot team be-
haviors inspired by seed-harvester ants. We considered two
types of error, positional error and resource detection error,
and we explored the effects of error on overall resource col-
lection and on individual evolved parameters. Error-adapted
parameters improved performance of physical and simulated
robots in worlds with error. We observed that teams of
robots in error-adapted simulations collected resources at the
same rate as physical robots.

Both positional and detection errors have the potential to
confound a robot’s ability to properly use information to
exploit resources clustered via site fidelity or pheromones.
Large positional errors in the estimation of resource loca-
tions can cause robots to perform informed random walks in
regions without resources, thereby wasting time in detailed
searches of the wrong areas. Errors in detecting resources
can cause robots to underestimate the numbers of resources
in a local area, so that robots fail to take advantage of mem-
ory or communication to return or recruit other agents to
resource-rich locations.

Evolutionary algorithms have the potential to mitigate
sensing errors by selecting for parameters which perform
optimally given imperfect conditions. For example, robots

experiencing errors in resource detection benefit from a
lower threshold of resource density detection for trigger-
ing laying of a pheromone trail. Robots with positional er-
rors perform better with a faster decaying informed random
walk, so that they quickly abandon detailed searches when
there is a high probability that resources are not in remem-
bered or communicated locations.

Parameter values for simulated robots foraging on ran-
dom, clustered, and power law distributed resources (Fig. 3)
illustrate the GA’s ability to evolve sets of behaviors for each
distribution. Parameters for clustered and power law distri-
butions are similar, demonstrating the ability of the GA to
focus on exploiting clumped resources when available. The
lack of clustering in the random distribution induces the GA
to effectively disable site fidelity and pheromone following
behaviors, thus causing the adapted robot teams to concen-
trate on random exploration.

Fitness curves for simulations with and without error (Fig.
4(a)) demonstrate the ability of the GA to reliably converge.
Parameter values (Fig. 4(b)) demonstrate the ability of the
GA to evolve distinct sets of behaviors for an error-free
world compared to a world with error.

Results for parameters swapped from error-free worlds
into worlds with error (Fig. 5) show that parameters adapted
for imperfect worlds outperformed parameters adapted for
perfect worlds. Teams of physical and simulated robots col-
lected similar numbers of resources, particularly when us-
ing parameters adapted for error. Thus, evolutionary meth-
ods effectively adapt robot behavior to sensor error. These
results also mirror observations from our previous work in
which genetic algorithms were used to evolve optimal pa-
rameter sets for specific types of resource distributions.

The work presented here motivates estimation of real
robot error, evolution of parameters to fit with that error, and
programming of those evolved parameters into real robots.
In future work, we will conduct additional physical and sim-
ulated robot experiments using different numbers and distri-
butions of resources, arena sizes, and numbers of robots to
test whether simulations and physical experiments continue
to correspond as closely as we have observed here.
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Fig. 11 (a) Resources collected by simulated swarms of 1 to 768 robots foraging without sensor error using
parameters adapted to swarm size (slope = -0.17, R2 = 0.92, p < 0.001), adapted to a swarm size of 6 (slope
= -0.20, R2 = 0.84, p < 0.001), adapted without information use (slope = -0.15, R2 = 0.96, p < 0.001), and
adapted to a swarm size of 6 without information use (slope = -0.22, R2 = 0.92, p < 0.001). (b) Swarm size
versus best evolved uninformed search variation (ω) (slope = -0.035, R2 = 0.94, p < 0.001) (see Fig. 14 in
supplementary material for statistical distribution). (c) Swarm size versus best evolved probability of laying
pheromone when two resources are found in the resource neighborhood (Eq. 3: k← 2, λ ← λl p) (slope =

-0.040, R2 = 0.84, p < 0.001) (see Fig. 14, supplementary material).

with and without information (Fig. 11(a), blue vs. green), we observe that adapting to use
information improves swarm efficiency by an average of 43% across all swarm sizes.

Finally, the magenta line shows swarms that are restricted in both of the ways described
above: information use is disabled, and parameters are fixed to those evolved for swarms
of size 6. By comparing the green line to the magenta line, we can observe how the GA
evolves the remaining parameters that govern robot movement (pt , ps, and ω) in order to
adapt to swarm size. The GA is able to adapt movement to scale up more efficiently: adapt-
ing movement parameters to a swam size of 24 improves swarm efficiency by 2.9%, and
adapting movement parameters to a swarm size of 768 improves swarm efficiency by 59%.
Thus, parameters governing movement improve scalability more than parameters governing
information use (59% and 43%, respectively, for swarms of 768).

The scaling exponents are remarkably similar for swarms under the 4 conditions shown
in Figure 11(a) (slopes ranging from -0.15 to -0.22): those that adapt to swarm size, those
with behaviors adapted only to a team of 6 robots, those that do not use individual memory
or pheromone communication, and those with behaviors adapted to a team of 6 robot that do
not use memory or communication. The cause of these similar exponent is unclear. Central-
place foraging produces diminishing returns as swarm size increases because the central
nest imposes a constraint on swarm efficiency – larger swarms have to travel farther to
collect more resources. However, it is not obvious why that should lead to similar scaling
exponents for all four cases. Other researchers have focused on inter-robot interference as
the main cause of sub-linear scaling (Matarić 1992; Lerman and Galstyan 2002), but we
observe sub-linear scaling even without including collisions in the simulation.

Figures 11(b) and 11(c) show two ways that the GA evolves different strategies for
different swarm sizes. Both parameters are drawn from the single best strategy evolved for
each swarm size. Figure 11(b) shows that the variation in the uninformed random walk (ω)
declines with swarm size. Other movement parameters are also correlated with swarm size:
robots in larger swarms use the straight motion of the travel behavior for a longer period of
time (i.e. ps decreases; see Fig. 13(b) in supplementary material), and they are less likely
to give up searching and return to the nest (i.e. pt decreases; Fig. 13(c), supplementary

The	CPFA	adapts	parameters	to	improve	scalability,	but	central	place	foraging	
requires	long	travel	times	for	large	swarms	collecting	from	large	areas.



• Adaptable:	different	behaviors	evolve	to	maximize	tag	collection	from	
different	resource	distributions:	more	communication	given	larger	piles.	

• Flexible:	in	the	partially	clustered	distribution	the	swarm	balances	use	of	
site	fidelity	to	collect	from	small	piles	and	pheromone	communication	to	
recruit	to	large	piles	

• Robust:	parameters	evolve	to	mitigate	sensor	error,	response	dependent	
on	tag	distribution

• Scalable:	parameters	change	systematically	with	swarm	size	(up	to	768	
simulated	robots).	Larger	swarms	disperse	more	and	communicate	less.	

[Hecker2013,	Hecker 2015]

Summary	of	Results	for	the	CPFA	in	iAnts



• Biologically	Inspired	Swarms	

• CPFA:	Evolving	a	Robust,	Flexible	&	Scalable	Foraging	
Algorithm	inspired	by	ants

• CPFA	extensions	and	the	(infinitely?)	scalable	MPFA

From	Biological	Inspiration	to	
Robust,	Flexible	&	Scalable	Foraging	Robot	Swarms



Scaling	in	CS

• How	does	computation	time	scale	with	input	size?
• Example:	Sorting	Algorithms

– https://www.toptal.com/developers/sorting-algorithms

– Bubble	Sort	O(n2)
– Quick	Sort	O(n	log	n)



Deterministic	Distributed	Spiral	Algorithm	(DDSA)
Efficient,	Surprisingly	Error	Tolerant,	Not	Scalable

CPFA	Extensions

[Fricke	2016]



Deterministic	Distributed	Spiral	Algorithm	(DDSA)
Efficient,	Surprisingly	Error	Tolerant,	Not	Scalable

CPFA	Extensions

[Fricke	IROS	2016]

Number	of	robots

CPFA

DDSA

• The	DDSA	is	20%	- 30%	faster	than	the	CPFA	even	with	localization	noise

• For	complete	collection,	the	DDSA	is	twice	as	fast	as	the	CPFA

• DDSA	is	dramatically	worse	for	large	swarms



[Lu	IROS	2016]

CPFA	Extensions
20 Joshua P. Hecker & Melanie E. Moses
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Fig. 11 (a) Resources collected by simulated swarms of 1 to 768 robots foraging without sensor error using
parameters adapted to swarm size (slope = -0.17, R2 = 0.92, p < 0.001), adapted to a swarm size of 6 (slope
= -0.20, R2 = 0.84, p < 0.001), adapted without information use (slope = -0.15, R2 = 0.96, p < 0.001), and
adapted to a swarm size of 6 without information use (slope = -0.22, R2 = 0.92, p < 0.001). (b) Swarm size
versus best evolved uninformed search variation (ω) (slope = -0.035, R2 = 0.94, p < 0.001) (see Fig. 14 in
supplementary material for statistical distribution). (c) Swarm size versus best evolved probability of laying
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with and without information (Fig. 11(a), blue vs. green), we observe that adapting to use
information improves swarm efficiency by an average of 43% across all swarm sizes.

Finally, the magenta line shows swarms that are restricted in both of the ways described
above: information use is disabled, and parameters are fixed to those evolved for swarms
of size 6. By comparing the green line to the magenta line, we can observe how the GA
evolves the remaining parameters that govern robot movement (pt , ps, and ω) in order to
adapt to swarm size. The GA is able to adapt movement to scale up more efficiently: adapt-
ing movement parameters to a swam size of 24 improves swarm efficiency by 2.9%, and
adapting movement parameters to a swarm size of 768 improves swarm efficiency by 59%.
Thus, parameters governing movement improve scalability more than parameters governing
information use (59% and 43%, respectively, for swarms of 768).

The scaling exponents are remarkably similar for swarms under the 4 conditions shown
in Figure 11(a) (slopes ranging from -0.15 to -0.22): those that adapt to swarm size, those
with behaviors adapted only to a team of 6 robots, those that do not use individual memory
or pheromone communication, and those with behaviors adapted to a team of 6 robot that do
not use memory or communication. The cause of these similar exponent is unclear. Central-
place foraging produces diminishing returns as swarm size increases because the central
nest imposes a constraint on swarm efficiency – larger swarms have to travel farther to
collect more resources. However, it is not obvious why that should lead to similar scaling
exponents for all four cases. Other researchers have focused on inter-robot interference as
the main cause of sub-linear scaling (Matarić 1992; Lerman and Galstyan 2002), but we
observe sub-linear scaling even without including collisions in the simulation.

Figures 11(b) and 11(c) show two ways that the GA evolves different strategies for
different swarm sizes. Both parameters are drawn from the single best strategy evolved for
each swarm size. Figure 11(b) shows that the variation in the uninformed random walk (ω)
declines with swarm size. Other movement parameters are also correlated with swarm size:
robots in larger swarms use the straight motion of the travel behavior for a longer period of
time (i.e. ps decreases; see Fig. 13(b) in supplementary material), and they are less likely
to give up searching and return to the nest (i.e. pt decreases; Fig. 13(c), supplementary

Improving	Scalability	with	the	Multi-Place	Foraging	Algorithm	(MPFA)	

The	CPFA	adapts	parameters	to	improve	scalability,
but	central	place	foraging	requires	long	travel	times
for	large	swarms	collecting	from	large	areas.

The	MPFA	mimics	multi-nest	ants	&	reduces	travel	
time,	collision	time	&	search	time	in	large	swarms.

Multi-nest	“super	colonies”	of	the
invasive	argentine	ant

span	hundreds	of	kilometers

Modular,	partially	decentralized	
lymphatic	network	leads	to

in	nearly	scale	invariant	search	
time	by	trillions	of	T	cells



MPFA



• MPFAdynamic_distributed
https://drive.google.com/drive/folders/0B8V00V6njK2PVHNUNHBla0E2UjA

• MPFAdynamic-central
https://drive.google.com/drive/folders/0B8V00V6njK2PVHNUNHBla0E2UjA

• Robot	Depot	Design
https://www.youtube.com/watch?v=vu7QXRFIlj8&index=1&list=PLkjRv85y76xlLHEr0ekXVnVTy_z
9TMZD4
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(a) Clustered (b) Power law (c) Random

Fig. 5 256 resources are placed in one of three distributions: (a) the clustered distribution has four piles of 16
resources; (b) the power law distribution uses piles of varying size and number: one large pile of 64 resources,
4 medium piles of 16 resources, 16 small piles of 4 resources, and 64 randomly placed resources; and (c) the
random distribution has each resource placed at a uniform random location.

We also observed resource detection error for physical robots searching for resources,
and for robots searching for neighboring resources. Resource-searching robots attempt to
physically align with a QR tag, using small left and right rotations and forward and back-
ward movements to center the tag in their downward-facing camera. Robots searching for
neighboring resources do not use this alignment strategy, but instead simply rotate 360�,
scanning for a tag every 10� with their downward-facing camera. We replicated each test 20
times for each of 3 robots; means for both types of resource detection error were calculated
using 60 samples each. We observed that resource-searching robots detected 55% of tags
and neighbor-searching robots detected 43% of tags.

3.5 Experimental Setup

• Physical: Each physical experiment runs for 60 minutes on a 100 m2 indoor concrete
surface. Robots forage for 256 resources represented by 4 cm2 QR matrix barcode tags.
A cylindrical illuminated beacon with radius 8.9 cm and height 33 cm marks the center
nest to which the robots return once they have located a resource. This center point is
used for localization and error correction by the robots’ ultrasonic sensors, magnetic
compass, and forward-facing camera. All robots involved in an experiment are initially
placed near the beacon. Robots are programmed to stay within a ‘virtual fence’ that is
a radius of 5 m from the beacon. In every experiment, QR tags representing resources
are arranged in one of three distributions (see Figure 5): clustered (4 randomly placed
clusters of 64 resources each), power law (1 large cluster of 64, 4 medium clusters of 16,
16 small clusters of 4, and 64 randomly scattered), or random (each resource placed at
a random location). Experiments are run using single robots, as well as teams of 3 and
6. Results for each experimental treatment are averaged over five replicates.

Robot locations are continually transmitted over one-way WiFi communication to
a central server and logged for later analysis. Robots do not pick up physical tags, but
instead simulate this process by reading the tag’s QR code, reporting the tag’s unique
identification number to a server, and returning within a 50 cm radius of the beacon,
providing a detailed record of tag discovery. Tags can only be read once, simulating tag
retrieval.
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Analytical	Model	of	Random	Foraging
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