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Abstract
Coordination is essential to achieving good performance in cooperative multiagent systems. To date, most work has
focused on either implicit or explicit coordination mechanisms; while relatively little work has focused on the benefits of
combining these two approaches. In this work we demonstrate that combining explicit and implicit mechanisms can
significantly improve coordination and system performance over either approach individually. First, we use difference
evaluations (which aim to compute an agent’s contribution to the team) and stigmergy to promote implicit coordination.
Second, we introduce an explicit coordination mechanism dubbed intended Destination Enhanced Artificial State
(IDEAS), where an agent incorporates other agents’ intended destinations directly into its state. The IDEAS approach does
not require any formal negotiation between agents, and is based on passive information sharing. Finally, we combine these
two approaches on a variant of a team-based multi-robot exploration domain, and show that agents using a both explicit
and implicit coordination outperform other learning agents up to 25%.
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1 Introduction
Coordinating a team of agents such that they collectively achieve a common goal is a complex problem within the field of
multiagent systems [13]. Improving coordination in multiagent systems will benefit many application domain including
Unmanned Aerial Vehicles (UAV) swarms, search and rescue mission, exploration, and sensor networks [1, 2, 9]. In general,
coordination mechanisms can be broken down into two main categories: implicit and explicit coordination mechanisms.
Implicit coordination relies solely upon an agent’s observation of its environment to make decisions, while explicit
coordination involves direct interaction and exchange of information between two or more agents. Implicit coordination
mechanisms tend to be limited by observation restrictions and explicit methods are typically limited by communication
restrictions. In many real-world domains agents have access to limited amounts of both observation and communication.
In such cases, maximizing the benefit of both types of information by concurrently using implicit and explicit mechanisms
is likely to be advantageous. We propose using a combination of explicit and implicit coordination mechanisms to improve
coordination and performance over either method individually.
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In this work we combine two well-known implicit coordination mechanisms (coupled policy evaluations and stigmergy)
with our novel explicit coordination mechanism (communicating agents’ Intended Destination Enhanced Artificial State
(IDEAS)) to improve coordination in the Cooperatively Coupled Rover Domain (CCRD). The CCRD is an extension of
the Continuous Rover Domain [3], in which a set of rovers must coordinate their actions to collectively optimize coverage
over a set of environmental points of interest (POIs) and individual rovers can observe any given POI. The CCRD
increases the coordination complexity by requiring teams of agents to observe each POI. Here, agents must not only
optimize coverage as a collective, but they must form teams and the teams must coordinate within themselves to optimize
coverage of their POI as well. This is difficult because there are two different coordination problems going on
concurrently. First, at a high level all agents within the system must coordinate to provide optimal coverage of POIs.
Second, agents must co-ordinate amongst themselves to form teams and the agents comprising the teams must coordinate
their actions to optimally select and cover a given POI (teams either observe a POI together or not at all). This tight
coupling between agents both at a system level and at a team level presents a complex coordination problem.
The key contributions of this paper are as follows:


Introduce a novel explicit coordination mechanism (IDEAS) in the Cooperatively Coupled Rover Domain.



Combine implicit (coupled policy evaluation and stigmergy) and explicit (IDEAS) coordination mechanisms to
improve performance of multi-rover teams.

The remainder of this paper is structured as follows. Section 2 provides background information on implicit coordination,
explicit coordination, and multiagent coordination. Section 3 provides an introduction to the Continuous Rover Domain
(CRD) used in this work. Section 4 provides an overview of the algorithms, evaluation functions, and methods used in this
work. Section 5 contains the experimental results. Finally, Section 6 contains the discussion and conclusions of this work.

2 Background and related work
Implicit coordination relies solely upon an agent’s observation of its environment to make decisions. One example used in
this work is stigmergy, by which agents coordinate by communicating with each other through the environment [8, 11].
Another example used in this work is coupled policy evaluations (both global and difference policy evaluations), which
allow agents to implicitly coordinate their actions based upon the policy evolutionary received [1]. Here, agents have a
policy evaluation that is reflective of how the agents collectively performed at achieving a particular objective.
In this work, we focus primarily upon difference evaluations, which are shaped policy evaluations designed to promote
coordination in large multiagent systems [2, 17]. Difference evaluations evaluate each agent’s impact on the system by
comparing the systems performance both with and without the agent. If the agent made a positive contribution to the
system, its policy evaluation is positive, if it harmed the system, its policy evaluation is negative.
Explicit coordination involves direct interaction and exchange of information between two or more agents. Examples of
explicit coordination are auctions, bidding, and other forms of negotiations [10, 12, 14, 16]. However, these methods are
frequently complex and require a back-and-forth dialogue between agents before reaching agreement and taking any
action, thus slow system response time [6]. Also, in many real world problems communication is limited in bandwidth and
availability. In this work, we propose to utilize a novel explicit coordination mechanism called IDEA that only requires
passive information sharing between agents. In particular, agents passively communicate the action that they currently
intend to take based upon their perceived system state. This information provides agents with an effective “look ahead” at
what other agents intend to do during the next time step, allowing them to adjust their actions to compensate accordingly.
A similar approach was taken [4], however they only took into account actions already taken by agents.
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Coordinatio
on is essential in order to exp
ploit the resourcces (high banddwidth communnications and a diverse array of sensors
and actuato
ors) available on modern rob
bots [5, 7]. Thro
ough sharing innformation andd leveraging eeach other’s reesources, a
group of robots
r
can trully be more than the sum off its parts [7]. Cooperative ccoordination iss key to optim
mizing the
performancce of multi-rob
bot teams. Sev
veral algorithm
ms and approaaches have beeen developed including aucttion-based
dynamic taask allocation and
a ad-hoc team
m formation [7, 15, 18]. Althoughh many existinng algorithms hhave been show
wn to work
well at imp
proving coordin
nation within multi-robot
m
team
ms, relatively fe
few have explorred the potentiaal of combiningg different
types of co
oordination meechanisms togeether in order to
t improve perrformance. Thhe goal of this work is to expplore such
combinatio
ons.

3 Coo
operative
ely coup
pled rov
ver dom
main
In this sectiion we discuss the Cooperativ
vely Coupled Rover
R
Domain (CCRD) that hhas been adapteed and modified from the
[3]
original Co
ontinuous Roveer Domain . The
T CCRD con
ntains a set of rovers (agents)) that are able to move arounnd in a two
dimensionaal plane to obseerve Points of Interest (POIs)). Each of thesee POIs has a vaalue ( Vi ) assignned to them. T
The goal of
the agents is
i to implicitly
y form teams an
nd for the team
ms to optimize ttheir coverage of environmenntal POIs.
In the CCR
RD, each agent has two types of sensors (PO
OIs, Rover) andd a total of 8 seensors (four off each type). Eaach rover’s
point of vieew is divided into
i
four quadrants; each quaadrant contain s both a POI aand a rover sennsor (The orienntations of
these quad
drants are baseed upon the ro
overs heading. The quadrantt aces are orieented accordinng to the roverr’s current
heading). At
A every given time t, each off the sensors reeturn a density of POIs or rovvers (respectiveely) in their quuadrant.

Figure 1. The
T figure show
ws how rovers observe their environment.
e
E
Each rover has a set of 8 senssors (4 POI sennsors and 4
rover senso
ors). The senso
ors provide coverage over 4 quadrants, whhere each quaddrant contains one POI sensoor and one
rover senso
or (Section 3).
The value of
o this density is the sums off the values of each
e
of the PO
OIs or rovers divvided by their Euclidean disttance from
the sensor (  (x, y)  max
x{|| x  y ||2,dd 2 }, where d is the minimum ddistance to prevent undefinedd number. Thiss yields the
POI and ro
over density vallues for each quadrant
q
(Equattions 1 and 2, rrespectively):
(1)
(2)
where

s1,q, ,t and s2,q, ,t are the POI and rover sensor readings respeectively for quaadrant q at time t for agent η,  (x, y)

L
a Euclidean
n norm function
n, Li is the locaation of POI i, and ,t is the location of rovver η at time t. T
The variables

s1,q, ,t

is

and

s2,q, ,t reprresent the systeem state in thiss domain.
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IIn order to earrn credit for ob
bserving a giveen POI, a team
m of M rovers must observe it together (if fewer than M rovers
oobserve the PO
OI or the M rovers are not in th
he observation distance no creedit is given). T
The teams are iimplicitly form
med and
aare defined as being the clossest M rovers to
t a given POI. The goal of aagents in this ddomain is for rrovers to collectively
pposition themsselves such thaat teams of M rovers
r
are optiimally observinng each POI. T
The resultant ssystem objectivve then
bbecomes:
(3)
w
where G is thee system perforrmance when M number of rovers
r
are requuired to observee each POI,
P
POI,



m
i,t

is th
he distance bettween the

i

th

POI and the

m

th

closest roover to it at ttime step t.

Vi is the value oof each
m
Thhe value  i,t ccan be

eexpounded as follows:
(4)
w
where

th
t
th
 i,t conntains the set of
o Euclidean no
orm distances between
b
the i POI and the  rover at tim
me step t.

(5)
(6)
(7)
w
where

t
th
b
the i POI and thee closest, seconnd closest, andd third closest rovers
 1i,t ,  i,2,t , and  i,t3 are the distance between

rrespectively to
o the POI at tim
me step t.

4 Metho
odology
y
T
This section deescribes our alg
gorithms, evalu
uation function
ns, and agents. IIn this work, each agent was a neuro-evoluttionary
llearner that evo
olved a pool off neural networrk policies. Wee used two diffferent policy evvaluations to raank the policies, each
oof which is desscribed in sectiion 4.4.

4.1 Neur
ro-evolution
IIn domains witth continuous action
a
and statee spaces like th
he CCRD, neurro-evolutionaryy algorithms haave been shown to be
eeffective [2]. In
n this work, eacch agent is a neu
uro-evolutionaary learner. Herre, each agent eevolves its poliicy using a poool of 10
nneural network
k policies. Eacch of these neu
ural networks has 10 hiddenn units, 8 inpuuts, 2 outputs ((input and outpput are
bbounded [0, 1]), and utilized
d sigmoid actio
on functions. Algorithm
A
1 shhows the proccess that we ussed to select, m
mutate,
eevaluate, and rank our poliices. The algo
orithm is a po
opulation basedd search withh the IDEAS eexplicit coordiination
m
mechanism added into it (seee Algorithm 1).. In our algorith
hm we initializze rank of all off the policies too zero, used -ggreedy

t
m ), 15 times sttep ( max ), 0.3 as mutation co
tto select the neext policy, 5000 episodes ( Tmax
onstant (), 0.11 as learning raate ().
4.2 IDEA
AS for exp
plicit coordination
n
T
The actions aree chosen by thee agent’s curren
nt policy, geneerated using thee policy search algorithm desccribed in Sectioon 4.1.
IIn the CCRD the
t movement of each rover was
w governed by
b these actionns as follows:
(8)
4
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(9)
where d/2 is
i the maximum
m distance a rov
ver can move in
n a given direcction at a singlee time step (10 uunits), O1 and O2 are the
x and y outtputs from the agents
a
current policy ( N i), an
nd

dx and dyy

are the actionns selected by ppolicy.

We now introduce an ageent’s IDEAS. In
n this domain, an
a agent’s IDE
EAS include thee POI that the aagent is currenntly headed
toward alon
ng with its Eu
uclidian distancce to the POI. This informatiion is explicitlyy broadcast beetween agents within the
system, allowing the ageents to effectiveely “Know” what
w
other agennts plan to do in the followinng time step soo they can
coordinate and react accordingly. When
n agents share in
nformation aboout what they inntend to do, priior to actually ttaking any
actions it caan lead to betteer coordination
n and improved
d performance. This is becausee agents are abble to actively aaccount for
each other’’s actions, with
hout losing any time (agents are
a able to gain the insight from a future timee step, withoutt losing the
time associiated with taking that step). In
I order to dettermine an ageents; IDEAS, thhe agent obserrves its environnment and
based upon
n what it observ
ves it selects itss current intend
ded action (thee agent observees the environm
mental state S annd feeds it

a


dx,dy

). Thhe agent then uuses that “intennded” action to predict its
into its currrent policy to get
g out its inten
nded action (
next move.. In particular, the agent prediicts the POI it will
w be closest to next time sttep and calculaates its predicteed distance
to that POII. Each agent calculates
c
this piece
p
of inform
mation and all aagents passiveely share this ppiece of inform
mation with
each other.

n is denoted as S ,c :
This piece of information
(10)
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W
Where S ,c is the portion of agent
a
’s state vector that con
ntains its prediicted distance ffrom VC POI , whiich is the valuee of the
LC POI is the locationn of the closestt POI to rover , and
ccloset POI to agent
a
,  (LC POOI ,L ) is the Euuclidean norm function,
f

L is the prediicated location
n of agent  att time t+1 baseed upon its currrent state and predicted action. This inform
mation
rrepresents the value of the PO
OI that is prediicted to be closest to agent  aat time step t+1, divided by thhe predicted diistance
bbetween the PO
OI and agent  at time step t+1.
t
This piecee of informationn is what eachh agent explicittly shares via ppassive
bbroadcast with
hin each other in
i system. Each
h agent receivees the set of alll S ,c values
oother agents uttilize this particcular set of infformation.

{s}. The next section discussees how

4.3 IDEA
AS: modiffied state
e
E
Each agent recceives the set off {S} values (d
described in preevious section)) and uses them
m as a scaling faactor Ii for theeir state
iinformation ( Ii seen in Equaation 11). We scale
s
them succh that if an aggent is the clossest to a POI, its value of thhat POI
rremains high (scaled by 1.0) and if there aree many other ro
overs closer to the POI the PO
OIs value is scaaled by a numbber less
tthan 1.0 repressented by S ,cc . Here, an ageent would interpolate each oof the receivedd set of {s} vallues accordingg to the
ffollowing:
(11)
w
where the valu
ues Ii are scalin
ng values betweeen 0 and 1.0 that
t will be useed to modify thhat agents curreent perceived sstate.
E
Each agent usees the informatiion of Ii values to modify its perceived envvironmental staate during time step t. Here, thhe state
iinformation wo
ould change ass follows:

(12)

s1,q, ,t is
i a modified version
v
of agen
nt ’s system sttate informatioon that incorpoorates the IDEA
AS from other agents
q
i
((Equation 11), is the quadrrant, t is the tim
me step, and indexes the POII. Here, the staate information is modified suuch that
w
where

iit reduces the observed
o
valuee of POIs that are predicted to
t be heavily oobserved by aggents and mainntains high valuues for
P
POIs that are not predicted
d to be observ
ved heavily. The
T algorithm
m used to calcculate each aggent current ID
DEAS,
ccommunicate them
t
to other agents,
a
convertt them into scaalar values for scaling the staate, and adjust tthe perceived ssystem
state can be fou
und in Algorith
hm 2.

N
Now that we in
ntroduce agentts’ IDEAS and
d explain how they
t
modify thheir state, we eexplain how we actually implement
tthis in our sim
mulation. In ev
very simulation
n all agents recceive state infoormation from
m their sensors.. Then they ruun their
selected netwo
ork ( N i) with their
t
perceived
d states as inpu
uts, to generatte intended acttions. Then, baased on the inntended
6
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actions ageents update theiir state ( S ' ) to include
i
the IDE
EAS, which weere explained inn Section 4.2. T
Then their upddated states
are used to generate the action
a
to take.

4.4 Policy evalu
uations
One of the most importan
nt decisions thaat have to be maade in neuro-evvolution is whaat policy evaluuation each agennt will use
d most direct policy
p
evaluatioon is to let eachh agent use thee global system
m objective
to evolve itts set of policiees. The first and
as the agen
nt policy evaluaation. Howeverr, in many dom
mains, especiallly domains invvolving large nuumbers of agennts, such a
policy evaluation often leads to slow evolution. Th
his is because each agent hhas relatively llittle impact oon its own
evaluation.. For instance, if there were 100
1 agents and
d an agent takees an action thaat improves thee system evaluuation, it is
likely that some
s
of the 99 other agents will
w take poor acctions at the sam
me time, and thhe agent that toook a good actioon will not
be able to observe
o
the ben
nefit of its actio
on. In this work
k, agents receivving the system
m performance G as its policy eevaluation
received vaalues according
g to Equation 3.
3
In this work, we also utiliize difference evaluation
e
of th
he form [2, 17]:
(13)
t componentts of Z that aree affected by aagent  are rem
moved from thhe system.
where Z is the action off agent . All the
Intuitively this causes thee second term of the differen
nce evaluation to evaluate thee performance of the system without 
and therefo
ore D evaluates the agent’s contribution
c
to the system peerformance. Heere, we derive D for the Coooperatively
Coupled Rover
R
Domain where the num
mber of roverss required to fform a team too observe a PO
OI is M=3. In this case,
combining Equations 3 an
nd 13 yields th
he equation for the difference policy evaluattions used in thhis work:
(14)
where D iss the differencee evaluation for agent , M iss the number off agents requirre to observe thhe
m
of Vi,  i,t iss the Euclidean
n distance from
m the

nth closest agent to the

i

is the closeest rover to the

t
th

i

m th closeest agent to the i th POI, and  i,t

m 

i th POI withh the value

is the Eucclidean distancce from the

POI where ag
gent m is not . In this case D is non-zero inn three key situations: 1) whenn the rover
th

POI, 2) wh
hen the rover is the second clooset rover to thee POI, and 3) w
when the rover iis the third
closest rover to POI. In order
o
to compu
ute D we need
d to remove thee impact of ageent  from thee system and calculate G

without it, by replacing agent in the calculation
c
with
h the fourth cloosest rover to tthe POI. Had aagent  not beeen present,
the fourth closest agent would have beeen part of thee three agent tteam instead. Comparing the performancee with and
without thee agent providees solid feedbacck in the agentts’ contributionns to the system
m.

5 Results
We now ap
pply our appro
oach in the CC
CRD (Section 3)
3 with both staatic and dynam
mic POI’s (Secction 5.1 and 55.2), under
various obsservation distaances. These ex
xperiments req
quire teams of tthree rovers too observe a givven POI. Requiring team
formation places
p
significaant coordinatio
on requirementts on the agentss within the syystem because aagents must rely on each
other in ord
der to accompliish their goals. We test the efffects of combinning various aggent evaluationss, stigmergy, annd IDEAS
to determin
ne how best to combine
c
the beenefits of thesee approaches. Inn these experim
ments, the miniimum observattion radius
for POIs (tthe furthest aw
way a rover from
m any team caan be from a P
POI and still reeceive credit foor observing itt) changes,
ranging fro
om 10 to 100 un
nits. These expeeriments were run for 20 statiistical runs, 50000 episodes (400 time steps perr episode),
in the world that containss 40 rovers and
d 66 POIs whicch have a fixed location at all the time. Roveers are initiallyy placed in
between a high value PO
OI (value of 10)) and 65 low value
v
POIs (vallue of 3) at 2600 units from leeft and 50 unitts from the
bottom.
Published byy Sciedu Press
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5.1 Policy evaluations
The first set of experiments observes the performance of agents using implicit coordination via coupled evaluation
functions as well as agents using combined coupled evaluations, stigmergy, and IDEAS information under varying
observation restrictions (see Figure 2). Intuitively, as the observation radius of agents increases, the overall system
performance should increase (agents have access to more information). Initially, this performance increase is observed
(see Figure 2), where agents using only G and D respectively, improve performance as observability increases. However,
as the observability continues to increase, agents using global evaluations begin to struggle due to too much information.
Agents using global evaluations receiving too much information cannot distinguish the impact of their own actions on
their evaluations versus the impact of other agents, making it difficult to learn. Agents using difference evaluations (D) on
the other hand continue to perform well (outperforming other methods (R and G) by as much as 200%). This is because
agents using D are able to effectively determine their own impact on the learning signal they received.
Although agents using implicit coordination via coupled policy evaluations were able to achieve good performance, we
also tested the performance of agents using a combination of coordination mechanisms in the static CCRD (see Figure 2).
Here, agents used coupled policy evaluations (G and D, respectively), stigmergy, and the IDEAS coordination mechanism.
In this case stigmergy introduces a change in the environment, the values of POIs decrease by 3% each time a team of
rovers observes them. Experiments were also conducted to test the performance of coupled policy evaluations with
stigmergy as well as they behaved statistically similar to agents using only coupled policy evaluations.
The results in Figure 2 show that combining implicit (coupled policy evaluations and stigmergy) and explicit (IDEAS)
coordination mechanisms in the CCRD outperform other methods by as much as 25%. The reason that this combination
works is because 1) agents’ using difference policy evaluations receive a quality learning signal that promotes
system-centric coordination; 2) stigmergy provides an environmental cue to agents that emphasizes under observed POIs,
and 3) IDEAS provide rovers with an effective “look ahead” of other rovers actins allowing them to act accordingly
(agents may decide to pursue areas that are less heavily trafficked, or to attempt to form a team with another agents).

Figure 2. CCRD with 40 rovers in a static environment, where teams of 3 agents are required to observe each POI. Agents
using D  S  IDEAS outperform all other methods once the observation distance is above 60 units. Policy evaluations
coupled with stigmergy ( G  S , D  S ) and IDEAS ( G  IDEAS, D  IDEAS) were excluded from this figure because they
were statistically similar to G and D (respectively).
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5.2 Dynamic environment
Now that we have demonstrated the benefits of combining implicit and explicit coordination mechanisms, we want to
extend this one step further by demonstrating the robustness of such an approach. In these experiments, agents in the
CCRD (with 3 rover teams) have a dynamic environment, where the location and values of POIs change every episode.
Dynamically changing the environment each learning episode increases learning difficulty and makes it harder for rovers
to coordinate their policies. As seen in Figure 3, agents using global policy evaluations (both with and without additional
coordination mechanisms such as stigmergy and IDEAS) perform approximately 50% better than they did in the static
CCRD. This is because the agents are effectively learning policies that randomly wander and when the POIs are randomly
placed throughout the environment every episode, so over a number of episodes they end up running across more POIs on
average. However, they still perform poorly compared to agents using difference policy evaluations. This is because
difference policy evaluations are able to account for the “randomness” of the environment and design agent policies that
compensate for dynamic environmental factors. Agents using difference policy evaluations coupled with stigmergy and
IDEAS perform agents using only difference policy evaluations by approximately 25% under different observation
restrictions, and they outperform all other methods by as much as 60%.

Figure 3. CCRD with 40 rovers in a dynamic environment, where teams of 3 agents are needed to observe each POI. As
seen, agents using D  S  IDEAS outperform all other methods once the observation distance is above 60 units.

6 Discussion
Coordinating the actions of disparate agents such that they collectively complete a complex task is a key problem that must
be addressed in order to advance the field of multiagent systems. Although it may implicit and explicit mechanism for
solving such coordination problems exist, they are frequently unable to fully address the coordination issues involved due
to limited observation and communication restrictions. In order to improve performance of these methods, we selected
implicit and explicit coordination mechanisms whose benefits were complementary under limited observation and
communication restrictions. In particular, we utilized a combination of two implicit coordination mechanisms (coupled
policy evaluations and stigmergy) and one novel explicit coordination mechanism (IDEAS) in the Cooperatively Coupled
Rover Domain (CCRD) under limited observability. Overall, combining coupled evaluations, stigmergy, and IDEAS
coordination mechanisms resulted in up to 25% improved performance over other approaches.
Combining the benefits of these coordination mechanisms enabled improved performance under varying observation
restrictions because the mechanisms were complementary. Coupling policy evaluation enables agents to attempt to work
together as a collective unit, what is good for an individual is good for the team. However, under limited observability,
Published by Sciedu Press
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agents receive limited information and their policy evaluations become less reflective of the overall team performance and
instead emphasizes the performance in their local region. This is addressed by allowing agents to passively communicate
their IDEAS (explicit coordination), which allows agents in different areas to implicitly “skip” information across the
system to each other, improving their ability to globally coordinate their actions (agents may effectively coordinate
through interacting with other agents, though they may never interact directly). Finally, stigmergy provides an
environmental cue that impacts agents locally in a way that has global repercussions. As POI’s were observed, their values
decreased. This means that if a POI has been heavily observed in the past, although there are currently no rovers near it, as
a new rover comes across it they will know to look elsewhere for a higher value POI, effectively encouraging the rovers to
disperse and search other areas of the domain.
Although we used specific coordination mechanism, there are undoubtedly more combinations of implicit and explicit
coordination mechanisms that will improve performance in many multiagent system domains. In general, implicit
coordination mechanisms rely heavily upon agents’ observation of the environment and tend to be limited by observation
restrictions, while explicit coordination mechanisms rely heavily upon direct agent-to-agent information sharing and
negotiation and are typically limited by communication restrictions. In most real-world multiagent system domains both
observation and communication restrictions exist and when they do, a combination of implicit and explicit coordination
mechanisms will likely be advantageous over either method individually.
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