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Abstract— We consider a group of mobile agents operating
in a mission space that collaborate to solve a general dynamic
optimization problem. The agents seek to maximize the total
reward collected and minimize their energy cost. We construct
a control policy specifying how the agents move subject to con-
straints due to the geometry of the mission space, the presence
of obstacles, their sensing range, their available energy, and the
need to avoid collisions with other agents. The mission space is
discretized and modeled as a graph. We apply the distributed
actor-critic method from [1] properly modified to benefit from
least squares temporal difference learning. We present one
concrete application: air vehicles flying below a forest’s canopy.
We demonstrate that the incorporation of bio-inspired features
such as eavesdropping, spatial memory, directional sensing,
and grouping into the control policy significantly improves its
performance compared to a policy from [2] that included no
such features.

I. INTRODUCTION

The work in this paper is motivated by coverage control
problems in complex mission spaces using multiple agents.
Such problems have received quite a bit of attention, see
[3], [4] and references therein. This earlier work formulated
coverage control as a static optimization problem and de-
veloped distributed (“on-line””) methods for solving it. Here
we adopt a different and more ambitious perspective. We
formulate the problem as a dynamic optimization problem
and seek a flexible control policy that specifies how the
agents move in the mission space to optimize a long-term
average performance metric.

A particularly motivating application concerns air vehicles
flying under a forest’s canopy. They need to avoid tree trunks
and each other while visiting certain (potentially moving)
targets to collect rewards. From time to time, the air vehicles
need to return to a base station for unloading rewards and
refueling.

This scenario is not unlike what animals do while hunting
for food. Flying animals, like bats, have extraordinary skills
in collaborative emergence and foraging. [5]-[9] captured
these biological behaviors using modern sensory technolo-
gies. Motivated by these observations, in this work we
incorporate a number of bio-inspired features into our control
policy, including eavesdropping, spatial memory, directional
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sensing, and grouping. We demonstrate that such features
significantly improve performance; by as much as 40% in
some examples. It is important to note the flexibility of our
control policy that allows us to incorporate these bio-inspired
features.

Technically, our problem is cast into a Markov Deci-
sion Process (MDP) framework. In our setting, the MDP
is to be cooperatively solved by multiple agents that can
simultaneously explore the state-control space. Each agent
communicates and exchanges information with agents in its
vicinity and uses this information to affect its own policy.

A general strategy for solving large-scale MDPs using so-
called Actor-Critic (AC) algorithms was presented in [10].
Such algorithms optimize over a randomized class of policies
which are parameterized by a (low-dimensional) parameter
vector. An AC algorithm optimizes policy performance with
respect to the parameter vector by using a simulation (or a
realization) of the MDP. According to its name, the algorithm
interleaves two steps: (i) the actor, which amounts to a policy
improvement step that descends along the performance gra-
dient with respect to the parameter vector, and (#4) the critic,
which is a policy evaluation step at which the algorithm
learns an approximate value function from a sample path
that uses the current policy. [11] adopts the least squares
temporal difference learning in actor-critic algorithms, and
improves the convergence rate.

[1] introduced a Distributed Multi-agent Actor-Critic (D-
AC) algorithm which allowed multiple agents to simultane-
ously explore the state-control space. Each agent maintained
its own policy parameter and updated it based on local
information and information received from a subset of other
agents. This updating followed a consensus-like algorithm
and under suitable conditions, all agents reached consensus
and converged to the same parameter vector. In [2] we
considered a similar coverage problem as the one we study
in this paper and modeled the mission space as a general
graph whose nodes correspond to all possible positions of
the agents.

[2] provided a parametric class of policies and demon-
strated how to tune the policy parameters to enable effi-
cient reward collection. It did not, however, considered bio-
inspired features as we do in this paper. Furthermore, in this
work we also provide an analysis of the “obstacle density”
of the mission space by estimating the number of accessible
target locations. This is useful and can be used as an indicator
of whether reward collection can be effective.

The rest of the paper is organized as follows. Sec. II
introduces some preliminaries. Sec. III formulates the reward
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collection problem. Sec. IV proposes a parametric class
of bio-inspired policies. Sec. V discusses the air vehicle
application using the bio-inspired control policy to collect
rewards. Sec. VI contains our “obstacle density” analysis
and assesses the effectiveness of the bio-inspired features.
Conclusions are in Sec. VIL.

II. PRELIMINARIES

Consider a Markov decision process with finite state and
action spaces 2  and %, respectively. Let ¢ : & X U —
R be a reward function. Let {ug,0 € R"} be a set of
randomized stationary policies (RS Ps), parametrized by 6.
In particular, 19(u|x) denotes the probability of taking the
action u given the state x, under the RSP 6. For every 0,
the Markov chains {x} and {(xj,uy)} are irreducible and
aperiodic, with stationary probabilities g (x) and ng(x,u) =
7o (x) e (u|x), respectively.

We are interested in finding a @ that maximizes the average
reward function:

a@)=

xXEX ueU

C(X7u)779(xa u)' (])

For each 6 define a differential reward function Vg : 2 —
R, as solution of the following Poisson equation:

5(8) + Va(x) —
waﬁwm+2mmmmﬂ,m

ue% yex
where p(y|x,u) is the probability that the next state is y
given that the current state is x and action u is taken. Vp(x)
can be interpreted as the relative reward of starting at state
x, that is, the excess reward we collect on top of the average
reward if we start at x. Define the (Q-value function:

Qo(x,u) = c(x,u) —a(0) + - c o P(Y[x, 1)V (y). 3)

The following result is from [12] where for the components
of g(x,u) we write (g 1(x,1),...,%e.n,(x,1)).

Theorem II.1 (Average Reward Gradient) We have
va@)= > ne(xu)Qe(x,wpp(x,u), @)

xXEX WEU

where

Pg(x,u) = Vg In pg(ulx). )

The actor-critic algorithm works with a parametrization of
the @-function in terms of a vector r = (ry,...,7r,) € R™:

Qp(x,u) = 3% ride(x, ).

A typical choice for the features ¢g ;(x,u) is to set m =
n+ 1, ¢g (x,u) = g, (x,u) for I = 1,...,n, and fix
®o.n+1(x,u) to the constant function that is everywhere
equal to one except at some special point, say x = 0,
where ¢g n+1(0,u) = 0 for all u. The critic estimates the
parameter r on the basis of observations from a sample path
of the Markov process while the actor uses r to compute the
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performance gradient and to update 6. A distributed actor-
critic algorithm using Least Squares Differences Learning
(LSTD) learning has been introduced in [2]. It has been
proved that the algorithm converges to a policy with a
parameter 6 that is locally optimal.

III. A REWARD COLLECTION MISSION

Consider now a mission space and partition it into a set of
regions. We do not know agent positions exactly but we have
enough information to know the region each agent can be
found. This, for instance, can be achieved with localization
systems such as the ones in [13], [14].

[1] formulated the mission space as a 2D grid, which is
suitable for agents moving in an obstacle-free flat environ-
ment. However, when it comes to real world scenarios in
which the terrains are usually not flat and contain obstacles
such as trees and mountains, we need to have a more general
formulation of the mission space.

[2] modeled the mission space as a undirected graph
G(V, &), where ¥ is the set of regions. Let v* correspond to
a special region which we call the base station. & is the set
of links that specify connectivity between the regions. The
existence of a link (7, j) indicates that an agent can directly
move from region 7 to region j and vice versa, i.e., these
regions are “‘adjacent.”

Let now 7 = {t1,...,tp} be a set of D targets. The
position (region) of target ¢; at time k is indicated by vz €
. We assume the targets are always moving in the mission
space and they are at some region at any time. Each target
is associated with a certain reward. The reward of target ¢;
at time k is indicated by ®}° > 0.

The mission space is explored by N mobile agents,

ai,...,an. The position (region) of agent a; at time k is
indicated by vgj € V. We assume the initial position of
agent a; to be vy’ = v*, for all j = 1,..., N, which

means they all start from the base station. To each agent
a; we associate a capacity whose value at time k is denoted
wzj > 0. The maximum speed of agent a; is denoted by
p%. For a discretized 3-dimensional (3D) mission space,
we define the flying direction of agent a; at time k as
4 = (v, — o)/ v’y — v’ || The direction from agent
a; to target t; at time k is d) = (v;’ — vi') /|y’ — v
We model the one step energy cost of agent a; as E;:j =
v’y — v | + ldy? — dy? 1 ||s it accounts for both travel
distance and directional change.

When an agent visits a target point, it collects a reward
which depends on the available reward at the target point
and the capacity of the agent. Every visit has also the effect
of depleting a part of the agent’s capacity. The capacity will
also decrease over time, because flying consumes energy.
The agents can return to the base station to replenish their
capacities to its initial value. The dynamics of the sequences
{®@}'} and {w,”} are described as follows.

For all targets 1 = 1,..., D,

t.
o &
i

U

— max(cb’: —ng ,0), if 3 agent j such that v,t;' =
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. @fj = @Zi + wg, otherwise, where {wy} is a sequence
of i.i.d. random variables.

For all agents j =1,..., N,

. w,H_1 = max(w)’ —®},0), if I target i such that v}’ =
vk )

o wkJrl —wo ,1ka =v*.

o w,CJrl = wk —C'+ g, otherwise, where C' is a constant,
and {gx} is also a sequence of i.i.d. random variables.

The sequence of rewards, <I>Zj, collected by each agent
j over time is characterized as @}’ = min(®},w,’), if 3
target ¢ such that v,i = ij , and 0 otherwise. That is, agents
when in the same region with a target collect as much reward
available at the target and allowed by their capacity.

As each agent roams in the mission space, it is able to
sense the presence of targets with rewards in neighboring
regions within some fixed sensing range. Since our mission
space is modeled as a connected graph, we model the sensing
range as the maximum hop count from the region of the agent
to the region of the target. We denote the sensing range for
agent a; as 0% € Z. We formally assume that agent aj can
detect target ¢; at time k if and only if dist(v}’,v,”) < §%,
where the function dist(x,y) is the shortest path function
that returns the number of edges on the shortest path from
node x to node y.

The agent a; who detects a target ¢; can also compute a
metric which increases with the reward available at the target
and decreases with the distance from the target. We refer to
this metric as “signal strength” from target ¢; detected by
agent a; positioned at v;? and denote it by s (v,”) at time
k. We assume:

P

Looai ¢y
k ,—dist(v, 7 ,v;°
e ( k Vi )7

tifoasy if dist(v,”,vp) < 6%,
sy (v') = .
0, otherwise.
(6)
where Z is a positive normalizing constant. We will use
this signal strength later in constructing a policy that decides

where each agent should be headed.

IV. A PARAMETRIC CLASS OF POLICIES

Let us now model the energy gain for agent a; at time
kas: Q) = ® — E;”. Given this setup we are interested
in a policy that guides the agents in the mission space to
maximize the long-term average total energy gain given by

lim — Q. 7

k—oo k ‘rz:l ; ( )

We note that if the agents get close to each other, the

chance of collision is higher. As a result, we are also

interested in a policy that can keep the agents apart so that

they avoid collision. Such a policy should also “distribute”

them evenly within the mission space, which leads to better

exploration and reward collection. To that end, we introduce
the following pair-wise agent “dispersion” metric:

1 N N
\E] SO dist(vp, vp). (8)

i=1 j=1
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The policy for each agent is based on its current position,
the signals it measures from all target points, and, potentially,
any information it receives from other agents. At time k the
jth agent can choose a control action v in the set %kaj =
{vp?} U {oldist(v,v,?) < p%}, The agent moves so that
vZfH = u. Note that staying at the current position is always
one of the available options.

We consider the following class of RSPs where each agent
a; at time k and position vgj selects control u € 02/,;” with
probability

(o (605 (W) 0
ulv,’) = ,
pluloe’) Zve%:j eléoi (V) (
where

Eoi (u Z 0wy sk (u) + G5 e dst ) (10)
and where 87 = (6),...,0%)). The vector §7 parameterizes

agent j’s policy. This policy favors control actions that
lead to targets emitting stronger signals. When the agent’s
capacity or the available rewards are low then the policy
favors control actions that tend to bring the agent closer to
the base station where it can replenish its capacity.

V. AN APPLICATION: BIO-INSPIRED REWARD
COLLECTION IN A 3D MISSION SPACE

@

Fig. 1. Dynamically controlled air vehicles (blue bats) collect rewards
(green apples) in a 3D mission space. The size of the targets is proportional
to the reward of the targets. The trees are obstacles that bats can not fly
into, the base station (cave) is for replenishing bats’ capacities.

In [2] we have introduced an application of the general
reward collection problem where air vehicles (the agents) fly
in an occluded terrain (e.g., under a forest’s canopy). Next
we significantly expand the setting of [2] and investigate a
new policy structure that incorporates bio-inspired features.

The mission space graph is defined by discretizing
the 3-dimensional (3D) environment using a regular
grid, and then linking adjacent locations. Without loss
of generality, the maximum speed is set to 1, the
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vehicles can move on the grid, and at time k the jth
. . . A
vehicle can choose a control action uZ’ S %,:’ =

{(1,0,0),(-1,0,0),(0,1,0), (0, 10)(001)(00 1),
(0 0,0)} to move from grid position x,” to the position
x,c = xk + uk ; see Fig. 1. The following subsections
consider various bio-inspired features.

1) Avoid Other agents: The air vehicles are likely to
collide with each other when they are too close. In order to
reduce the chance of collision, we want to evenly distribute
them in the mission space. In addition, spreading out the
agents in a mission space with sparse targets can result into
better target detection. The policy needs to be modified to in-
corporate this requirement. First, we enrich the policy struc-
ture and consider terms in (10) corresponding to each target
and each agent. Let 87 = (67, GJD,GDH,.. 0D+N)
The policy for agent a; given its posmon x,C has similar
structure as in (9):

e(€os (x,7))

N(u|xzj) = — (11)
a: elbei(vix,))
Zve%kJ ee k
where
D .
501‘ (ll, X) = Zaﬂwk Sk (x + u) + 9] —dist(x+u,v*)
i=1
- Y el )

{i|dist(x,v, ") <% }

Note that the last term of the above penalizes controls that
bring a vehicle too close to the others. Although it is not
possible to guarantee that the agents will not move to the
same location (they do not communicate the movement de-
cision they are going to take in the next iteration), simulation
results can show that the average distance increases as we
increase the sensing range.

2) Eavesdropping targets from other agents: While agents
are trying to keep away from each other to avoid collision, [8]
discovered that bats are attracted by playback of echolocation
calls produced during prey capture, and bats of the same so-
cial unit forage together to benefit from passive information
transfer via the change in group members’ echolocation calls
upon finding prey. It is therefore desirable to move close to
the agents who sense the targets. To that end, we use the
policy structure in (11) where

Z 0wy’ s
- 2

{i|dist(x,v, ) <% dist(v)? ,v,tcl

+ 2

{ildist(x,v, ) <% ,dist(v,*,v

50] u, X X+ll) +6] —dist(x+u,v™)

7dist(x+u,vai )
0D+1 k

)>0%,vie{l,...,D}}

O e MO (13)

<89 3e{1,....D}}

While the second term penalizes controls that bring an agent
too close to others which do not sense any target, the
last term favors controls towards agents which sense other
targets. Note that agents who detect targets only need to emit

978-1-4673-2529-5/12/$31.00 ©2012 |IEEE

“feeding buzzes” and other agents within the sensing range
can pick up this passive information and use it for selecting
their control.

3) Spatial Memory: Bats have very good spatial memory
during foraging. Even when they can not sense the target
directly, they intent to fly to the area where they hunted food
last time. To incorporate this feature, we assign to agents
some short-term memory. For agent a;, let m® € Z_ denote
its memory period. If agent a; has ever visited target ¢;, the
most recent visiting time is 7;; € Z. If agent a; has never
visited target t;, 7;;j = —m®. Similar to the definition of
“Signal Strength”, we define the “Memory Strength” at agent
a; for target t; as:

o
T —(d t('u ,vﬂ. )+k TLJ) . B
ti () aj e B if k — 7
My (v”) = <m%,
0, otherwise.
(14)

The “memory strength” is a variable that indicates how well
agent a; remembers target ¢;. It is increasing with the target
reward, and decreasing with the time lapsed from the most
recent visit to that target. At some point the agent will
forget the target and the “memory strength” is reduced to O.
Now the agent can use both “signal strength” and “memory
strength” to make a decision. We update (13) as:

Epi(u,x) = ZGJ (s (x +u) + M (x +u))

J ,—dist(x+u,v*)
+ Ghe
_ J —dist(x+u,v;t)
E 0pi€ k
{ildist(x,v, ") <5 dist(vy ¢ v ’)>5“i,VlE{1,...,D}}
+ >

{ildist(x,v, ") <5 dist(vy? ,vkl)<5“ J3ie{1,...,D}}

9]D 7; —dist(x-l—u,vzi). (15)

4) Directional Sensing: Directional sensing is widely
adopted by animals like bats. The “signal strength” is related
to the direction the agent is flying and the direction to the
target. It is larger if the agent is flying along the direction
to a target. To incorporate this feature we update the “signal
strength” definition as:

2y —(ist(vy? ol )+dy? —di ) dist(v™ | vf")

C ) ko Yk
S 6(J/J )

0, otherwise.

(16)

By using directional sensing, agents will favor targets that are
on their current flying path, thus, avoiding turning too often
and wasting energy associated with changing direction.

5) Long Term Memory / Grouping: Bats as they emerge
from the cave, travel a long distance towards a food resource.
It is assumed that they have long-term memory and know
the approximate location of a good feeding area. It has also
been discovered that bats from the same roosts maintain
social cohesion by flying within hearing distance of each
other [8]. To incorporate such a feature, we can group the

) -

1226



Expected number of accessible locations from the start point
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Fig. 2. Expected number of accessible targets in a 2D or 3D mission space
estimated by Monte Carlo simulation.

agents into teams and assign them a specific part of the
mission space that is likely to have targets. [1] and [2] have
shown faster and more effective reward collection using a
number of virtual beacons. The control policy for a team of
agents has an extra term that directs them towards a particular
beacon.

VI. PERFORMANCE ANALYSIS AND SIMULATION
RESULTS

All agents start exploring the mission space from the base
station. However, due to the existence of obstacles, some
targets might be blocked and inaccessible from the agents. As
a way to assess whether the mission space is overly dense and
prevents effective reward collection, we estimate the number
of accessible targets from the base station.

Let S denote the number of discrete locations in the
mission space, O the number of obstacles which we dis-
tribute uniformly within the mission space, T the number
of target which are also uniformly distributed, and A the
(random) number of accessible target from the start location.
We establish the following theorem; we omit the proof due
to space limitations.

Theorem VI.1 For a 2D or a 3D mission space it holds:

Zsfoﬂ ; (%29
s) T < E[A] <

(S -0y
S 52

We used Monte Carlo simulation to estimate the expected
number of accessible targets and the results are depicted
in Fig. 2. The expected number of accessible targets in a
3D grid mission space is closer to the upper bound than
in the 2D grid, because the connectivity is better in 3D so
the probability of blocking a location from the start point is
lower than in the 2D space. In the 3D grid mission space,
when the density of obstacles is less than 25%, most of the
obstacle-free locations are reachable from the start point.
When, however, the obstacle density is larger than 75%,
almost no target is reachable.

T. 17
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Reward Collection using Bio-inspired Control Policy
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Fig. 3. Reward collection in 10, 000 iterations, showing the advantage of
bio-inspired policies.

Reward Collection 1000 lterations
(Total Reward: 10210)
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Fig. 4. Reward collected in the first 1,000 iterations. The policy features
are denoted by F' followed by 5 bits corresponding to [eavesdropping,
avoiding other agents, spatial memory, directional sensing, grouping]. The
value is averaged over 100 i.i.d. experiments.

Total Energy Consumption after 3000 Iterations
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Fig. 5. Energy gained in the first 3, 000 iterations. The value is averaged
over 100 i.i.d. experiments.
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Energy Gain under Bio-inspired features
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Fig. 6. Energy gained in the first 3, 000 iterations from a typical simulation
run.

We simulated our bio-inspired control policy in a
100x100%x 100 3D grid mission space. 16 agents have ca-
pacities ranging from 20 to 40, speed ranging from 1 to
4, and sensing ranging from 35 to 200. Targets with total
reward equal to 10,210 were randomly distributed in the
mission space. 16 vertical trees with height ranging from 10
to 46 were also uniformly distributed. A typical simulation
instance for the reward collected over 10,000 iterations is
shown in Fig. 3. By using the bio-inspired features like spa-
tial memory and eavesdropping, the reward collection speeds
up as all reward has been collected by the 5, 500th iteration,
while the non-bio-inspired policy can not even collect all
the reward by the 10, 000th iteration. By incorporating the
remaining bio-features such as directional sensing, avoiding
other agents, and grouping, we collected about 40% more
reward by the 1, 000th iteration (see Fig. 4).

Our results also show that the energy gain is higher using
the bio-inspired control policies. Although the energy cost is
slightly higher when the bio-inspired features are in effect,
this is because there is a trade-off between reward collection
and energy cost. Overall, our goal to increase the energy
gain is achieved as the result in Figs. 5 and 6 demonstrate.
The energy gain is about 20% higher using the bio-inspired
control policy.

VII. CONCLUSIONS

We developed a class of bio-inspired control policies
for solving a general reward collection problem and used
a distributed actor-critic algorithm to optimize the policy
parameters. The bio-inspired policies have been numerically
shown to lead to faster reward collection and increased
energy gain rate.

The features we considered, including eavesdropping, spa-
tial memory, directional sensing, avoiding other agents, and
grouping are inspired by the foraging behavior of bats. We
used our machinery to a setting where a group of air vehicles
collect rewards by visiting targets in an occluded terrain,
for instance when they fly under a forest’s canopy. The
eavesdropping feature only requires the agents to monitor a
passive signal, while the spatial memory and grouping need
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some constant size local memory. All these features can be
implemented in a distributed fashion and do not substantially
increase communications among agents. Directional sensing
is a more “native” feature for some agents since some sensors
like a camera are indeed directional.

We also established analytical bounds on the expected
number of agents reachable from the start location. These
bounds help us assess the “obstacle density” of any given
mission space.
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