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communication

communicate 
to coordinate 
who does 
what



Final Tournament
2-on-2 matches

double elimination

larger field (6x4m) 
and goals (1.5m)

CS1480 – Assignment 3 Path Planning

• Potential fields (Choset Ch. 4) and Wavefront planning3

• Probablistic roadmaps [1] (Kavraki et al. 1996)

• RRT-Connect [2] (Kuffner et al. 2000)

There is pseudocode available for Dijkstra’s and A* search on Wikipedia as well as many other sources.
There are many verisons of Dijkstra’s and A* available on the internet, you are free to use these just be sure
to cite anything that is not your own.

4 Physical Soccer Environment

Figure 1: Coarse dimensions of the “FC 148” field in
centimeters.

Shown in Figure 2, the course staff has set up the
“FC 148” robot soccer field within the Roomba
Lab for this assignment’s games and individ-
ual challenges. The dimensions of this field are
roughly 3.8m in width and 2.6m in height, as
coarsely illustrated in Figure 1 4. The field’s ori-
gin (0, 0) is in the corner opposite the desk with
the lab computers. The direction a robot is fac-
ing (yaw, or θ) is defined in radians and 0 if the
robot is facing the wall opposite the desk with the
lab computers. Turning to the right increases the
angle of yaw until π, turning to the left decreases
the angle of yaw until −π. That is, as the robot
turns to the right the angle of yaw increases to-
wards π until the robot is facing the wall with the
desk. If the robot turns even more the angle will
not increase up to 2π but rather start decreasing
from −π. The collective field of view for these cameras is shown in Figure 2. Localization for these robots
within the field of view is handled by a client-server based application written by the course staff. How to
incorporate such localization information in your client program is explained in the next section. The goals
are roughly 0.7m in width and slightly extend past the end boundary. A goal will consider being scored if
the ball touches the goal material.

4.1 Localization Interface

4.1.1 Infrastructure

As mentioned above, a total of four cameras were installed on the ceiling. The cameras labeled 1 and 2 are
connected to the computer sandworm and the ones labeled 3 and 4 are connected to foxwood. The course
staff wrote a program called tdlocc (Top-Down Localization Client) that connects to a specific camera and
analyzes the pictures taken by it. That is, it does two things: First, it uses the ARToolkitPlus library to find
the robots with the black and white pattern on top of it and estimate their location and bearing. Second, it
uses the CMVision library to find the yellow ball and determine its position. It then constructs a data packet
which contains pose estimates on all the objects it has spotted and sends it to the localization server over
the network using UDP. tdlocc repeats this process several times a second and thus delivers up-to-date pose
information to the server. The localization server program, called tdlocs (Top-Down Localization Server),
listens on network port 8855 for incoming pose estimates from localization clients and fuses those estimates

3http://playerstage.sourceforge.net/doc/Player-2.0.0/player/classPlayerCc 1 1PlannerProxy.html
4The actual dimensions of the field vary slightly from these dimensions due to issues with ceiling mounting of the cameras.
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I will attack

I will defend



Multi-robot 
coordination

Ball and goal 
lined up. I 

should score
Not near ball. 

I should defend

Embodied intelligence: coordination arises from 
dynamics of embodied interaction (SFU Create video)

Stigmergy: coordination through modifying the 
environment

Analogy to ants coordinating by pheromone trails

Implicit coordination

direct comms 
not necessary



Vaughan’s 36 Creates



Multi-robot 
coordination

I will attack

I will defend

Given M robots and N tasks, assign robots to tasks

Assume each robot has existing controllers for 
performing each applicable task 

Cast as “assignment problem” to find optimal 
assignment (or allocation) of robots to tasks

Implicit coordination

Explicit coordination

quick tangent:
network sockets



How to communicate?
socket programming

BSD socket API in C/C++

http://en.wikipedia.org/
wiki/Berkeley_sockets 

Control sender-receiver 
connections at session level

Example of network protocol 
layers shown for Player msgs

Simple client/server code ...
Out to network

802.11

IP

TCP

Sockets

SSL

Player



http://www.linuxhowtos.org/C_C++/socket.htm

Note: easy to 
get started, 
hard to get 
right



http://www.linuxhowtos.org/C_C++/socket.htm

> gcc server.c -o server
> ./server 6664
Here is the message: 
sealion

> gcc client.c -o client
> ./client localhost 6664
Please enter the 
message: sealion
I got your message



http://www.linuxhowtos.org/C_C++/socket.htm

init socket, resolve 
hostname and port

connect to 
server

prepare and 
send message

get acknowledgement

init socket, resolve
hostname and port

bind to port 
and listen

accept connection,
read message

send ack



Coordination Taxonomy
[Gerkey, Mataric 2004]

Assume centralized coordinator (one of the robots)

Coordination problem depends on 3 factors:

single-task robots (ST) vs. multi-task robots (MT)
single-robot tasks (SR) vs. multi-robot tasks (MR)

instantaneous assignment (IA) vs.                   
time-extended assignment (TA)

Focus on ST-SR-IA (most common), also of interest:

ST-MR-IA: coalition formation
ST-SR-TA: scheduling
MR-MR-IA: set cover problem



Given M robots and N tasks, 
form utility matrix U

Uij is relative benefit of 

robot i performing task j

Given U, select elements 
!=[0,1] that maximize overall 
utility

Assignment must be unique 
mapping of robots to tasks

ST-SR-IA as an Optimal 
Assignment Problem

Though simple and elegant, such models are insuffi-

cient for domains involving complex tasks or requiring

precise control. To study complex tasks, Donald, Jennings

& Rus (1997) proposed the formalism of information in-

variants, which models the information requirements of a

coordination algorithm and provides a mechanism to per-

form reductions between algorithms. Spletzer & Taylor

(2001) developed a prescriptive control-theoretic model

of multi-robot coordination and showed that it can be

used to produce precise multi-robot box-pushing. Ma-

son (1986) had earlier applied a similar control-theoretic

model to box-pushing with dexterous manipulators.

Relatively little work has been done on formal mod-

eling, analysis, or comparison of multi-robot coordina-

tion at the level of task allocation. Chien, Barrett, Es-

tlin & Rabideau (2000) developed a baseline geological

scenario and used it to compare three different planning

approaches to coordinating teams of planetary rovers.

Klavins (2003) showed how to apply the theory of com-

munication complexity to the study of multi-robot coor-

dination algorithms. Finally, Jennings & Kirkwood-Watts

(1998) described the method of dynamic teams, concen-

trating on programmatic structures that enable the specifi-

cation of multi-robot tasks.

Multi-robot systems can also be formally described by

process models, such as Petri nets (Murata 1989) and Par-

tially Observable Markov Decision Processes (Kaelbling,

Littman & Cassandra 1998), both of which are highly ex-

pressive. Unfortunately, such models tend to be too com-

plex to be directly analyzed or solved, even for modest-

sized systems. Another formal model is that of the hybrid

system (Alur, Courcoubetis, Halbwachs, Henzinger, Ho,

Nicollin, Olivero, Sifakis & Yovine 1995), which charac-

terizes discrete systems operating in an analog environ-

ment. Hybrid systems can also become complex and are

usually used to describe or control the behavior of a single

robot, via a so-called three-layer architecture (Gat 1998).

Our goal in this paper is to fill a gap in the existing liter-

ature on multi-robot coordination. We neither construct a

formal model in support of a particular coordination archi-

tecture, nor compare different architectures in a particular

task domain. Rather, we develop a task- and architecture-

independent taxonomy, based on optimization theory, in

which to study task allocation problems.

3 Utility

To treat task allocation in an optimization context, one

must decide what exactly is to be optimized. Ideally the

goal is to directly optimize overall system performance,

but that quantity is often difficult to measure during sys-

tem execution. Furthermore, when selecting among alter-

native task allocations, the impact on system performance

of each option is usually not known. Consequently, some

kind of performance estimate, such as utility, is needed.

Utility is a unifying, if sometimes implicit, concept in

economics, game theory, and operations research, as well

as in multi-robot coordination. It is based on the no-

tion that each individual can internally estimate the value

(or the cost) of executing an action. Depending on the

context, utility is also called fitness, valuation, and cost.

Within multi-robot research, the formulation of utility can

vary from sophisticated planner-based methods (Botelho

& Alami 1999) to simple sensor-based metrics (Gerkey

& Matarić 2002b). We posit that utility estimation of

this kind is carried out somewhere in every autonomous

task allocation system, for the heart of any task alloca-

tion problem is comparison and selection among a set of

available alternatives. Since each system uses a different

method to calculate utility, we give the following generic

and practical definition of utility for multi-robot systems.

It is assumed that each robot is capable of estimating

its fitness for every task it can perform. This estima-

tion includes two factors, which are both task- and robot-

dependent:

• expected quality of task execution, given the method
and equipment to be used (e.g., the accuracy of the

map that will be produced using a laser range-finder),

• expected resource cost, given the spatio-temporal re-
quirements of the task (e.g., the power that will be

required to drive the motors and laser range-finder in

order to map the building).

Given a robot R and a task T , if R is capable of executing

T , then one can define, on some standardized scale, QRT

and CRT as the quality and cost, respectively, expected

to result from the execution of T by R. This results in a
combined, nonnegative utility measure:

URT =






QRT − CRT if R is capable of executing
T and QRT > CRT

0 otherwise

For example, given a robot A that can achieve a task T
with quality QAT = 20 at cost CAT = 10 and a robot
B that can achieve the same task with quality QBT = 15
at cost CBT = 5, there should be no preference between
them when searching for efficient assignments, for:

UAT = 20 − 10 = 10 = 15 − 5 = UBT .

Regardless of the method used for calculation, the

robots’ utility estimates will be inexact due to sensor

3

While the Greedy algorithm does not optimally solve

every maximization problem, it is useful to know how

poor the greedy solution can be. For such purposes it is

common to report a competitive factor for the sub-optimal

algorithm. For a maximization problem, an algorithm is

called α-competitive if, for any input, it finds a solution
whose total utility is never less than 1

α of the optimal util-

ity.

5 A taxonomy of MRTA problems

We propose a taxonomy ofMRTA problems based on axes

laid out below. Our goals here are two-fold: 1) to show

how various MRTA problems can be positioned in the re-

sulting problem space; and 2) to explain how organiza-

tional theory relates to those problems and to proposed

solutions from the robotics literature. In some cases, it

will be possible to construct provably optimal solutions,

while in others only approximate solutions are available.

There are also some difficult MRTA problems for which

there do not currently exist good approximations. When

designing a multi-robot system, it is essential to under-

stand what kind of task allocation problem is present in

order to solve it in a principled manner.

We propose the following three axes for use in describ-

ing MRTA problems:

• single-task robots (ST) vs. multi-task robots

(MT): ST means that each robot is capable of exe-

cuting as most one task at a time, while MT means

that some robots can execute multiple tasks simulta-

neously.

• single-robot tasks (SR) vs. multi-robot tasks
(MR): SR means that each task requires exactly one

robot to achieve it, while MR means that some tasks

can require multiple robots.

• instantaneous assignment (IA) vs. time-extended
assignment (TA): IA means that the available infor-

mation concerning the robots, the tasks, and the en-

vironment permits only an instantaneous allocation

of tasks to robots, with no planning for future alloca-

tions. TA means that more information is available,

such as the set of all tasks that will need to be as-

signed, or a model of how tasks are expected to arrive

over time.

We denote a particular MRTA problem by a triple of two-

letter abbreviations drawn from this list. For example,

a problem in which multi-robot tasks must be allocated

once to single-task robots is designated ST-MR-IA.

These axes are not meant to be exhaustive, but to al-

low for a taxonomy that is both broad enough and de-

tailed enough to meaningfully characterize many practi-

cal MRTA problems. Furthermore, this taxonomy will of-

ten allow for a prescription of solutions. The following

sections present the combinations allowed by these axes,

discussing for each which MRTA problem(s) it represents

and what organizational theory pertains. Section 7 treats

some important MRTA problems that are not captured by

this taxonomy.

5.1 ST-SR-IA: Single-task robots, single-

robot tasks, instantaneous assignment

This problem is the simplest, as it is actually an instance

of the Optimal Assignment Problem (OAP) (Gale 1960),

which is a well-known problem that was originally stud-

ied in game theory and then in operations research, in the

context of personnel assignment. A recurring special case

of particular interest in several fields of study, this prob-

lem can be formulated in many ways. Given the applica-

tion domain of MRTA, it is fitting to describe the problem

in terms of jobs and workers.

Definition (Optimal Assignment Problem). Given m
workers, each looking for one job and n prioritized jobs,
each requiring one worker. Also given for each worker is a

nonnegative skill rating (i.e., utility estimate) that predicts

his/her performance for each job; if a worker is incapable

of undertaking a job, then the worker is assigned a rating

of zero for that job. The goal is to assign workers to jobs

so as to maximize overall expected performance, taking

into account the priorities of the jobs and the skill ratings

of the workers.

The OAP can be cast in many ways, including as an

integral linear program (Gale 1960): findmn nonnegative
integers αij that maximize

U =
m∑

i=1

n∑

j=1

αijUijwj (2)

subject to

m∑

i=1

αij = 1, 1 ≤ j ≤ n

n∑

j=1

αij = 1, 1 ≤ i ≤ m.

(3)

The sum (2) is the overall system utility, while (3) en-

forces the constraint of working with single-worker jobs

and single-job workers (note that since αij are integers

5

formation of utility matrix

computation of utility 

assign only 1 robot to a task

assign only 1 task to a robot



Robot/Task Defender Attacker

    aibo

8 10

smurv w/camera

1 7
Objective: 
“win soccer match”

Utility matrix

Soccer ExampleHow to allocate given 
these utilities?

This matrix is 
guesstimated



Robot/Task Defender Attacker

    aibo

8 10

smurv w/camera

1 7
Objective: 
“win soccer match”

Utility matrix

Soccer ExampleHow to allocate given 
these utilities?

Greedy allocation? 
U=11=10+1



Soccer Example

Robot/Task Defender Attacker

    aibo

8 10

smurv w/camera

1 7
Objective: 
“win soccer match”

Utility matrix

How to allocate given 
these utilities?

Greedy allocation? 
U=11=10+1

Optimal allocation 
U=15=8+7



“Directive” Example
Objective: put 
plant by window

Task: put 
plant on table

Task: watch to make 
sure objective is met

Task: push table to window 
(2 robots: left, right)



“Directive” Example
Objective: put 
plant by window

Task: push table to window 
(2 robots: left, right)

Task: put 
plant on table

Task: watch to make 
sure objective is met

Ideally, one robot could do all of 
these tasks... in the year 2105



Box pushing task
[Gerkey,Mataric 2002]

Straight push to landmark Turn box left, then 
straight push to landmark 

Watcher

Push right

Push left



U Robot/
Task

Watcher
Box Push 

Right
Box Push 

Left
Place
Plant

Create
w/camera 9 4 4 0
Pioneer 

w/camera
and laser 4 7 7 0
Pioneer 

w/camera 
and grip 4 7 7 3

Aibo 3 1 1 0

PR2 12 11 11 10

Objective: put 
plant by window

How to allocate?
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plant by window

How to allocate?

Greedy can still 
be problematic

(deadlock 
condition)



U Robot/
Task

Watcher
Box Push 

Right
Box Push 

Left
Place
Plant

Create
w/camera 9 4 4 0
Pioneer 

w/camera
and laser 4 7 7 0
Pioneer 

w/camera 
and grip 4 7 7 3

Aibo 3 1 1 0

PR2 12 11 11 10

Objective: put 
plant by window

How to allocate?

Greedy can still 
be problematic

Combinatorial 
optimization:
Hungarian 
algorithm

[Kuhn 1955]

Let’s do the 
example



C Robot/
Task

Watcher
Box Push 

Right
Box Push 

Left
Place
Plant

Create
w/camera 3 8 8 12
Pioneer 

w/camera
and laser 8 5 5 12
Pioneer 

w/camera 
and grip 8 5 5 9

Aibo 9 11 11 12

PR2 0 1 1 2

Hungarian alg.
example

cost matrix
C = U - max(U)



C Robot/
Task

Watcher
Box Push 

Right
Box Push 

Left
Place
Plant

Create
w/camera 0 5 5 9
Pioneer 

w/camera
and laser 3 0 0 5
Pioneer 

w/camera 
and grip 3 0 0 4

Aibo 0 2 2 3

PR2 0 1 1 2

Hungarian alg.
example

cost matrix
C = U - max(U)

subtract each row 
by smallest entry
Ci = Ci - min(Ci)

find unique asgns 
with zero cost
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Right
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Left
Place
Plant

Create
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Pioneer 
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and laser 3 0 0 3
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cost matrix
C = U - max(U)

subtract each row 
by smallest entry
Ci = Ci - min(Ci)

find unique asgns 
with zero cost

subtract each col 
by smallest entry
Cj = Cj - min(Cj)

find unique asgns 
with zero cost

Hungarian alg.
example
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Watcher
Box Push 

Right
Box Push 

Left
Place
Plant

Create
w/camera 3 8 8 12
Pioneer 

w/camera
and laser 8 5 5 12
Pioneer 

w/camera 
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Aibo 10 11 11 12

PR2 0 1 1 2

Hungarian alg.
problem example

Suppose we 
slightly change 
one entry



C Robot/
Task

Watcher
Box Push 

Right
Box Push 

Left
Place
Plant

Create
w/camera 0 5 5 7
Pioneer 

w/camera
and laser 3 0 0 3
Pioneer 

w/camera 
and grip 3 0 0 2

Aibo 0 1 1 0

PR2 0 1 1 0

Hungarian alg.
problem example

Suppose we 
slightly change 
one entry

Result creates 
uncertain 
assignment

Warning: be very 
careful in 
estimating utilities



McLurkin’s Swarmbots


