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As networked dynamical systems appear around us at an swcgeaate, questions
concerning how to manage and control such systems are begamore important. Examples
include multi-agent robotics, distributed sensor netwpikterconnected manufacturing chains,
and data networks. In response to this growth, a significady of work has emerged focusing
on how to organize such networks in order to facilitate tlweintrol and make them amenable
to human interactions. In this article, we summarize thesiwiges by connecting the network
topology, that is, the layout of the interconnections in tietwork, to the classic notion of

controllability.

In manufacturing, one of the technological bottlenecks banfound in the general
assembly phase. This is the last stage of the manufactuniaig ehere the pieces, such as doors,
locks, and cup-holders in automotive manufacturing, ase@bled into a finished product. If
a single worker could command and interact with a number aftfle, mobile manipulators in
an effective manner, it is expected that this process coeldrproved significantly. Similarly,
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the current mode of operation when piloting unmanned agghicles (UAVS) is that multiple
operators are required to operate a single UAV. An explicit & to be able to invert this
many-to-one relationship so that a single operator cart piloltiple UAVs. In both of these
applications, we are lacking the tools for systematicalyaracterizing and designing useful
interaction models. In this article, we take one step towachieving such a characterization

by focusing on the controllability properties of the ungeary interaction network itself.

At a high level of abstraction, a network can be viewed as plgrthat is, as a collection
of vertices and edges. In particular, given a collection\ofinterconnected nodes, we let the
network graph be given by: = (V| E), where the vertex set is simply the set of nodés=
{1,...,N}, and the edge set C V x V encodes the information flow in the network. The
interpretation is that an edge exists between nodexl; (denoted by(i, j) € E) if information
is flowing between these nodes. In this article, we only atersundirected graphs in the sense
that (i, j) € £ if and only if (4,7) € E, which corresponds to a bidirectional information flow

in the network. Such graphs have a convenient graphicaéseptation, as shown in Figure 1.

Now, imagine that the nodes in the network are mobile robdwds $omehow coordinate
their movements, akin to swarming insects or schooling fisbne were to try to control such
a swarm, one approach would be to select key individuals bed tirag them around in order
to induce a desired, global behavior in the robot swarm. Thithe basic setup in this article
and we will investigate how effective such a strategy might Im particular, we will see that
the organization of the underlying network structure playsentral role when addressing this

issue.

The effectiveness of the interactions with a networked r@asiystem can be understood in



terms of its controllability properties. And, questionkted to controllability become meaningful
only when the nodes are endowed with dynamics and if the@nmesvay of injecting exogenous
control signals into the network. We achieve this latterechye by dividing the vertex set
V =V UV, into follower nodes,V;, andleader nodes,V;, with the understanding that control
signals can be injected only at the leader nodes. Moreoker fdllowers execute their own
coordination strategies and the control inputs propadateugh the network by virtue of the
fact that these strategies take neighboring nodes’ statiesccount. In Figure 1, the black nodes

are the leader nodes while the remaining nodes are the feiloades.

In order to define the dynamics over the network, we first neegissociate a state with
each of the nodes;; € R?, i =1,..., N, whered is the dimension of the state. These states
could for example correspond to the positions of the nodes mobile robot network, or the
processed sensor values in a sensor network. In this antveleassume that we can control the
leader nodes’ states directly in the sense that u;, i € V,, wherew; is the control input
at nodei. This assumption can be somewhat relaxed but it helps keepdtation simple and
allows us to focus directly on the network structure. By asisig that each of the follower
nodes are executing a particular coordination strategy- f;(z1,...,zn), @ € Vy, Where f;
is allowed only to depend on the state values associatedthitbe nodes adjacent to vertex
in the network, one can ask whether or not it is possible teedithe follower states from any
configuration to any other configuration. The answer to thisstjon depends on the choice of

interaction law as well as on the underlying network topglog

Many different decentralized interaction laws and coaatlon strategies have been

designed for networked multi-agent systems to achieve & amaay of objectives such as



swarming, flocking, alignment, cohesion, rendezvous, &fom maintenance, and coverage, [1],
[5], [9], [12], [15]. In this article, we focus on a particulauch choice, namely, on the linear
agreement protocol, which has proved useful for providingesion in the network and has

served as a starting point for a large class for other typaswetfiorked controllers. The reason
for this is that the linear agreement protocol ensures theh etate asymptotically approaches
the stationary average of all the states in the network wherunhderlying graph is connected,
that is, there is a path (not necessarily direct) throughnitsvork between each pair of two

vertices in the graph. For an introduction to this topic, g, [15].

Once the leader nodes are selected and the interaction tewdeeded upon, what makes
different networks respond differently to control inpuecbmes solely a question of the network
topology, that is, on the graph structure itself. As disedsm [11], [14], [16], certain network
topologies are better than others when it comes to beingtaladfectively control the system.
This matters since the network design is typically decadiftem the control design but if the
network structure can be design explicitly with the aim oking the system amenable to control,
this would improve the performance of the overall systenr. iRstance, it turns out that more
interactions are not necessarily a good thing. If the ndtwopology is given by a complete
graph, where every vertex is directly connected to evergrotiertex, what can effectively be
controlled by a single leader under the linear agreemeribpobis just the centroid of the node
states. In other words, this is a particularly poor choiceetfvork topology from a controllability
vantage point even though it has the largest number of edggsiljpe. In this article, we take
this observation one step further and summarize the coonscbetween the graph topology

and the controllability properties of thentrolled agreement dynamics.



The Controlled Agreement Dynamics

Consider a network, whose node states evolve according todhrest neighbor-averaging

rule known as theonsensus equation, as defined, for example, in [12], [8], [13], [17],

i=— > (@ — ). (1)

JEN;
Here, N, is the set of nodes adjacent to nade the static and undirected information exchange
graphG = (V, E), in the sense tha\; = {j € V | (¢,j) € E}. An example of using this
coordination strategy is shown for 10 nodes in Figure 2. Asatied by the theory, the agents’

states converge to the same value.

Assume that we would like to control this network, and we aehithis by injecting

control signals at the leader nodes, as
jzi =, (XS ‘/év (2)

while all the remaining follower nodes execute the coortiomastrategy given in (1). To be
able to characterize the controllability properties osthetwork from a purely graph-theoretic
vantage point, we first need some basic tools from algebrajghgtheory. (For a comprehensive
treatment of this subject, see [7].) What algebraic gragomh helps us with is to associate
matrices to graphs, which is crucial in order to arrive at amigation that is amenable to

control theoretic tools.

Let A be theN x N degree matrix associated with the graph, with entries given by

deqi) ifi=j
NP ’ ©)
0 otherwise,



where the degree dég = || is the size of the neighborhood set to nadend where] - |
denotes cardinality. Similarly, thadjacency matrix A is given by
1 if (i,j)€E

AL, = (4)
0 otherwise.

The final matrix, thegraph Laplacian, needed for the discussion is given by= A — A.

If we index the nodes in such a way that the lastnodes are the leader nodes and the

first N — M nodes are the followers, we can decompasas

A | B

L=- ) (5)

BT | )

whereA = AT is (N—M)x(N—M), Bis (N—M)x M, and) is M x M. The point behind this

decomposition is that if we assume that the state valuescatars, thatisy; e R, i=1,..., N,

and gather the states from all follower nodesras [x,...,zx_y]7 and the leader nodes as
U= [TN_pry1,--- ,xN]T, the dynamics of the controlled network can be written as
it = Azr + Bu, (6)

as shown in [14]. Note that we here interpret the leader statethe inputs directly rather
than their controlled velocities, as per (2). This does matvever, change anything from a
controllability perspective — all it does is make the natatsimpler. Similarly, if the states are
non-scalar, the analysis still holds even though one hasd¢ordpose the system dynamics along

the different dimensions of the states.

As an example, returning to the graph in Figure 1, the comeding system dynamics
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become

_—11000000000_ _000_
1 -3 1.0 0 0 0 0 0 0 0 100
0O 1 -2 0 0 0 0 0 0 0 0 001
o 0 0 -2 1 0 0 0 0 0 0 100
o 0 0 1 -3 1 0 0 0 0 0 100

=10 0 0 0 1 -2 0 1 0 0 0 |zt|l0o0o0]|u (7
o 0 0 0 0 0 -1 1 0 0 0 00 0
o 0 0 0 0 1 1 —4 0 0 1 010
o 0 0 0 0 0 0 0 -2 1 0 010
o 0 0 0 0 0 0 0 1 —2 0 010
o 0 0 0 0 0 0 1 0 0 -1 00 0

What we would like to know is what the controllability progies associated with this
system are. In particular, we would like to avoid the staddank tests and instead obtain
characterizations of what the network topology should |bké& in order to render the system
completely controllable since that would help guide ourigleschoices when designing the
underlying information exchange network. There are variapproaches to answer this question
and we start with the most general and then focus in on metfuwdsnalyzing special classes

of graphs.



Controllability Through External Equitable Partitions

One interesting fact about the controlled agreement dyecsimsithat the followers tend
to cluster together. This clustering effect can actuallyekploited when analyzing the network’s

controllability properties. We thus start with a discussad how such clusters can be obtained.

By a partition of the graphG = (V, E') we understand a grouping (clustering) of nodes
into cells, that is, a mapr : V. — {C4,...,Ck}, where we say that (i) denotes thecell
that node: is mapped to, and we use dom to denote thedomain to which = maps, that is,
dom(r) = {C4,...,Ck}. Similarly, the operatiomr=(C;) = {j € V | =n(j) = C;} returns the
set of nodes that are mapped to @gll An example of such a node partition is given in Figure

3.

But, we are not interested in arbitrary clusters. Insteadywant to partition the nodes into
cells in such a way that all nodes inside a cell have the sammébeauof neighbors in adjacent
cells. To this end, theode-to-cell degree deg, (i, C;) characterizes the number of neighbors that

node: has in cellC; under the partitionr,
deq.(i,C;) = |{k €V | n(k) = C; and (i, k) € E}|. (8)

A partition 7 is said to beequitable if all nodes in a cell have the same node-to-cell degree to

all cells, that is, if, for allC;, C; € dom(w), deg.(k, C;) = deg.(¢, C;), for all k, ¢ € 7=(C;).

This is almost the construction one needs to obtain an lirctiaracterization of the
controllability properties of the network. However, what weed to do is produce partitions that
are equitable between cells in the sense that all agents ivea gell have the same number of
neighbors in adjacent cells, but where we do not care abeudtthcture inside a cells themselves.
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This leads to the notion of aexternal equitable partition (EEP), and we say that a partition

is anEEP if, for all C;,C; € dom(r), wherei # j,

deg.(k,C;) = deg.(¢,C;), for all k,¢ € 771(C;). (9)

A Necessary Condition for Single-Leader Networks

One key objective when trying to understand controllapitif networked systems is to
enable users to interact with such networks. As a first step, @n ask how a single user
should achieve this, which, in the context of leader-fokowmetworks, translates into a single
leader. Hence, we assume that we have a single leader astitige deader node, and we are
particularly interested in EEPs that place this leader nodgesingleton cell, that is, in partitions
wherer~!(7(N)) = {N}, and we refer to such EEPs &mder-invariant. Moreover, we say
that a leader-invariant EEP isaximal if its domain has the smallest cardinality, that is, if it
contains the fewest possible cells, and werdedenote this maximal, leader-invariant EEP. We
note that given a grapty’ and a single leader* always exists uniquely [6], [7]. The maximal,
equitable partition (and as a consequenceas well) can moreover be computed in polynomial
time (polynomial in the size of the graph) and different aitjons have been given to this end,
[6], [3]. Examples of the construction af* are shown in Figure 4, which allow us to state the

following key result from [11].

The networked system in (6) is completely controllable only if G is connected and 7* is

trivial, that is, 7! (7*(4)) = {¢}, for all i € V.

This result allows us to obtain necessary conditions fortrotlability purely in terms
of the network’s graph topology, that is, it does not rely aty aank tests. Examples of this
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topological condition for controllability are given in kige 5.

One particularly intriguing aspect of letting the interant dynamics be given by the
consensus equation (1) is that it provides cohesion in tiank. A consequence of that, as
shown in [11], is that the difference between states witlglscin dom(7*) is uncontrollable.
Moreover, if G is connected these differences decay asymptotically dubedact thatA in
(5) is negative definite if the graph is connected, that i< ifs connected, withr* being its

maximal, leader-invariant EEP, then for &l} € dom(7*)

lim (21, (t) — 2(t)) = 0, for all k,¢ € 7 1(C;). (10)

t—o00

What this tells us is that no matter what the control inputnsjde cells, the state values will

inevitably converge to the same value.

An example of this effect is shown in Figure 6. In that figuri, f®llower agents are
running the consensus equation (1), while the leader agstatte is given by a harmonic function.
As can be seen, agents 2, 3, and 4 end up with the same statesuabe they share the same
cell in the maximal, leader-invariant EEP. Similarly, atgeh and 6 end up with the same value
while agent 1 belongs to a singleton cell. What is at play letbat nodes inside the same cell
are symmetric with respect to the leader. And said symnsetiie obstructions to controllability.
A surprising consequence of this is discussed in [10], whieeeslectrical power grid was found

to be more symmetric (and hence less controllable) tharodichl or social networks.

But we can do even better than this in that we can charactarnagpper bound on what
the dimension of the controllable subspace is, as shown]inr4fact, let (A, B) be given in
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(6) and letI" be the corresponding controllability matrix. Then

rank(I") < |dom(7*)| — 1. (11)

We note that since this result is given in terms of an inetyaistead of an equality, we
have only necessary conditions for controllability rattiean a, as of yet elusive, necessary and
sufficient condition. One instantiation where this ineqyak indeed an equality is when* is
also a distance partition, as shown in [18]. What this mearthat when all nodes that are at
the same distance from the leader (counting hops throughgrdgeh) also occupy the same cell
under7*, we have that rani’) = |[dom(7*)| — 1. These types of situations will be discussed in

subsequent sections of this article.

Quotient Graph Dynamics

One question one can ask now is if it is possible to give thé pathe network that
we can in fact control a graph-theoretic interpretatiorat tis, if there is a network structure
associated with the controllable subspace. In order to @nivis question, we need to introduce
the notion of aquotient graph. Given a graphGG together with an EEPr, the quotient graph
G\t = (Vq, E;,w,) is the weighted and directed graph whose node séf.is- dom(r), the
edge set is the set of ordered pairs such thatC;) € E; if and only if edges connect nodes
in cells C; andC;, and the weight between cells is given by the cell-to-cefirde, that is, the

number of edges connecting nodes in cé€llsand C;. An example is shown in Figure 7.

As V.. = dom(7*) we expect be able to endow the quotient graph with a dynarhats t
is somehow related to the original system. And, as the diffee between state values inside a
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cell in the EEP vanishes asymptotically, what we can in fastehsome hope of controlling is
the average inside a cell. For this, we {gtbe the average state value of a @gJle dom(7*)),

1
fz‘:m . (12)

jem=1(Cy)

which allows us to state a result involving the quotient gralygnamics, found in [4].

Given a connected networky, with a single leader node, whose node dynamics are
given in (6). Letn* be the maximal, leader-invariant EEP associated with teisvork, with
G\7* being the corresponding quotient graph. We now chose taciedeca dynamics with the

guotient graph as

éz = - Z wz’,j(ﬁz’ - fj)a (13)

CjENw*,C,L-

for all i such thatm*~!(C;) # {N}, that is, cell: does not contain the input node, and let
& = u, (14)
if ™ 1(C;)={N}.

Then it turns out that this choice of dynamics is consistetth whe original dynamics

in the sense that the dynamics (13-14), describing the twalof ¢;, satisfy

1
)= ——FF=v > 15
g(t) |7T*_1(CZ-)| jew**l(ci)x (t) ( )
as long as
1
5 (0) |7T*_1(CZ-)| jew;:l(ci)x (0) ( )

What this result tells us is that given a network, what we camtrol is in fact another
smaller network, given by the quotient graph. The equivatlymamics over the quotient graph
is given in terms of the average state values inside celleerEEP. As the differences between
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state values inside the cells vanish asymptotically, icdbss the behavior of the actual states

in the original system as approaches infinity.

The reason why it is beneficial to be able to view the contbbdlaubspace as a network
is that this vantage point allows control designers to fodinectly on smaller structures with
a physical interpretation. It also allows for the networlside to be done in such a way that
the desired quotient graphs are obtained. An example isshowigure 8, in which different

edges are removed from the graph in order to produce diffepeotient graphs.

What we have arrived at, thus far, is a necessary conditioodtrollability based solely
on a characterization of the network topology. There arengfer conditions for specialized
classes of graphs, whose eigenstructure can be more cesddplished. In the next section, we

investigate two such classes, namely, chain and multircheaphs.

Chain and Multi-Chain Graphs

We now move on to networks that exhibit a rather specializegctire. In particular,
we consider systems consistingof> 0 followers, labeled by, ..., n, and one leader, labeled
by n + 1. In view of the system dynamics (6), we know there is a onerte-correspondence
between the system matrik and its associated gragh( A). For simplicity, we call the spectrum

of A the spectrum of the graph G/(A).

We define achain graph with n + 1 vertices to be the graph for which one can label
its vertices in such a way that the edge set contains exawtlyetlge(n + 1,1) and the edges

(1,i—1), (i—1,4), 1 < i < n. We calln thelength of the chain. There are interesting relationships
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between the spectra of two chain graphs if their lengthsfyatertain relationships. To be more
specific, if A is an eigenvalue ofA(G;) with associated eigenvector where G, is the chain
graph withn + 1 vertices, then\ is also an eigenvalue ol(G,), whereGs is the chain graph
with k£(2n+1)+n+1 vertices,k = 1,2, ... In addition, one can construct froman eigenvector

v of A(G,) associated with\, as shown in [2].

We are also interested in graphs that take the form of thenuafcseveral chains. We
say a graphz with n + 1 vertices is ann-chain graph, m > 1, if one can label its vertices in
such a way that there exist integers< k; < ks < --- < k,,_1 < n such that its edge set is
the union of the edge sdt(n + 1,1),(n + 1,k +1),...,(n + 1,kn—1 + 1)} and the edge set
{(i —1,i),(4,i —1),1 <i<nandi # 1,k +1,...,k,_1 + 1}. A typical m-chain graph is

shown in Figure 11.

Using the relationships between the spectrums of chainhgragne can show that the
spectrum of anm-chain graph has the following property. @ is an m-chain graph and the
length of each chain, 1 <i < m, is3l;+ 1 for somel; > 0, then A(G) has—1 as an eigenvalue
whose geometric multiplicity is at least [2]. Since the system (6) is not controllableAf has
an eigenvalue whose geometric multiplicity is greater tbae, from the property of the:.-chain
graphs that we just described, one can check th@ti§ anm-chain graph and the length of each
chain: is 3k; + 1 for somek; > 0, then the system is not controllable. One can also compute
the EEPs of multi-chain graphs. In fact, if the lengths of thains of anm-chain graphG are

different, then its maximal leader-invariant EEP is tri\ji2).

It turns out that somen-chain graphs can be augmented by adding edges connecting

different chains. The augmentation can be carried out ith suway that the augmented graph
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still has a trivial maximal leader-invariant EEP and is a¢ ttame time uncontrollable. We
show two examples of this construction in Figures 10 for sucbontrollable augmented multi-
chain graphs and we note that such classes of augmentedatailti graphs can be generated

systematically.

Conclusions

To be able to infer controllability properties directly fmothe network structure is
useful since it allows the network designer to build netvgottkat satisfy desired controllability
properties. This is important since we typically want to beeao command and control networks
in an efficient manner. In this article, we discuss this isané collect some of the key results
that have emerged in this area during the last five years.ddacg conditions for controllability
are given in terms of the networks’ maximal, leader-invatriBEPSs. These conditions are quite
general and can be extended in a straightforward mannembelye single-leader case, as is
done in [14]. Unfortunately, these conditions are not sigficand the quest for such a graph-
based necessary and sufficient condition remains an opee. islewever, for certain classes of
systems, we have obtained a more complete characterizatnghin this article we report on

two such classes, namely, chain and multi-chain graphs.
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Figure 1: A graphical representation of a network graph. @ingles are nodes in the network
and the edges between nodes encode that information can étwedn adjacent nodes. In the

figure, the leader nodes (nodes 12, 13, 14) are given in bielcke the remaining nodes (nodes

1 to 11) are follower nodes.
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Figure 2: Running the consensus equation (1). Ten agenexaceiting the coordination protocol

in (1) and their states converge to the same value.

17



Figure 3: A partition of the node set into cells. The partitiwas four cells”, ..., C, and each

vertex belongs to exactly one cell.
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Figure 4: A graph with four possible EEPs. The leader-nodieckbnode) is in a singleton cell
in the two left-most figures and, as such, they corresponaaddr-invariant EEPs. Of these
two leader-invariant EEPs, the top-left partition has th@dst number of cells and that partition
is thus maximal. We note that this maximal partition is notiat since one cell contains two

nodes.
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Figure 5: Networks (a), (b) are not completely controllalale their partitionsr™ are not trivial.
The partitionst* associated with networks (c), (d), (e) are indeed triviat, Wwe cannot directly
conclude anything definitive about their controllabilityoperties since the topological condition
is only necessary. Indeed, (c) is completely controllableile (d) and (e) are not completely

controllable.
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Figure 6: Asymptotically stable uncontrollable part of @iynamics. The uncontrollable part is

given by the differences between state values inside the sathin the maximal, leader-invariant

EEP.
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Figure 7: A graphGG with an EEPr (left) and the resulting weighted and directed quotienpgra
G\ (right). For this quotient graph, we hawe.(C;, C;) # w.(C;, C;), that is, the edge weights

are different along different directions.
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Figure 8: An original graph (left) together with two graphstained through the removal of
edges. As a result, the corresponding minimal, leaderigwBEEPS (leader node in black) lead

to different quotient graphs (middle and right).
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Figure 9: Chain graph. Control signals are injected at onehef boundary nodes and are

propagated through the network.
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Figure 10: Examples of augmented two-chain graphs that hatle trivial maximal leader-

invariant EEPs yet are not completely controllable.
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Figure 11:m-chain graph.

26



References

[1] F. Bullo, J. Cortes, and S. MartineRistributed Control of Robotic Networks: A Mathe-
matical Approach to Motion Coordination Algorithms, Princeton University Press, 2009.

[2] M. Cao, S. Zhang, and M. K. Camlibel. A Class of Uncontable Diffusively Coupled
Multi-Agent Systems with Multi-Chain Topologies. Subrsitt to IEEE Transactions on
Automatic Control, 2011.

[3] D.G. Comeil and C.C. Cottleib. An efficient algorithm fgraph isomorphismJ. Assoc.
Comput. Mach, Vol. 17, pp. 51-64, 1970.

[4] M. Egerstedt. Controllability of Networked SysteniMathematical Theory of Networks and
Systems, pp. 57-61, Budapest, Hungary, 2010.

[5] A. Fax and R. M. Murray. Graph Laplacian and Stabilizatiof Vehicle Formations.
Proceedings of the 15th IFAC World Congress, pp. 283-288, 2002.

[6] C.D. Godsil. Compact graphs and equitable partiticmsear Algebra and its Applications,
Vol. 255, pp. 259-266, 1997.

[7] C. Godsil and G. RoyleAlgebraic Graph Theory, Springer, New York, 2001.

[8] A. Jadbabaie, J. Lin, and A.S. Morse. Coordination of @® of Mobile Autonomous
Agents using Nearest Neighbor RuléEEE Transactions on Automatic Control, Vol. 48,
No. 6, pp. 988-1001, 2003.

[9] Z. Lin, M. Broucke, and B. Francis. Local Control Straieg) for Groups of Mobile
Autonomous Agentd EEE Transactions on Automatic Control, Vol. 49, No. 4, pp. 622-629,
2004.

[10] Y.Y. Liu, J.J. Slotine, and A.L. Barabasi. Controllatyl of complex networksNature, \Vol.

27



473, pp. 167173, 2011.

[11] S. Martini, M. Egerstedt, and A. Bicchi. Controllalyli Decompositions of Networked
Systems Through Quotient GraphEEE Conference on Decision and Control, pp. 2717-
2722, Cancun, Mexico, Dec. 2008.

[12] M. Mesbahi and M. Egersted&raph Theoretic Methods for Multiagent Networks, Princeton
University Press, Princeton, NJ, 2010.

[13] R. Olfati-Saber and R.M. Murray. Consensus ProtocotsNetworks of Dynamic Agents,
American Control Conference, pp. 951-956, Denver, CO, June 2003.

[14] A. Rahmani, M. Ji, M. Mesbahi, and M. Egerstedt. Con#ioillity of Multi-Agent Systems
from a Graph-Theoretic Perspecti@AM Journal on Control and Optimization, Vol. 48,
No. 1, pp. 162-186, Feb. 2009.

[15] W. Ren and R.W. BeardDistributed Consensus in Multi-vehicle Cooperative Control,
Communications and Control Engineering Series, Sprivgelag, London, 2008.

[16] H. G. Tanner. On the Controllability of Nearest NeighlterconnectionsProceedings of
the |IEEE Conference on Decision and Control, pp. 2467-2472, Dec. 2004.

[17] H. Tanner, A. Jadbabaie, and G.J. Pappas. Flocking xed-and Switching Networks,
|EEE Transactions on Automatic Control, Vol. 52, No. 5, pp. 863-868, 2007.

[18] S. Zhang, K. Camlibel, and M. Cao. Controllability of fidisively-Coupled Multi-Agent
Systems with General and Distance Regular Coupling TopedotEEE Conference on

Decision and Control, Orlando, FL, Dec. 2011.

28



Author Information

Magnus Egerstedt is a Professor in Electrical and Computgimigering at the Georgia Institute
of Technology. His research interests include hybrid artdioiked control, with applications in
motion planning, control, and coordination of mobile rabdtle is the director of the Georgia
Robotics and Intelligent Systems Laboratory (GRITS Labfedlow of IEEE, and serves as

Editor for Electronic Publications for the IEEE Control $ms Society.

Simone Martini received the master degree in Computer Sei&mgineering from the University
of Pisa in 2008 with a thesis developed at the School of Btadtand Computer Engineering
at the Georgia Institute of Technology. Currently, he is a@bPlstudent in Robotics Automation
and Bioengineering at the Interdepartmental Researche€CéatPiaggio” of the University of

Pisa. His main research involves distributed control, anordination of mobile robots.

Ming Cao is an Assistant Professor at the University of Gigan, the Netherlands. He received
the Bachelor degree in 1999 and the Master degree in 2002 Tiinghua University, China,
and the PhD degree in 2007 from Yale University, USA, all iectlical engineering. From
September 2007 to August 2008, he was a Research AssociBrneeton University, USA.

His main research interest is in autonomous agents and-agdtit system.

Kanat Camlibel received the B.Sc. and M.Sc. degrees in abatxd computer engineering from
the Istanbul Technical University, in 1991 and 1994, respely, and the Ph.D. degree from
Tilburg University, in 2001. Between 2001 and 2007. He auityeholds an assistant professor
position at the University of Groningen. He is a subjectadior International Journal of Robust

and Nonlinear Control.

29



Antonio Bicchi is a Professor of Systems Theory and Robaticthe University of Pisa, the
Director of the Research Center “E. Piaggio” in Pisa , and aid8eScientist at the Italian
Institute of Technology, Genoa, Italy. His main researdierests are in the theory and control
of nonlinear systems, in particular hybrid systems; dymrarkinematics and control of complex

mechanical systems; haptics and dexterous manipulatienis 4 Fellow of IEEE.

30



