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Joint Centrality Distinguishes Optimal
Leaders in Noisy Networks

Katherine Fitch, Student Member, IEEE, and Naomi Ehrich Leonard, Fellow, IEEE

Abstract—We study the performance of a network of agents
tasked with tracking an external unknown signal in the presence
of stochastic disturbances and under the condition that only a
limited subset of agents, known as leaders, can measure the signal
directly. We investigate the optimal leader selection problem for a
prescribed maximum number of leaders, where the optimal leader
set minimizes total system error defined as steady-state variance
about the external signal. In contrast to previously established
greedy algorithms for optimal leader selection, our results rely on
an expression of total system error in terms of properties of the
underlying network graph. We demonstrate that the performance
of any given set of noise-free leaders depends on their influence
as determined by a new graph measure of the centrality of a set.
We define the joint centrality of a set of nodes in a network graph
such that a noise-free leader set with maximal joint centrality is
an optimal leader set. In the case of a single leader, we prove that
the optimal leader is the node with maximal information centrality
for the noise-corrupted and noise-free leader cases. In the case of
multiple leaders, we show that the nodes in the optimal noise-free
leader set balance high information centrality with a coverage
of the graph. For special cases of graphs, we solve explicitly for
optimal leader sets. Examples are used to illustrate.

Index Terms—Leader-follower dynamics, network analysis and
control, networked control systems, network theory (graphs),
optimization stochastic/uncertain systems.

I. INTRODUCTION

ANALYSIS of networked multiagent system dynamics has
generated substantial research interest in recent years

[1]–[3]. This is largely due to the broad range of applications
for which the theory can be applied, including, for example,
the design of vehicle networks [4], analysis of social networks
[5], investigation of collective animal behavior [6], and more.
Often in these applications, the network must learn an external
signal, for example, in the case of a sensor network using a
consensus to estimate an environmental signal [7]. However,
when the signal is costly to sample, for example, because of
energy consumption costs or costs associated with acquiring
the necessary sensory or processing capability, it may become
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impractical for all agents in the network to measure the signal
directly. If interagent sensing or communication is relatively
inexpensive, then a more efficient solution involves a limited
subset of agents, called leaders, measuring the signal directly,
with the remaining agents, called followers, learning the signal
through network connections. In this paper, we address the
problem of selecting leaders, as a function of the network graph,
to maximize network accuracy in tracking the external signal.

The problem is motivated by the quest for the design of high-
performing engineered networks, such as sensor networks as
well as by the search for conditions under which biological
networks, such as animal groups, perform highly. For example,
in migratory herds, the animals must learn, agree on, and move
together along a single migration route. It is likely that only
a subset of animals invests in a direct measurement of the
route, particularly when it is easier to rely on observations
of neighbors [8]. Reference [8] shows that the emergence of
leaders and followers within a large, mobile population is an
evolutionarily stable solution for a sufficiently high investment
cost of sampling the migration route. In [9], the authors used a
mathematical model to analyze this evolutionary dynamic and
to compute the location of emergent leaders as a function of
the network graph and the investment cost. The model yields
a distributed adaptive dynamic for taking on leadership in this
context; however, the evolutionary dynamics do not guarantee
a steady-state solution that is optimal for the herd.

In this paper, we study the leader-follower network dynamics
subject to stochastic perturbations [10], [11], examining cases
in which there are one and two noise-corrupted leaders and in
which there are any number of noise-free leaders. Our objective
is to make rigorous how a leader set, as a function of properties
of the network graph, affects the total system error of the group
defined as the steady-state variance of the system about the
external signal. Total system error can also be viewed as a
measure of coherence, equivalently, the H2 norm of the system
dynamics [11], [12].

To this end, we develop a means of quantifying the combined
influence of a set of leader nodes in a network on the total
system error in the leader-follower dynamic. Intuitively, this
influence should correspond to some notion of centrality of
a set of nodes since a leader set that gives low system error
must be well connected to other nodes in the network. Different
types of centrality of a set of nodes were defined in [13],
where the authors quantified degree, closeness, betweenness,
and flow centralities of sets of nodes by extensions of the
definitions for individuals. Illustrative examples were used in
[13] to explore the relationship between those measures and
network properties. In contrast to the literature, we derive a
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measure of centrality of a set of nodes, called joint centrality,
by examining the performance measure, that is, total system
error, and expressing performance in terms of graph measures.
We note that applications of measures of centrality of a set of
nodes include a broad range of research areas from emergency-
response management [14] to a network connectivity analysis
of the quality of innovative ideas [15].

Much of the recent research related to leader-follower mul-
tiagent systems with stochastic dynamics has focused on the
development of offline leader selection algorithms that seek
to find the leader set that minimizes total system error [11],
[16]–[19]. These algorithms have been designed to be com-
putationally efficient in approximating optimal solutions with
proven bounds on the total system error relative to the optimal
value of error. Many of the algorithms are iterative, adding to
the leader set one agent at a time. This approach may preclude
finding the optimal solution since the optimal set of l leaders
does not necessarily include the optimal set of m leaders,
l > m. The authors in [19] address this issue by considering
a “swap” step within their iterative algorithm.

Our contributions are fourfold. First, we provide a new
approach to solve the optimal leader selection problem in terms
of network graph measures. In general, our approach reduces
computational complexity significantly compared to the brute
force computation. Second, we define a new notion of centrality
of a set of nodes in an undirected, connected graph, that we call
joint centrality. For the tracking dynamics of the leader-follower
network, we show that the total system error is inversely propor-
tional to the joint centrality of the leader set when the leaders
are noise free. Thus, the solution to the optimal leader selection
problem is the set of nodes that maximizes joint centrality.

The joint centrality of a set of nodes depends on the in-
formation centrality of each of the nodes and the resistance
and biharmonics distances between pairs of nodes in the set.
We show how to calculate joint centrality using entries from
submatrices of the pseudoinverses of the Laplacian and squared
Laplacian. We show that joint centrality of a set of nodes is a
generalization of information centrality for a single node, and
that the optimal leader set is composed of nodes that trade off
high nodal information centrality with good coverage of the
graph, that is, a well-distributed set with respect to resistance
and biharmonic distances among nodes in the set.

Third, we consider the case of noise-corrupted leaders and
we derive a modified notion of joint centrality, showing, in the
cases of one and two noise-corrupted leaders, that total system
error is inversely proportional to the modified joint centrality of
the leaders. Fourth, we prove the explicit solution to the optimal
leader selection problem in the case of cycle graphs and path
graphs. A preliminary version of results in this paper, for the
cases of one and two leaders, appears in [20].

This paper is organized as follows. In Section II, we introduce
the network model dynamics and define the optimal leader
selection problem. We review information centrality, resistance
distance, biharmonic distance and other properties of the Lapla-
cian in Section III. In Section IV we derive total system error for
the general case of m noise-free leaders, define joint centrality
of m nodes, and prove our main result. In Section V, we
interpret joint centrality, we prove explicit solutions to the

optimal leader selection problem in a few cases, and we extend
our results to noise-corrupted leaders in the case of one and
two leaders. We also discuss the connection to the problem of
controllability of networks. We show an example application of
joint centrality in Section VI. We conclude with a discussion in
Section VII.

II. MODEL AND PROBLEM STATEMENT

We consider a network of n agents tasked with tracking an
external signal from the environment. We denote the external
signal by μ ∈ R and assume it to be a constant. Generaliza-
tions to vector-valued environmental signals are expected to
be relatively straightforward and extensions to time-varying
environmental signals are the topic of future work.

The state of agent i for i = 1, . . . , n is xi ∈ R, and it repre-
sents agent i’s estimate of the signal μ. The state of the network
is given by x = [x1, x2, . . . , xn] ∈ R

n. Agent i can measure
the evolving relative state xj − xi for each agent j in its set of
neighbors Ni. The availability of these measurements to agent
i is the result of agent i directly sensing the relative state of
its neighbors, for example, in the case that the state refers to
position, or of neighbors communicating the value of their state
to agent i.

The graph G = (V , E , A) encodes the network topology.
Each agent corresponds to a node in the set V = {1, 2, . . . n},
and we will use the terms “agents” and “nodes” interchange-
ably. E ⊆ V × V is the set of edges, where the edge (i, j) ∈ E
if j ∈ Ni. The adjacency matrix is given by A ∈ R

n×n where
matrix element ai,j corresponds to the weight on edge (i, j).

We consider undirected, connected graphs. Recent results on
effective resistance in directed graphs [21], [22] suggest the
means to extend our theory in future work to the case of directed
graphs. If the undirected graph contains edge (i, j), then ai,j =
aj,i > 0; otherwise, ai,j = 0. The degree matrixD is a diagonal
matrix with entries di,i =

∑n
j=1 ai,j . The associated Laplacian

matrix is defined as L = D −A.
An agent l ∈ V is called a leader if it directly measures

the external signal. Let kl > 0 be the weight that agent l puts
on its signal measurement. Any agent that is not a leader is
called a follower. Let the set of leaders be denoted as S with
cardinality m and the set of follower nodes, denoted by F , be
the complement of S with cardinality n−m. The summation
over s denotes summation over the leader set, while summation
over i denotes summation over the entire set of leaders and
followers. We use the index l1 when it is necessary to identify
one leader apart from the rest of the leader set.

Throughout this paper, when a set S of m nodes is identified,
we will assume they are the first m nodes in an ordering of the
n nodes. Accordingly, we will denote the partition of an n× n
matrix B as

B =

[
BS BSF

BFS BF

]
(1)

where BS is an m×m matrix corresponding to nodes in set S,
and BF is an (n−m)× (n−m) matrix corresponding to the
remaining nodes. We will further let l1 be the first node in the
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ordered set S. We will denote the Moore Penrose pseudoinverse
of a matrix B by B+ and the conjugate transpose of B by B∗.
We let 1n be the vector of n ones and ej be the standard basis
vectors for Rn.

We assume that all leaders apply the same weight k to their
measurement of the external signal, that is, ki = k > 0 for i ∈
S and ki = 0 for i ∈ F . We assume that stochastic disturbances
enter the dynamics as additive noise. We model the dynamics
for each agent i ∈ V by the following stochastic process:

dxi = −ki(xi − μ)dt− Lixdt+ σdWi (2)

whereLi is the ith row of the LaplacianL, and σdWi represents
increments drawn from independent Wiener processes with
standard deviation σ.

In the case that k < ∞, the dynamics of the leaders and
followers are all noise corrupted. In [19], it was demonstrated
that in the limit as k → ∞, that is, in the case that leaders
apply an arbitrarily large weight to tracking the external signal,
the dynamics (2) describe the case of noise-free leaders. Thus,
our model (2) describes both cases of noise-corrupted leaders
(k < ∞) and noise-free leaders (k → ∞).

To write (2) in vector form, let K ∈ R
n be the diagonal

matrix with elements ki, let M = L+K and without loss of
generality, let μ = 0. Then, (2) becomes

dx = −Mxdt+ σdW. (3)

Since we have assumed that G is connected, −M is Hurwitz so
long as ki = k > 0 for some agent i, that is, S is nonempty.

Thus, for nonempty S, x will converge to a steady-state
distribution about the value of the external signal, and the
steady-state covariance matrix Σ of x is the solution to the
Lyapunov equation

MΣ+ ΣMT = σ2I.

The steady-state variance of xi is Σi,i, the corresponding diag-
onal element of Σ. Since the external signal is assumed to be
constant, the system will converge to a steady-state distribution
about the value of the external signal even if the nodes chosen
as leaders do not guarantee system controllability.

Following [11] and [18], we define total system error as
Tr(Σ)=

∑n
i=1Σi,i. We define group performance as the inverse

of total system error, which measures network tracking accuracy.
By [23] we have that the covariance matrix of (3) is

Cov (x(t),x(t)) = σ2

t∫
0

e−M(t−τ)e−MT (t−τ)dτ. (4)

Given that G is undirected, the Laplacian matrix L will be
symmetric and it follows that M will be symmetric and normal.
Let the eigenvalues of M be λi, i ∈ V with corresponding
eigenvectors νi. Let Λ be the diagonal matrix with entries
Λi,i = λi. Then there exists a unitary matrix U such that
U ∗MU = Λ and (4) can be written as

Cov (x(t),x(t)) = σ2 (UR(t)U ∗)

with

R(t) :=

t∫
0

e−(Λ+Λ∗)(t−τ)dτ.

From [24], this gives

[Cov (x(t),x(t))]i,j = σ2
n∑

p=1

1− e−2Re(λp)t

2Re(λp)
ν
(p)
i ν

(p)
j

∗
.

Since M is symmetric, all eigenvalues of M will be real, and
the steady-state variance of each node can be written as

Var(xi)ss = Σi,i = σ2
n∑

p=1

1

2λp

∣∣∣ν(p)i

∣∣∣2 . (5)

Total system error follows from summing (5) over all i

n∑
i=1

Σi,i = σ2
n∑

i=1

1

2λi
=

σ2

2

n∑
i=1

M−1
i,i . (6)

Total system error defines the coherence of the network, and is
equivalent to the H2 norm of the system with output equation
y=Cx, whereC=In and In then×n identity matrix [11], [12].

We define the optimal leader selection problem as follows.
Definition 1 (Optimal Leader Selection Problem): Given m

and an undirected, connected graph G, find a set of m leaders
S∗ over all possible sets S of m leaders that minimizes the
total system error (6) for the leader-follower network tracking
dynamics (3), that is, find

S∗ = argmin
S

σ2
n∑

i=1

1

2λi
= argmin

S

σ2

2

n∑
i=1

M−1
i,i .

III. REVIEW OF PROPERTIES OF THE LAPLACIAN

AND GRAPH-THEORETIC MEASURES

We briefly review relevant graph-theoretic measures and
identities that will be applied in later sections. We start with
the notion of information centrality, which was first introduced
by Stephenson and Zelen in [25]. Information centrality can be
understood by first defining the information in a path between
any two nodes in G to be the inverse of the path length between
those two nodes. Thus, the longer the path, the less information
in that path. Total information between nodes i and j, denoted
as Itoti,j , is the sum of the information in all paths connecting
nodes i and j. Reference [25] shows that total information can
be calculated without path enumeration by using the group
inverse of the Laplacian, which here is the pseudoinverse L+

Itoti,j =
(
L+
i,i + L+

j,j − 2L+
i,j

)−1
.

Information centrality for node i, denoted as ci, is defined as
the harmonic average of total information between node i and
all other nodes in G

ci =

⎛
⎝ 1

n

n∑
j=1

1

Itoti,j

⎞
⎠

−1

. (7)
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In [26], Poulakakis et al. evaluated the certainty of each
node i in a network of decision-makers accumulating stochastic
evidence toward a decision. This certainty, denoted as μi, is
defined as the inverse of the difference between the variance
of the state xi about the reference signal and the minimum
achievable variance as t → ∞. The authors applied the notion
of information centrality to directly interpret μi in terms of
structural properties of the underlying communication graph.
It was proven that

1

μi
=

σ2

2
L+
i,i =

σ2

2

(
1

ci
− Kf

n2

)
(8)

where Kf is the Kirchhoff index of G. The identity (8) implies
that the ordering of nodes by certainty is equal to the ordering of
nodes by information centrality [26]. We show in later sections
that information centrality also plays a critical role in the
solution to the optimal leader selection problem.

The total information between any two nodes i and j is
closely related to the resistance distance between them, denoted
as ri,j . Resistance distance between nodes in the undirected
graph G is defined as the resistance distance between the
corresponding two nodes in the electrical network analog to the
graph G. With [27] for an undirected graph G

ri,j = L+
i,i + L+

j,j − 2L+
i,j = Itoti,j

−1
. (9)

It follows that

n∑
i=1

ri,j =
n

cj
.

An additional measure with a similar form to that of re-
sistance distance is the recently derived notion of biharmonic
distance dB [28]. This measure has been used to quantify
distance between two points vi, vj on the surface of a discrete
3-D mesh

dB(vi, vj)
2 = gd(i, i) + gd(j, j)− 2gd(i, j)

where gd is the discrete Green’s function of the discretized, nor-
malized bilaplacian L̃2, equivalent to the pseudoinverse of L̃2,
and L̃ is the normalization of Laplacian L. In the context
of 3-D meshes, the biharmonic distance has the advantage,
over diffusion and geodesic distances, of providing a balance
between local and global properties of a surface, reflecting
overall connectivity for faraway points [28]. We define the
biharmonic distance between two nodes i and j in the graph G,
which we denote γi,j , analogously without normalizing L

γi,j =L2+
i,i + L2+

j,j − 2L2+
i,j =

n∑
l=1

(
L+
l,i − L+

l,j

)2

=(ei − ej)
TL2+(ei − ej). (10)

We observe that the definition of biharmonic distance γi,j of
(10) is very similar to the definition of resistance distance ri,j
of (9) with the difference being the use of the pseudoinverse of
L2 in the definition of γi,j compared to the pseudoinverse of
L in the definition of ri,j . Since L2 is symmetric and positive

semidefinite, we immediately have that γ1/2 is a metric. In fact,
it can be viewed as a Manahalobis distance which, in this case,
describes a dissimilarity measure between two vectors from
a single distribution with covariance matrix L2. Let Γ be the
matrix with elements γi,j .

For completion, we note that resistance distance and bihar-
monic distance between nodes can be written in terms of the
eigenvalues λi and eigenvectors νi of the Laplacian L

ri,j =
n∑

l=2

1

λl

(
νil − νjl

)2

γi,j =

n∑
l=2

1

λ2
l

(
νil − νjl

)2

.

Finally, the following properties of L+ will be applied to the
proofs. (See [26] for details.)

LL+ =L+L = In − 1

n
1n1n

T (11)

1n
TL+ =L+1n = 0 (12)

Tr(L+) =
Kf

n
. (13)

IV. JOINT CENTRALITY AND THE OPTIMAL m
NOISE-FREE LEADERS

In this section, we prove our main result on the general
solution of the optimal leader selection problem by deriving
an explicit expression for total system error with m noise-free
leaders in terms of properties of the underlying graph. Before
stating the theorem, we first define the joint centrality of a set
of m nodes in a network graph.

Definition 2 (Joint Centrality): Let G be an undirected,
connected graph of order n. Given integer m < n, let S be the
set of any m nodes in G. Choose an arbitrary element l1 ∈ S.
Let N be an n× n matrix with elements of N−1 given by

N−1
i,j = L+

i,j − L+
i,l1

− L+
j,l1

+ L+
l1,l1

. (14)

Following (1), N−1
S\l1 is the (m− 1)× (m− 1) submatrix of

N−1 corresponding to the elements of S less the first element

l1. Let G = (N−1
S\l1)

−1
and Ḡ =

[
0 0
0 G

]
∈ R

m×m. Let Q =

ḠΓS , where Γ is given by (10). The joint centrality of set S in
G is defined as

ρS = n

(
Kf

n
+ n det(G) det

(
L+
S

)
+

1

2
Tr(Q)− 1T

nQel1

)−1

.

(15)

Theorem 1 (Optimal Noise-Free Leader Set): Let G be an
undirected, connected graph of order n. Let S be a set of
m noise-free leaders. Then, the total system error (6) for the
system dynamics (3) is

n∑
i=1

Σi,i =
σ2

2

(
n

ρS

)
(16)
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where ρS is the joint centrality of leader set S given by (15).
The optimal leader set is S∗ = argmaxS ρS , the set of leader
nodes with the maximal joint centrality.

We recall three lemmas that will be used in the proof of
Theorem 1.

Lemma 1 [29]: Let z,y ∈ R
n. A rank-1 update zyT for

the Moore-Penrose pseudoinverse of a real valued matrix, F ∈
R

n×n, is given by

(F + zyT )
+
= F+ +H

where

H = − 1

‖w‖2vw
T − 1

‖m‖2mhT +
β

‖m‖2‖w‖2mwT (17)

and β = 1 + yTF+z, v = F+z, h = (F+)Ty, w = (I −
FF+)z, and m = (I − F+F )Ty.

Lemma 2 [30]: Let X ∈ R
n×n, Z ∈ R

m×m, U ∈ R
n×m and

V ∈ R
m×n such that X , Z and X + UZV are nonsingular.

Then, (X + UZV )−1 can be written as

(X + UV Z)−1 = X−1 −X−1U(Z−1 + V X−1U)
−1
V X−1.

Lemma 3 [31]: The determinant of a bordered matrix can be
computed as follows:∣∣∣∣X u

vT d

∣∣∣∣ = d|X | − vT (adjX)u

where X ∈ R
p×p, u,v ∈ R

p, and d ∈ R.
Proof: (Theorem 1). We begin by studying terms in the

total system error for finite k > 0 and then evaluate in the limit
as k → ∞. From (6), the total system error is proportional to
Tr(M−1) where M = L+K . Let K1 be the diagonal matrix
with k in the first diagonal element and zeros elsewhere and let
Km−1 = K −K1. We derive an expression for Tr(M−1) by
calculating two successive updates to L+. We first show that if
we define N = L+K1, and thus M = N +Km−1, then N−1

satisfies (14) for k → ∞.
Let e = d be vectors of length n with

√
k in the l1 (first)

entry and zeros elsewhere where l1 is a member of the leader
set. Note that the choice of l1 will not affect the value of joint
centrality for a given leader set. Then N−1 = (L+K1)

−1 =

(L + edT )
−1

. Applying Lemma 1 we get that (L+ edT )
−1

=
L+ +H , with H given by (17) such that

N−1=L+−L+
l1
1n

T −1nL
+T
l1

+

(
1+kL+

l1,l1

)
k

1n
T1n. (18)

Taking the limit as k → ∞, the elements of N−1 can be written
as (14).

Let U=[−
√
ke2, . . . ,−

√
kem]∈R

n×(m−1), let V =UT and
let Im−1 ∈ R

(m−1)×(m−1) be the identity matrix. Then, M−1 =
(N+Km−1)

−1=(N+UIV )−1. Applying Lemma 2, we obtain

(N + UIV )−1 = N−1 −N−1U(I+ V N−1U)
−1
V N−1.

LetG=(N−1
S\l1)

−1 as in Definition 2. Then if we take the limit

as k→∞, sum the diagonal elements of M−1=(N+UIV )−1,
and apply the identities (12) and (13) we obtain
n∑

j=1

M−1
j,j =

Kf

n
+nL+

l1,l1
−

∑
s1,s2∈S\{l1}

n∑
i=1

Gs1,s2

×
(
L+
l1,l1

(
L+
l1,l1

−L+
l1,s1

−L+
l1,s2

)
+L+

l1,s1
L+
l1,s2

+
1

2

×
[(
L+
i,l1
−L+

i,s1

)2
+
(
L+
i,l1
−L+

i,s2

)2
−
(
L+
i,s1

−L+
i,s2

)2])
.

(19)

Consider the square bracketed terms of (19) in which we
observe the emergence of biharmonic distance, γ. Substituting
(10) and defining Ḡ as in Definition 2, we obtain

∑
s1,s2∈S\{l1}

n∑
i=1

Gs1,s2

×1

2

[(
L+
i,l1

−L+
i,s1

)2

+
(
L+
i,l1

−L+
i,s2

)2

−
(
L+
i,s1

−L+
i,s2

)2])

= −1

2
Tr(ḠΓS) + 1T

n [ḠΓS ]el1 .

Additional simplification is made by applying Lemma 3 to
the middle terms on the right-hand side of (19). We obtain

nL+
l1,l1

−n
∑

s1,s2∈S\{l1}
Gs1,s2

×
(
L+
l1,l1

(
L+
l1,l1

− L+
l1,s1

− L+
l1,s2

)
+ L+

l1,s1
L+
l1,s2

)

=
n

det(G−1)

⎛
⎝L+

l1,l1
det(G−1)−

∑
s1,s2∈S\{l1}

CN−1
s1,s2

×
[
L+
l1,l1

(
L+
l1,l1

−L+
l1,s1

−L+
l1,s2

)
+L+

l1,s1
L+
l1,s2

]⎞⎠
(20)

whereCN−1 is the cofactor matrix of N−1
S\l1 = G−1. We then let

L+
l1,si

=[L+
l1,s1

, . . . ,L+
l1,sm−1]

T
and L+

l1,l1
=[L+

l1,l1
, . . . ,L+

l1,l1
]
T

be vectors in R
m−1 and apply Lemma 3 to rewrite the expres-

sion in (20) as

n

det
(
N−1

S\l1
) ∣∣∣∣ N−1

S\l1 L+
l1,l1

− L+
l1,si

L+
l1,l1

− L+
l1,si

L+
l1,l1

∣∣∣∣ . (21)

Using (14), we expand the determinant in (21) and perform
algebraic manipulation to show that (21) simplifies to

n det(G) det
(
L+
S

)
.

Thus
n∑

i=1

Σi,i =
σ2

2

(
Kf

n
+ n det(G) det

(
L+
S

)
+

1

2
Tr(ḠΓS)− 1T

n [ḠΓS ]el1

)

=
σ2

2

(
n

ρS

)

where ρS is defined by (15). �
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V. INTERPRETATION

In this section we provide interpretation of and intuition on
the joint centrality measure, we prove explicit solutions to the
optimal leader selection problem in a few cases, and we con-
sider noise-corrupted leaders in the case of m = 1 and m = 2.
Our central insight is that joint centrality of a set of nodes is a
generalization of information centrality of an individual node:
the joint centrality of a set of nodes is directly related to the
information centrality of each individual node in the set and
a coverage of the graph by the whole set, defined in terms of
distribution of the set over the graph with respect to resistance
and biharmonic distances. These components of joint centrality
may be in tension, since the most information central nodes can
be close to one another (e.g., in the path graph), in which case
they may be insufficiently distributed over the graph to provide
good coverage. The optimal leader set is composed of nodes
that trade off high nodal information centrality (close to the
center in the path graph example) with good coverage (close
to the ends in the path graph example).

We begin in this section by examining the terms in the
expression for joint centrality in the case of an arbitrary number
of noise-free leadersm, and show the connection to information
centralities and coverage. We solve the optimal leader selection
problem in the case of a cycle graph and illustrate further with a
more general example. We then specialize to the case of m = 1
leader, and show how joint centrality specializes to information
centrality of the leader node, with or without noise corruption.
Next we specialize to the case of m = 2 leaders, where the
expression for joint centrality facilitates a close examination
of the tradeoff between information centralities and coverage
provided by the two leaders. We prove an explicit solution for
the optimal set of two leaders in the case of the path graph. We
also address the problem for m = 2 noise-corrupted leaders and
provide intuition. We finish the section with a discussion of our
results in light of greedy algorithms for finding optimal leader
sets, and we make connections to controllability.

A. Joint Centrality and an Arbitrary Number of Leaders m

We interpret the results of Theorem 1 in the following two
remarks. We then illustrate the notion of coverage by proving
the explicit solution to the optimal leader set in the case of a
cycle graph. We illustrate the tradeoff between centrality and
coverage with an example network.

Remark 1: Using Theorem 1 to compute the total system
error in terms of joint centrality of the m leader nodes provides
a significant reduction in computation as compared to using the
definition of total system error (6). Using joint centrality one
only needs to compute the inverse of two n× n matrices L+

and L2+ and then for each candidate set of leaders the inverse
of an (m− 1)× (m− 1) matrix. This is in contrast to using
the definition (6), which requires computing the inverse of the
n× n matrix M for each candidate set of leaders.

Remark 2: Theorem 1 reveals how the solution to the optimal
leader selection problem is an optimal tradeoff between high
information centrality of the leader nodes and high resistance
distances and biharmonic distances between leader nodes. To
see this we examine the terms in (15) for joint centrality ρS .

First, the elements of N−1 given by (14) depend on resistance
distances

N−1
i,j =

1

2
(ri,l1 + rj,l1 − ri,j).

Thus, N−1
i,j quantifies a joint resistance distance between a pair

of nodes i, j and l1, Then, det(G) = (det(N−1
S\l1))

−1
depends

on these joint resistance distances among leaders.
Second, by (8) each diagonal element of L+

S corresponds
to a leader node and depends directly on the inverse of its
information centrality as follows:

L+
s,s =

1

cs
− Kf

n2
.

By (9) the off diagonal elements of L+
S depend on information

centralities and resistance distances between leaders

L+
s,t =

1

2

(
1

cs
+

1

ct
− rs,t − 2

Kf

n2

)
.

Maximizing ρS requires a small det(G) det(L+
S ), which sug-

gests a key tradeoff between high information centrality of
leaders and high resistance distances between leaders.

The term Tr(Q) in (15) is the sum of products of the
biharmonic distances between pairs of leader nodes (from ΓS),
and terms in G. Since Tr(Q) is negative, maximizing joint
centrality requires high biharmonic distances between pairs of
leader nodes. Biharmonic distance between a pair of nodes de-
pends strongly on global connectivity of the graph and together
with resistance distances provides a measure of coverage of the
graph by a node set. Thus, the joint centrality measure makes
rigorous how the optimal leader set trades off high information
centrality of each of the nodes in the set with a good coverage
of the graph by the set of nodes.

To better understand the coverage term, we first consider the
case of a cycle graph. Because each node in the cycle graph
has the same information centrality, it is only the coverage term
that matters in the optimization of joint centrality. We can use
the cyclic structure of the graph Laplacian to explicitly solve for
the optimal locations of m noise-free leaders. In the following
theorem, we show that the optimal leader set is a set of nodes
uniformly distributed about the cycle, which corresponds to a
set that maximizes coverage of the graph.

Theorem 2 (Optimal Noise-Free Leader Set on a Cycle
Graph): Let G be an undirected, unweighted cycle graph of
order n. Let m < n such that p = n/m is an integer. Let S
be a set of m noise-free leaders. Then, an optimal leader set S∗

is any set S where the leaders are uniformly distributed around
the cycle, that is, the geodesic distance between any leader and
each of the other two closest leaders is dsa,sb = p.

Proof: See Appendix A. �
Next, to illustrate the tradeoff between nodal information

centrality and coverage, we consider the unweighted, undi-
rected, connected graph shown in Fig. 1. The optimal sets of
one, two and three leaders are shown in yellow, green, and blue,
respectively. Visually, it is clear that the optimal choice for a
single leader (node 9, in yellow) has a central position in the
network. In fact, node 9 has the highest information centrality ci
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Fig. 1. Solutions to the optimal leader set for an example graph with 16 nodes.
For m = 1 leader, the optimal solution is node 9, shown in yellow. For m =
2 leaders, the optimal solution is the set of nodes 2 and 3, shown in green.
For m = 3 leaders, the optimal solution is the set of nodes 6, 10, and 12, shown
in blue.

(7), consistent with Corollary 1 of Section V, where it is proved
that the optimal single leader is the most information central
node.

Interestingly, it is observed that the optimal single leader is
not a member of the optimal set of two leaders (nodes 2 and 3, in
green). This is due to the fact that the optimal two leaders need
to trade off high information centrality as individuals with a joint
coverage of the graph (see also Corollary 2 in Section V-C). For
this reason, the optimal two leaders are well connected within
the graph and distanced from each other.

The optimal three leaders (nodes 6, 10, 12, in blue) further
illustrate the key tradeoff between leaders that are central and
leaders that cover the graph. Although node 12 is not so well
connected, its large resistance and biharmonic distances from
nodes 6 and 10 make it part of the optimal three-leader set. That
is, the three-node leader set has optimal joint influence on the
graph, as encoded by the joint centrality of the set.

The three solutions illustrate how a leader selection algo-
rithm that first selects a leader and then iteratively adds to the
set would result in a suboptimal leader set for this example and
likely in general. (See also the example in [11].)

B. Optimal Selection of a Single Noise-Corrupted or
Noise-Free Leader

Joint centrality reduces to information centrality in the case
of a single leader (m = 1), with or without noise corruption.
Thus, the optimal single leader is the node with the highest
information centrality.

Corollary 1 (Optimal Leader Set, m = 1): Let G be an
undirected, connected graph of order n. Let S = {s} be a
set of one noise-corrupted leader (k < ∞) with information
centrality cs. Then, the total system error (6) for the system
dynamics (3) is

n∑
i=1

Σi,i =
nσ2

2

(
1

k
+

1

cs

)
.

If instead the leader set S is noise free, then the total system
error (6) for the system dynamics (3) is

n∑
i=1

Σi,i =
nσ2

2

(
1

cs

)
.

In both the noise-corrupted and the noise-free cases, the optimal
leader set S∗ = {s∗} = argmaxs cs, the node with maximal
information centrality cs∗ .

Proof: For a single leader, we only need to consider a
rank-one update to the pseudoinverse of L. From (18), where
l1 = s, this is

N−1 = L−1−L+
s 1n

T −1nL
+T
s +

(
1 + kL+

s,s

)
k

1n
T1n. (22)

Summing the diagonal elements of (22) and applying (8), (12),
and (13) yields

n∑
i=1

N−1
i,i =

Kf

n
+

n

k
+ n

(
1

cs
− Kf

n2

)
=

n

k
+

n

cs
.

Subsequently, substituting into (6) gives the total system error

n∑
i=1

Σi,i =
nσ2

2

(
1

k
+

1

cs

)
. (23)

To obtain the total system error in the case of one noise-free
leader, we take the limit of (23) as k → ∞, which gives

lim
k→∞

n∑
i=1

Σi,i = lim
k→∞

nσ2

2

(
1

k
+

1

cs

)
=

nσ2

2

(
1

cs

)
. (24)

The total system error in (23) and in (24) is minimized when the
leader has the highest information centrality. �

Remark 3: Our definition of joint centrality derives from the
definition of the optimal leader selection problem in terms of
minimizing total system error (6). However, we have shown
in Corollary 1 that joint centrality can be interpreted as a
generalization of information centrality of a single node. This
suggests the possibility of using joint centrality for generalizing
from individual nodes to sets of nodes in problems where
information centrality is a critical measure. For example, it
is proved in [32] that information centrality of a node in a
network performing distributed hypothesis testing determines
its speed-accuracy tradeoff. Joint centrality may be useful for
investigating the decision-making performance of a set of nodes
in this context.

C. Joint Centrality and Two Noise-Free Leaders

In order to provide further intuition, we specialize Theorem 1
to the case of two noise-free leaders. In this case the expres-
sion for joint centrality simplifies as compared to the case of
arbitrary m, and we can more closely examine the terms that
determine the centrality versus coverage tradeoff in the optimal
leader set.
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Corollary 2 (Optimal Noise-Free Leader Set, m = 2): Let
G be an undirected, connected graph of order n. Let S2 =
{s1, s2} be a set of two noise-free leaders. Then, the total
system error (6) for the system dynamics (3) is

n∑
i=1

Σii =
σ2

2

(
n

ρS2

)
(25)

where ρS2
is the joint centrality of S2 given by (15), which

specializes to

ρS2
=n

(
Kf

n
+
nL+

s1,s1L
+
s2,s2−nL+

s1,s2

2−γs1,s2
rs1,s2

)−1

. (26)

The optimal leader set is S∗
2 = {s∗1, s∗2} = argmaxs1,s2 ρS2

,
the two nodes with the maximal joint centrality.

Proof: In the case of two leaders, G = 1/rs1,s2 .
Equation (25) follows directly from simplification of (16) and
(15) from Theorem 1. �

Remark 4: Following Remark 2, we see that in the two-leader
case the term det(G) det(L+

S ) = (L+
s1,s1L

+
s2,s2 − L+

s1,s2

2
)/

rs1,s2 , which is small for large leader information centrality and
large resistance distance between leaders. The term Tr(Q) is
proportional to −γs1,s1/rs1,s2 . For this term to be small, the
biharmonic distance should be large relative to the resistance
distance between leaders.

We prove an explicit formula for the optimal two noise-free
leader set in the case of a path graph of order n.

Corollary 3 (Optimal Noise-Free Leader Set on a Path Graph,
m = 2): Let G be an undirected, unweighted path graph of
order n, which is the cycle graph with one link removed. Let
S2 = {s1, s2} be a set of two noise-free leaders. The optimal
leader set S∗ is s∗1= rnd((n/5)+(1/2)) and s∗2= rnd((4n/5)+
(1/2)), where rnd is rounding to the closest integer.

Proof: See Appendix B. �
We observe that for large n, the optimal two leader locations

on the path approach 0.2 and 0.8 of the path length (starting
from one end). This is in contrast with the cycle, where the
optimal two leaders maintain a distance between each other
equal to 0.5 of the number of nodes. Considering that the path
is simply a cycle with one edge removed, it is interesting to
observe that for large n, removing an edge from a cycle will
cause the fraction of nodes between the optimal two leaders
to increase from 0.5 to 0.6. That is, the optimal two leaders
in the path are more spread out towards the two endpoints.
The locations of the optimal two leaders in the path can be
understood to be the optimal solution to the tradeoff between
high information centrality of two symmetrically distributed
leaders, which increases as the two leaders get closer to the
midpoint and thus to each other, and good coverage, which
requires the two leaders to be sufficiently distant from each
other. The optimal two-leader set does not include the optimal
single leader set, which is the node at the midpoint of the path,
following Corollary 1 of Section V-B.

D. Joint Centrality and Two Noise-Corrupted Leaders

To address the case of two noise-corrupted leaders, where
k < ∞, we define a k-dependent joint centrality of a set of two
nodes. We then derive the solution to the optimal leader selec-
tion problem for two noise-corrupted leaders by calculating the
total system error in terms of the k-dependent joint centrality of
the two-leader set.

Theorem 3 (Optimal Noise-Corrupted Leader Set, m = 2):
Let G be an undirected, connected graph of order n. Let
S2 = {s1, s2} be a set of two noise-corrupted leaders (k < ∞).
Define ρkS2

, the k-dependent joint centrality of S2, as

ρkS2
= n

⎛
⎝Kf

n
+

n
[
1 + k

(
L+
s1,s1

+ L+
s2,s2

)]
k (2 + krs1,s2)

+
nk2

(
L+
s1,s1L

+
s2,s2 − L+

s1,s2

2
)
− k2γs1,s2

k (2 + krs1,s2)

⎞
⎠

−1

. (27)

Then, the total system error (6) for the system dynamics (3) is

N∑
i=1

Σii =
σ2

2

(
n

ρkS2

)
. (28)

The optimal leader set is S∗
2 = {s∗1, s∗2} = argmaxs1,s2 ρkS2

,
the two nodes with the maximal k-dependent joint centrality.

Prior to proving Theorem 3, we state a lemma from [33] that
provides a simplification of the Woodbury formula in the case
of a rank one update to a matrix.

Lemma 4 [33]: For rank one square matrix H and nonsin-
gular X and X +H , (X +H)−1 can be written as

(X +H)−1 = X−1 − 1

1 + g
X−1HX−1

where g = Tr(HX−1).
Proof: (Theorem 3). Let K1, K2 be rank one matri-

ces with K1s1,s1
= k, K2s2,s2

= k where k > 0 and all other
elements of K1, K2 are zero. Let K = K1 +K2 and N =
L+K1. Then, M = L+K = N +K2.

By applying Lemma 4, we compute

M−1 =(N +K2)
−1

=N−1 − 1

1 + Tr(K2N−1)
N−1K2N

−1. (29)

By (18)

Tr(K2N
−1) = 1 + kL+

s2,s2 − 2kL+
s2,s1 + kL+

s1,s1

=1 + krs1,s2 . (30)

Plugging (30) into (29) yields total system error (6)

n∑
i=1

Σi,i =
σ2

2

n∑
i=1

M−1
i,i

=
σ2

2

n∑
i=1

(
N−1

i,i − 1

2 + krs1,s2
(N−1K2N

−1)i,i

)
.
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ExpandingN−1 in terms ofL+ and applying (12) and (13) gives

n∑
i=1

M−1
i,i =

n

k
+

Kf

n
+ nLs1,s1 −

1

2 + krs,p

×
(
k

n∑
i=1

(
L+
i,s1

− L+
i,s2

)2
+ nk

(
L+
s1,s2

)2
− 2nL+

s1,s2
− 2nkL+

s1,s1
L+
s1,s2

+ 2nL+
s1,s1 + nk

(
L+
s1,s1

)2
+

n

k

)
.

Rearranging terms and substituting from (10) results in

n∑
i=1

Σi,i=
σ2

2

⎛
⎝Kf

n
+

n+ nk
(
L+
s1,s1 + L+

s2,s2

)
k (2 + krs1,s2)

+
nk2

(
L+
s1,s1

L+
s2,s2

−L+
s1,s2

2
)
−k2γs1,s2

k (2+krs1,s2)

⎞
⎠
⎞
⎠

=
σ2

2

(
n

ρkS2

)
.

�
We observe that the k-dependent joint centrality (ρkS2

from
Theorem 3) plays the same role in determining total system
error with two noise-corrupted leaders (28) as joint centrality
(ρS2

from Corollary 2) plays in determining total system error
with two noise-free leaders (25). Further, as expected, in the
limit as k → ∞ we see that ρkS2

approaches ρS2
. To better

understand the results in the case of finite k, we compute the
Taylor series expansion of ρkS2

(28) about k = 0:

ρkS2
= 2k +

(
rs1,s2−

(
L+
s1,s1

+L+
s2,s2

)
− 4Kf

n2

)
k2 +O(k3).

(31)

Thus, for k 	 1, ρkS2
can be approximated by 2k + (rs1,s2 −

(L+
s1,s1

+ L+
s2,s2

)− (4Kf/n
2))k2.

Remark 5: It can be seen in (31) that ρkS2
→ 0 as k → 0.

This follows since at k = 0 there are no leaders and thus
no centrality of leaders. For k 	 1, the approximation 2k +
(rs1,s2 − (L+

s1,s1 + L+
s2,s2)− (4Kf/n

2))k2 of ρkS2
reveals a

tradeoff similar to the tradeoff in the noise-free case. The trade-
off implies that the k-dependent joint centrality is maximized
for large resistance distance rs1,s2 between the two leaders and
for large information centrality of each of the two leaders. In
the case of a symmetric graph where each node has the same
information centrality, the optimal leader set is the one in which
the pair has maximum resistance distance.

We prove in the case of the cycle graph, where every node
has the same information centrality, that the optimal two noise-
corrupted leaders correspond to an antipodal pair of nodes, that
is, a pair with maximal resistance distance. This is the same
solution as in the case of noise-free leaders on the cycle.

Corollary 4 (Optimal Noise-Corrupted Leader Set on a
Cycle, m = 2): Let G be an undirected, unweighted cycle graph

of order n where n is even. Let S2 = {s1, s2} be a set of two
noise-corrupted leaders (k < ∞). The optimal leader set S∗

is any two nodes with maximal resistance distance rs1,s2 =
n/4, which corresponds to geodesic distance ds1,s2 = n/2 and
antipodal nodes.

Proof: See Appendix C. �
To further investigate the role of finite k we computed the op-

timal noise-corrupted leader set for the path graph of order n =
51. For k = 2 and higher values, the solution corresponds to
the optimal solution in the noise-free case given by Corollary 3,
that is, S∗ = {11, 41}. In the case of k = 0.0001, the optimal
solution is S∗ = {13, 39}, that is, the optimal noise-corrupted
leaders are a little closer to the center of the path. The trend
persists for larger n. For example, for a path graph of order n =
101, for k = 2 and higher values, the solution corresponds to
the optimal solution in the noise-free case given by Corollary 3,
that is, S∗ = {21, 81}, and in the case of k = 0.0001, the
optimal solution is S∗ = {25, 77}.

E. Optimization Algorithms for Leader Selection

A number of optimization algorithms have been derived in
the literature to approximately solve the optimal leader selec-
tion problem. In [11] a greedy algorithm was proposed. The
authors argued that the greedy algorithm may be too compu-
tationally intensive for very large networks, and they derived
alternative algorithms that use a bound on the total system
error to improve efficiency. These algorithms add a leader to
the optimal set one at a time. In [19] convex optimization
was used to quantify bounds on performance and an efficient
greedy approach was proposed. This algorithm uses a swap
procedure to reduce the error associated with choosing one
leader at a time. In [18] the total system error was proved to
be a supermodular function of the leader set, and this allowed
for the development of algorithms that approximate the optimal
solution up to a provable bound.

The dependence of the optimal leader set on joint centrality
explains how S∗

m, the set of m optimal leaders, is not in general
a subset of S∗

m+1, the set of m+ 1 optimal leaders. That is,
while the total system error is a supermodular function of the
leader set, it is not a modular function of the leader set. Thus,
any approach that chooses optimal leaders one at a time will
in general find only a suboptimal solution. This was illustrated
in the example in Section V-A. Likewise, in the case of the
cycle graph, since we have shown that the optimal leaders are
uniformly distributed around the cycle, a greedy method will
give the optimal solution for m = 2a where a = 0, 1, 2, 3 . . .,
but otherwise a suboptimal solution.

The results in the present paper complement the results on
optimization algorithms by characterizing the optimal leader set
in terms of graph centrality and coverage measures and making
it possible in some cases to solve explicitly for the optimal
leader set.

F. Connections to Controllability of Networks

The covariance matrix Wm = σ2
∫∞
0 e−Mτe−MT τdτ , given

by (4) for t → ∞, is the infinite-horizon controllability
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Gramian of the n-dimensional state-space system (3). The
inputs to the state-space equation are the independent noise
terms introduced at each node and the input matrix is σIn.
The total system error (6) that defines performance in this
paper is equivalent to the trace of Wm. Thus, the optimal
leader selection problem requires to choose the m < n nonzero
diagonal elements of K in M = L+K that minimizes the
trace of Wm. Although a controllability Gramian determines
performance, choosing a set of leaders to minimize the impact
of noise on the network coherence is not the same problem as
choosing a set of leaders to optimize controllability.

Controllability of networks is studied in the literature, for
example, in [34]–[36]. There the problem is to choose a set
of q < n input nodes that define the input to the network
dynamics, that is, that determine the rank q input matrix B
to guarantee or optimize controllability. In [34], the problem is
considered with respect to optimization of performance metrics
defined in terms of the infinite-horizon controllability Gramian
Wc =

∫∞
0 eAτBBT eA

T τdτ , where A defines the zero-input
network dynamics. For example, if the q input nodes guarantee
controllability, then Wc is invertible and minimizing the trace
of W−1

c minimizes the input energy needed for control. Even
without controllability, the trace of Wc can be maximized to
minimize average input energy. It is shown in [34] that the
trace of Wc is a modular function of the set of q input nodes.
This implies that the set of q input nodes that maximize the
trace of Wc is contained in the set of q + 1 input nodes that
maximize the trace of Wc. This modularity result does not
apply to the problem studied in the present paper. Indeed, as
discussed in Section V-E the trace of Wm is not a modular
function of the m leaders that minimize total system error but
rather a supermodular function of these m leaders as proved in
[18]. Likewise, as pointed out in [18], an approach that chooses
leaders to guarantee controllability, does not address the impact
of noise, and deviations in behavior can result even when noise
is introduced at a single node.

VI. JOINT CENTRALITY AND SYNTHETIC LETHALITY

IN SACCHAROMYCES CEREVISIAE

To further investigate joint centrality of a set of nodes, we
apply it in the analysis of synthetically lethal (SL) genes of
the functional gene network of Saccharomyces Cerevisiae, also
known as baker’s yeast. A functional gene network is one in
which nodes in the network represent genes and edges between
pairs of nodes represent the function or process by which the
pair of genes interact. S. Cerevisiae has served as a platform
for studying genetics of human diseases and is therefore an
important model for biological studies [37]. Here, we focus on
instances of synthetic lethality, which occur when the deletion
of two genes (A and B) is lethal to the organism and the deletion
of A alone or B alone is not lethal.

Using the probabilistic functional gene network of
S. Cerevisiae from [37] (5808 genes with 362,421 edges
that represent functional couplings), we calculated the two-
node joint centrality for every pair of genes in the network.
Then we applied experimental interaction data from the
BioGrid database to identify SL pairs of nodes [38]. Fig. 2

Fig. 2. Distribution of two-node joint centrality for every node pair (blue) in
the functional gene network of S. Cerevisiae and distribution of two-node joint
centrality of synthetically lethal node pairs (red).

shows the probability distribution function of two-node joint
centrality for all pairs of genes (blue) against the probability
distribution function of two-node joint centrality for SL pairs
of genes (red). The distributions were constructed by fitting
non-parametric distributions with a normal kernel function to
normalized histograms of joint centrality calculations for all
node pairs and for all SL node pairs.

A clear distinction between the two distributions in Fig. 2 is
apparent. The distribution of two-node joint centralities for SL
node pairs is more highly skewed towards high values of joint
centrality than the distribution of two-node joint centralities for
all node pairs.

We note that SL pairs of nodes are also distinguishable from
all other pairs due to their having a higher average degree. This
is expected, however, as there is likely a research bias towards
testing high degree nodes for synthetic lethality (the set of SL
pairs is not necessarily the complete set but rather the set that
has been identified thus far). Accordingly, we do not suggest
that joint centrality is the only way to predict possible SL pairs.
Instead, we suggest that two-node joint centrality provides a
natural measure for predicting SL pairs, because it takes into
account the joint influence of a pair of nodes on the entire
network. In contrast, a measure of pairwise average degree only
considers independent, local interactions.

VII. FINAL REMARKS

In this paper we examine the optimal leader selection prob-
lem in a leader-follower network dynamic subject to stochastic
disturbances. The objective is for the network to track an
external, unknown signal, where leaders can take measurements
of the external signal but followers must rely only on their
measurements of their neighbors. Performance is defined as
the inverse of total steady-state error of the system about an
external, unknown signal to be tracked, and the optimal set of
m leaders maximizes performance over all possible sets of m
leaders.

In contrast to approaches in the literature, which focus on
derivation of greedy algorithms, our approach is to derive total
system error as a function of a measure of the underlying
network graph. To do so we define the joint centrality measure
of a set of nodes, such that total system error is inversely
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proportional to joint centrality. We prove that the optimal leader
set corresponds to the set of m leaders with maximal joint
centrality. We show that joint centrality of a set of nodes
depends directly on the information centrality of each node
in the set and resistance distances and biharmonic distances
between pairs of nodes in the set, which can be interpreted as
a coverage of the graph by the set as a whole. We discuss how
the optimal solution is the set of leader nodes that trades off
high information centralities of individuals nodes with a good
coverage of the graph by the set. We show that joint centrality
specializes to information centrality in the case of a single node,
and that the optimal leader, with or without noise corruption, is
the most information central node.

We solve explicitly for the optimal leader set in the case of
the cycle graph and the optimal two-leader set in the case of the
path graph. Further, we extend the notion of joint centrality and
the optimal leader set to the case of two noise-corrupted leaders.
Finally, we provide additional illustration of joint centrality
and its more general applicability by using it in the analysis
of synthetically lethal gene pairs in a functional gene network.
Because joint centrality can be interpreted as a generalization of
information centrality, we expect it to prove useful in general-
izing to an optimal set of nodes in problems where information
centrality distinguishes individual nodes, such as in the case of
optimizing the speed-accuracy tradeoff in a network performing
distributed hypothesis testing as studied in [32].

Our optimal leader selection results are relevant both to
control design, for example, enabling accuracy and efficiency
in sensor networks, and to analysis, for example, finding con-
ditions that yield the high performance observed in collective
animal behavior. One future direction is to extend the optimal
leader selection results of this paper to directed networks by
applying the definition in [21], [22] of effective resistance in
directed graphs towards a definition of joint centrality in di-
rected graphs. Another compelling future direction is to derive
distributed, on-line algorithms that solve the optimal leader
selection problem, leveraging our solutions that depend on
measures of the graph.

APPENDIX A
PROOF OF THEOREM 2

Proof: We begin by assuming m nodes on the cycle have
been selected as leaders and let M = L+K where K is a
matrix with a value of k in the entries along the main diagonal
corresponding to the leader nodes and zeros elsewhere. We
partition M in the usual way. Since we are assuming noise-free
leaders, to compute total system error we need only to consider
the sum of the diagonal elements of the inverse of the submatrix
MF . MF can be written as a block diagonal matrix where each
block corresponds to a set of connected follower nodes between
two leader nodes. Each block MFi

will itself be a tridiagonal
matrix of the form

MFi
=

⎡
⎢⎢⎢⎣

2 −1 0
−1 2

0
. . . −1

0 −1 2

⎤
⎥⎥⎥⎦ .

In the case where there is one follower node in between two
leader nodes the corresponding diagonal block in MF will be
one element with an entry of 2.

Similar to previous sections, total system error for noise-free
leaders will be proportional to the trace of M−1

F , which here is
equivalent to the total sum of eigenvalues of each M−1

Fi
. By [39]

we have that the eigenvalues of M−1
Fi

are

λzij =
1

2− 2 cos
(
j π
wi+1

) j = 1, . . . ., wi

where wi is dimension of MFi
. The average value of the

eigenvalues of a block is then

λ̄zi =

wi∑
j=1

λzij =
1

6
wi +

1

3
.

Therefore, minimizing the total sum of eigenvalues is equiv-
alent to minimizing the sum over i of w2

i . It follows that
the minimum is achieved when w1 = w2 = w3 = · · · , or in
other words when the dimension of each block is the same.
This corresponds to the leaders being evenly distributed around
the cycle with shortest distances between leaders equal to
ds1,s2 = n/2. �

APPENDIX B
PROOF OF COROLLARY 3

Proof: Resistance distance in a path graph simplifies to
ri,j = ‖i− j‖ and

Lj,j =

∑n
i=1 ri,j
n

− Kf

n2

=
(n− j)(1 + n− j)− j + j2

2n
− Kf

n2
. (32)

The substitution of (32) into the expression (26) for ρS2
, where,

without loss of generality, we take s2 > s1, which gives

ρ−1
S2

=
1

n

(
− 1

6
+

n+ n2 − s1 − s2
4

+

(
2s21 + 2s22 − s2(3n+ s1)

)
3

)
. (33)

We then take partial derivatives of (33) with respect to s1 and
s2 to find the minimum of ρ−1

S2
to be s1 = rnd((n/5) + (1/2))

and s2 = rnd((4n/5) + (1/2)). The rounding of s1 and s2 can
be checked by observing from (33) that the level sets of ρ−1

S2

are ellipses in s1, s2. Computing the semiaxis lengths of the
ellipses shows that the nearest integer values of s1 and s2 that
minimize ρ−1

S2
indeed determine the optimal leader set. �
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APPENDIX C
PROOF OF COROLLARY 4

Proof: For a circulant graph L+
s1,s1 = L+

s2,s2 = L+
s,s and,

thus, γs1,s2 = (1/4)
∑n

i=1(ri,s1 − ri,s2 )
2. The k-dependent

joint centrality ρkS2
(27) simplifies to

ρkS2
=n

(
Kf

n
+
nL+

s,s
2−nL+

s1,s2

2−
∑n

i=1(ri,s1−ri,s2)
2

4rs1,s2

)−1

.

By applying (9) and rearranging terms, we have

ρkS2
=

n2

4

(
Kf

n2
+
2

k
+4L+

s,s−rs1,s2−
k

4

∑n
i=1(ri,s1−ri,s2)

2

2 + krs1,s2

)−1

.

(34)

Using the electric circuit analog of resistance distance and
applying Kirchhoff’s laws, the resistance distance between any
two nodes in a cycle can be written as

1

ri,j
=

1

di,j
+

1

n− di,j
(35)

where di,j is the geodesic distance between nodes i and j. The
maximum resistance distance is ri,j = n/4, which is obtained
between two nodes with di,j = n/2.

Simplifying the
∑n

i=1(r
+
i,s1

− r+i,s2)
2 term of (34) by insert-

ing (35) gives

n∑
i=1

(ri,s1 − ri,s2 )
2 =

n∑
i=1

(
di,s1 − di,s2 +

d2i,s2 − d2i,s1
n

)2

=
ds1,s2(ds1,s2−n)

(
d2s1,s2−nds1,s2−2

)
3n

.

(36)

Substituting (36) into (34) results in

ρkS2
=

n2

4

(
Kf

n2
+

2

k
+ 4L+

s,s −
ds1,s2 (n− ds1,s2)

n

−
kds1,s2 (ds1,s2 − n)

(
d2s1,s2 − nds1,s2 − 2

)
6n (2n+ kds1,s2 (n− ds1,s2))

)−1

. (37)

To determine how ρkS2
changes as a function of ds1,s2 , we

take the partial derivative of (37) with respect to ds1,s2 to give

∂ρ−1
kS2

∂ds1,s2
=−1

4
(n− 2ds1,s2)

−
nk
[
2
(
−ds1,s2+d3s1,s2

)
+
(
1−3d2s1,s2

)
n+ds1,s2n

2
]

3 (2n+ ds1,s2k (−ds1,s2 + n))2

−
k2
[
−2d5s1,s2+5d4s1,s2n−4d3s1,s2n

2 + d2s1,s2n
3
]

12 (2n+ ds1,s2k (−ds1,s2 + n))2
.

(38)

Since ds1,s2 ≤ n/2, the first term of (38) will always be non-
positive. In addition, it can be shown algebraically that for
n > 3. the two bracketed expressions in the second and third
terms will be greater than zero. Therefore. ρ−1

kS2
decreases as

ds1,s2 increases, reaching its minimum at the maximal value of
ds1,s2 = n/2, corresponding to rs1,s2 = n/4. �

REFERENCES

[1] R. Olfati-Saber and R. M. Murray, “Consensus problems in networks of
agents with switching topology and time-delays,” IEEE Trans. Autom.
Control, vol. 49, no. 9, pp. 1520–1533, Sep. 2004.

[2] W. Ren, R. Beard, and E. Atkins, “A survey of consensus problems in
multi-agent coordination,” in Proc. ACC, 2005, pp. 1859–1864.

[3] L. Xiao, S. Boyd, and S.-J. Kim, “Distributed average consensus with
least-mean-square deviation,” J. Parallel Distrib. Comput., vol. 67,
pp. 33–46, 2007.

[4] W. Ren, “Multi-vehicle consensus with a time-varying reference state,”
Syst. Control Lett., vol. 56, no. 7, pp. 474–483, 2007.

[5] A. Jadbabaie, P. Molavi, A. Sandroni, and A. Tahbaz-Salehi, “Non-
Bayesian social learning,” Games Econ. Behav., vol. 76, pp. 210–225,
2012.

[6] G. F. Young, L. Scardovi, A. Cavagna, I. Giardina, and N. E. Leonard,
“Starling flock networks manage uncertainty in consensus at low cost,”
PLoS Comput. Biol., vol. 9, pp. 1–7, 2013.

[7] R. Olfati-Saber and J. S. Shamma, “Consensus filters for sensor net-
works and distributed sensor fusion,” in Proc. IEEE CDC, 2005,
pp. 6698–6703.

[8] V. Guttal and I. D. Couzin, “Social interactions, information use, the
evolution of collective migration,” Proc Nat. Acad. Sci., vol. 107,
pp. 16172–16177, 2010.

[9] D. Pais and N. E. Leonard, “Adaptive network dynamics and evolution of
leadership in collective migration,” Phys. D, vol. 267, pp. 81–93, 2014.

[10] J. Wang, Y. Tan, and I. Mareels, “Robustness analysis of leader-follower
consensus,” J. Syst. Sci. Complex., vol. 22, pp. 186–206, 2009.

[11] S. Patterson and B. Bamieh, “Leader selection for optimal network coher-
ence,” in Proc. IEEE CDC, 2010, pp. 2693–2697.

[12] G. Young, L. Scardovi, and N. E. Leonard, “Robustness of noisy con-
sensus dynamics with directed communication,” in Proc. ACC, 2010,
pp. 6312–6317.

[13] M. G. Everett and S. P. Borgatti, “The centrality of groups and classes,”
J. Math. Sociol., vol. 23, no. 3, pp. 181–201, 1999.

[14] N. Kapucu, “Interorganizational coordination in dynamic context: Net-
works in emergency response management,” Connections, vol. 26, no. 2,
pp. 33–48, 2005.

[15] J. Björk and M. Magnusson, “Where do good innovation ideas come
from?” J. Prod. Innovat. Manage., vol. 26, no. 6, pp. 662–670, 2009.

[16] M. Fardad, F. Lin, and M. R. Jovanovic, “Algorithms for leader selection
in large dynamical networks: Noise-free leaders,” in Proc. IEEE CDC,
2011, pp. 7188–7193.

[17] F. Lin, M. Fardad, and M. R. Jovanovic, “Algorithms for leader selection
in large dynamical networks: Noise-corrupted leaders,” in Proc. IEEE
CDC, 2011, pp. 2932–2937.

[18] A. Clark, L. Bushnell, and R. Poovendran, “A supermodular optimization
framework for leader selection under link noise in linear multi-agent
systems,” IEEE Trans. Autom. Control, vol. 59, no. 2, pp. 283–296,
Feb. 2014.

[19] F. Lin, M. Fardad, and M. R. Jovanovic, “Algorithms for leader selec-
tion in stochastically forced consensus networks,” IEEE Trans. Autom.
Control, vol. 59, no. 7, pp. 1789–1802, Jul. 2014.

[20] K. Fitch and N. E. Leonard, “Information centrality and optimal
leader selection in noisy networks,” in Proc. IEEE CDC, 2013,
pp. 7510–7515.

[21] G. F. Young, L. Scardovi, and N. E. Leonard, “A new notion of effective
resistance for directed graphs–Part I: Definition and properties,” IEEE
Trans. Autom. Control, vol. 61, no. 7, pp. 1727–1736, Jul. 2016.

[22] G. F. Young, L. Scardovi, and N. E. Leonard, “A new notion of effec-
tive resistance for directed graphs–Part II: Computing resistances,” IEEE
Trans. Autom. Control, vol. 61, no. 7, pp. 1737–1752, Jul. 2016.

[23] L. Arnold, Stochastic Differential Equations: Theory and Applications.
Melbourne, FL, USA: Krieger, 1992.

[24] I. Poulakakis, L. Scardovi, and N. E. Leonard, “Coupled stochastic dif-
ferential equations and collective decision making in the two- alternative
forced-choice task,” in Proc. ACC, 2010, pp. 69–74.

[25] K. Stephenson and M. Zelen, “Rethinking centrality: Methods and exam-
ples,” Social Netw., vol. 11, pp. 1–37, 1989.

[26] I. Poulakakis, G. F. Young, L. Scardovi, and N. E. Leonard, “Information
centrality and ordering of nodes for accuracy in noisy decision-making
networks,” IEEE Trans. Autom. Control, vol. 61, no. 4, pp. 1040–1045,
Apr. 2016.



378 IEEE TRANSACTIONS ON CONTROL OF NETWORK SYSTEMS, VOL. 3, NO. 4, DECEMBER 2016

[27] D. J. Klein and M. J. Randic, “Resistance distance,” J. Math. Chem.,
vol. 12, pp. 81–95, 1993.

[28] Y. Lipman, R. M. Rustamov, and T. A. Funkhouser, “Biharmonic dis-
tance,” ACM Trans. Graphs, vol. 29, pp. 27:1–27:11, 2010.

[29] A. Ben-Israel, and T. N. E. Greville, Generalized Inverses: Theory and
Applications, 2nd ed. Berlin, Germany: Springer-Verlag, 2003.

[30] M. A. Woodbury, “Inverting modified matrices,” Princeton, NJ, USA,
Memorandum Rep. 42, 1950, Statistical Research Group.

[31] F. G. Frobenius, Über matrizen aus positiven etementen, S.-B. Deutsch, Ed.
Berlin, Germany: Akad. Wiss, 1908, pp. 471–476.

[32] V. Srivastava and N. E. Leonard, “Collective decision-making in ideal
networks: The speed-accuracy tradeoff,” IEEE Trans. Control Netw. Syst.,
vol. 1, no. 1, pp. 121–131, Mar. 2014.

[33] K. S. Miller, “On the inverse of the sum of matrices,” Math. Mag., vol. 54,
no. 2, pp. 67–72, 1981.

[34] T. H. Summers, F. L. Cortesi, and J. Lygeros, “On submodularity
and controllability in complex dynamical networks,” arXiv:1404.7665v2
[math.OC], 2015.

[35] A. Chapman and M. Mesbahi, “Semi-autonomous consensus: Network
measures and adaptive trees,” IEEE Trans. Autom. Control, vol. 58, no. 1,
pp. 19–31, Jan. 2013.

[36] F. Pasqualetti, S. Zampieri, and F. Bullo, “Controllability metrics, limita-
tions and algorithms for complex networks,” IEEE Trans. Control Netw.
Syst., vol. 1, no. 1, pp. 40–52, Mar. 2014.

[37] H. Kim et al., “Yeastnet v3: A public database of data-specific and in-
tegrated functional gene networks for saccharomyces cerevisiae,” Nucl.
Acids Res., vol. 42, no. (D1), pp. D731–D736, 2013.

[38] C. Stark, B. Breitkreutz, T. Reguly, L. Boucher, A. Breitkreutz, and
M. Tyers, “Biogrid: A general repository for interaction datasets,” Nucl.
Acids Res, vol. 34, pp. D535–D539, 2006.

[39] C. M. da Fonseca and J. Petronilho, “Explicit inverse of a tridiagonal
k-toeplitz matrix,” Numerische Math., vol. 100, pp. 457–482, 2005.

Katherine Fitch (S’13) received the B.S. degree
in aerospace engineering from Syracuse University,
Syracuse, NY, USA, in 2011, and the M.A. degree
in mechanical engineering from Princeton Univer-
sity, Princeton, NJ, USA, in 2013, where she is
currently pursuing the Ph.D. degree in mechanical
and aerospace engineering.

Her current research interests include dynamics
of networked systems, and leader selection for ro-
bustness and controllability of multiagent networks.

Naomi Ehrich Leonard (F’07) received the B.S.E.
degree in mechanical engineering from Princeton
University, Princeton, NJ, USA, in 1985, and the
M.S. and Ph.D. degrees in electrical engineering
from the University of Maryland, College Park, MD,
USA, in 1991 and 1994, respectively.

From 1985 to 1989, she was an Engineer in the
electric power industry. Currently, she is the Edwin
S. Wilsey Professor of Mechanical and Aerospace
Engineering and Director of the Council on Science
and Technology at Princeton University. She is also

an associated faculty member of Princeton University’s Program in Applied
and Computational Mathematics. Her research and teaching interests are in
control and dynamical systems with current interests in coordinated control for
multiagent systems, mobile sensor networks, collective animal behavior, and
human decision-making dynamics.



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues false
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


