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Abstract In this chapter, we address the average-consensus problem for a dis-
tributed system whose components (nodes) can exchange information via intercon-
nections (links) that form an arbitrary, possibly directed, communication topology
(digraph). Specifically, we discuss how the nodes can asymptotically obtain the av-
erage of their initial values by describing two different types of algorithms, one
based on weight adaptation and one based on ratio consensus.

1 Motivation

The design of protocols and algorithms for distributed computation, and control/
decision-tasks has attracted significant attention by the computer science, commu-
nication, and control communities (e.g., [15, 14, 16]). Given a set of interconnected
nodes (which could be sensors in a sensor network, routers in a communication
network, or unmanned vehicles in a multi-agent system), motivational applications
range from (i) averaging individual measurements (e.g., when each node provides a
local measurement of a global quantity); (ii) transmitting data from one or multiple
sources to one or multiple sinks; (iii) coordinating node speed or direction; or (iv)
electing a leader.

In a typical consensus problem, each node possesses an initial value and the
nodes need to follow a strategy to distributively calculate the same function of these
initial values. The consensus problem has received extensive attention from the com-
puter science community (see [15] for an introduction) and the control community
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[20, 16], due to its applicability to topics such as cooperative control, multi-agent
systems, and modeling of flocking behavior in biological and physical systems (see,
e.g., [12, 19, 21] and references therein). When the value to which the nodes agree
is the average of the initial values we say that the nodes reach average consen-
sus. Asymptotic average consensus is reached if (typically, after executing an it-
erative strategy) the nodes asymptotically converge to the average of their initial
values. There are a number of different characteristics that are important in average-
consensus problems, including distributivity constraints (e.g., the need for each node
to rely solely on locally available information), time-varying interconnections, com-
putational and communication complexity, convergence to the average or close to it
(in case the algorithm is asymptotic), speed of convergence, and others.

This chapter studies on the average-consensus problem when the interconnec-
tion topology is described by a fixed directed graph (digraph) and focuses primarily
on establishing convergence; more details about speed of convergence and compu-
tational/communication complexity (as well as pertinent examples) can be found
in the references provided. The presence of an asymmetric information structure
makes the average-consensus task in digraphs particularly challenging due to the
fact that nodes cannot (easily) provide acknowledgements or more generally inform
the nodes that guide their decisions about the actions they are taking. Asymmet-
ric topologies can arise in a variety of realistic scenarios (e.g., if nodes transmit at
different power strengths or if interference levels are not uniform at each node).

2 Problem Statement

The exchange of information between components (nodes) of a distributed system
can be conveniently described by a directed graph (digraph) G = {V ,E }, where
V = {1,2, . . . ,n} is the vertex set (each vertex corresponds to a component/node),
and E ⊆ V ×V is the set of directed edges, where ( j, i) ∈ E if node j can receive
information from node i. By convention, we assume no self-loops in G (i.e., ( j, j) /∈
E for all j ∈ V ). The graph is undirected if and only if whenever ( j, i) ∈ E , then
also (i, j) ∈ E , i.e., if node j can receive information from node i, then node i can
also receive information from node j. All nodes that can transmit information to
node j are said to be in-neighbors of node j and are represented by the set N −

j =

{i ∈ V | ( j, i) ∈ E }. The number of in-neighbors of j is called the in-degree of
j and is denoted by D−j (i.e., D−j = |N −

j |). Nodes that receive information from
node j are said to be the out-neighbors of node j, and are represented by the set
N +

j = {l ∈ V | (l, j) ∈ E }. The number of out-neighbors of j is called the out-
degree of j and is denoted by D+

j (i.e., D+
j = |N +

j |).
Let Vj be the initial value of node j. In the average-consensus problem, the ob-

jective is to have all the nodes calculate the average of these initial values, which we
denote by µ =

∑
n
`=1 V`

n . Depending on the assumptions, nodes may or may not know
n, and they will presumably require several rounds of message exchanges in order to
obtain µ (perhaps obtaining the values of V`, ` = 1,2, . . . ,n, in the process). In the
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algorithms we present in this chapter, in order to obtain µ , each node j maintains
some value π j[k] at round k, and performs a linear iteration of the form

π j[k] = p j j[k]π j[k−1]+ ∑
i∈N −

j

p ji[k]πi[k−1] . (1)

In other words, each node j updates its value to be a linear combination of its
own previous value and the values of its in-neighbors using its own self-weight
(p j j[k]) and the weights (p ji[k], i ∈ N −

j ) on its incoming links. If we let π[k] =
[π1[k],π2[k], . . . ,π j[k], . . . ,πn[k]]′ (where ′ denotes vector transposition), then for
analysis purposes (1) can be written in matrix form as

π[k] = P[k]π[k−1], (2)

where the weight matrix P[k] = [p ji[k]] (with p ji[k] as the entry at the jth row-ith
column of matrix P[k]).

In (1), the p ji[k]’s are a set of (time-varying) weights that need to be chosen
(along with the initial conditions π[0]) so that all π j[k] converge for large k to
µ . Node j can only choose its self-weight and the weights on its out-going links,
i.e., node j can choose values for {pl j[k] | l = 1,2, . . . ,n}, with the constraint that
pl j[k] = 0 for all l such that l /∈N +

j . It is assumed that each node can observe but
cannot control the (likely different) values on each of its incoming links, and cannot
necessarily identify the sender node associated with each value. These assumptions
hold naturally for most interconnection topologies that form a digraph (in fact, in
many practical situations additional information may be available at each node).

Remark 1. For the case when the weights pl j[k]’s are fixed for all k ≥ 0 (i.e.,
pl j[0] = pl j[1] = ...= pl j[k] = ... := pl j for (l, j)∈ E ), as stated in [19, 21] in various
forms, the necessary and sufficient conditions for the iteration in (2) (with P[k] = P,
P(l, j) = pl j, and π[0] = [V1,V2, . . . ,Vj, . . . ,Vn]

′) to asymptotically reach average
consensus are: (i) P has a simple eigenvalue at 1, with left eigenvector [1,1,1, ...,1]
and right eigenvector [1,1,1, ...,1]′, and (ii) all other eigenvalues of P have magni-
tude strictly less than 1. If one focuses on nonnegative weights, these conditions are
equivalent to the weight matrix P being a primitive doubly stochastic matrix. This is
easily achievable in an undirected graph: assuming nodes know the total number of
nodes n or an upper bound n′ ≥ n, each node j can easily choose fixed (nonnegative)
weights on its out-going links so that ∑l pl j =∑i p ji = 1,∀ j, by setting p j j = 1− D j

n′ ,
pl j =

1
n′ if (l, j) ∈ E , and pl j = 0 if (l, j) /∈ E , where D j = D+

j = D−j . As long as
the undirected graph is connected, this choice results in a primitive doubly stochas-
tic (symmetric) weight matrix P. Another simple choice that results in a primitive
doubly stochastic (symmetric) weight matrix P in connected undirected graphs are
the Metropolis weights in [22] where pl j =

1
1+max(Dl ,D j)

if (l, j) ∈ E , pl j = 0 if
(l, j) /∈ E , and p j j = 1−∑i p ji. In a digraph, however, a given node j may not
necessarily have D+

j = D−j , and it is not as straightforward for nodes to determine
appropriate weights so that ∑l pl j = ∑i p ji = 1,∀ j. [Strategies to obtain matrices
with appropriately scaled rows and columns (including doubly stochastic matrices
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as a special case) have been studied under the umbrella of matrix scaling (see, for
example, [17]) without, however, paying attention to distributivity constraints.]

3 Distributed Strategies for Average Consensus in Digraphs

In this section we describe two strategies that can be used by nodes in a given
strongly connected digraph to distributively reach average consensus. The first
method relies on an embedded distributed weight adjustment algorithm, whereas
the second method relies on a ratio consensus approach that simultaneously runs
two (coupled) iterations, and has each node take the ratio of its two iteration values.
Both algorithms require (at the base level) that each node knows its out-degree; this
requirement is rather mild, as in most protocols for ad-hoc network discovery each
node not only knows which nodes it receives information from, but it also knows
which nodes it transmits information to. We also discuss how broadcasting can be
accommodated by ensuring that each node sends identical information to each of its
out-neighbors.

3.1 Distributed Weight Adjustment

This section summarizes a weight balancing algorithm that enables the nodes in
a strongly connected digraph to asymptotically reach weights that form a primi-
tive doubly stochastic matrix. This algorithm has been presented in [6] which also
showed that the weight adaptation can be combined with iteration (1) to ensure that
the nodes asymptotically reach average consensus. We next describe these ideas
starting from the distributed weight adjustment algorithm.

For distributed weight adjustment, each node iteratively updates its self-weight
and the weights on its out-going links based on the sum of the weights on its in-
coming links. More specifically, at each iteration k, node j maintains a parameter
δ j[k] which determines its self-weight and the weights on its out-going links as
p j j[k] = 1−δ j[k] and pl j[k] = cl jδ j[k], where cl j are constants chosen by node j at
initialization so that: (i) ∑l,l 6= j cl j = 1, and (ii) cl j > 0 if node l can receive informa-
tion from node j (i.e., if (l, j) ∈ E ), and cl j = 0 if node l cannot receive information
from node j (i.e., if (l, j) /∈ E ). For notational convenience, we will take c j j = 0 for
j = 1,2, . . . ,n so that ∑l,l 6= j cl j = ∑l cl j = 1. [Note that for broadcasting to be possi-
ble, node j should choose identical cl j which implies that cl j =

1
D+

j
for (l, j) ∈ E .]

Initially, node j sets δ j[0] =
D+

j

1+D+
j

(which implies that p j j[0] = 1
1+D+

j
and

pl j[0] = cl j
D+

j

1+D+
j

). At each iteration k, k ≥ 1, node j gathers the weights p ji[k],

( j, i) ∈ E , on its incoming edges and updates the value of δ [k] as
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δ j[k] =

{
δ j[k−1]ρ j[k−1], if ρ j[k−1]≤ 1 ,
1− 1

ρ j [k−1]

(
1−δ j[k−1]

)
, if ρ j[k−1]> 1 , (3)

where ρ j[k− 1] = ∑i p ji[k− 1]. Based on δ j[k], node j updates its self-weight and
the weights on its out-going links as p j j[k] = 1−δ j[k] and pl j[k] = cl jδ j[k], l 6= j.

Since the initial value of δ j[0] and the update of δ j[k] ensure 0 ≤ δ j[k] ≤ 1 for
all k, it can be easily verified that the n× n matrix P[k] = [p ji[k]] (with p ji[k] as
its ( j, i)th entry) will be a nonnegative column-stochastic matrix (i.e., pl j[k] ≥ 0
and ∑

n
l=1 pl j[k] = 1, j = 1,2, . . . ,n). In fact, one can also check that, as long as

the diagonal entries of P[k] are strictly smaller than one and at least one diagonal
entry is strictly positive, then P[k] will be primitive. This is due to the fact that P[k]
corresponds to a graph that is strongly connected [18].

Note that matrix P[k] can also be written as

P[k] = P∆ [k]+ (I−∆ [k]), (4)

where I is the n×n identity matrix, ∆ [k] = diag(δ1[k],δ2[k], ...,δn[k]) is a diagonal
matrix with entries δ j[k] on the diagonal, and P = [cl j] is the constant weight matrix
chosen at initialization, i.e.,

P =


0 c12 c13 . . . c1n

c21 0 c23 . . . c2n
c31 c32 0 . . . c3n
...

...
...

. . .
...

cn1 cn2 cn3 . . . 0

 . (5)

The weight update described by the update of the δ j[k]’s in (3) and the parame-
terization in (4) can be shown to drive the weights, as k goes to infinity, to a limiting
weight matrix that is doubly stochastic and primitive. In other words, the sequence
of matrices P[0], P[1], P[2], ..., P[k], ... converges to a doubly stochastic and primi-
tive matrix Pss as long as the given digraph is strongly connected [6].

The weight adaptation algorithm can be combined with iteration (1) to ensure
that the nodes reach asymptotic average consensus. More specifically, for any k≥ 1,
the nodes update their values according to

π[k] = P[k]π[k−1] , (6)

where P[k] is determined by (3) and the parameterization in (4). Note that, at each
iteration k, each node j is supposed to perform two tasks: an update of δ j[k] (and,
thus, of its self-weight and the weights on its out-going links), followed by an update
of its value π j[k]. Then, taking into account the fact that the sequence P[0], P[1],
. . . , P[k], . . . consists of column stochastic (and primitive) matrices, the steady-state
solution of (6), with initial conditions π j[0] =Vj, ∀ j, denoted by πss, is such that

π
ss
j = µ, ∀ j = 1,2, . . . ,n. (7)
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The following theorem summarizes the discussions in this section; its proof can be
found in [6].

Theorem 1. Consider a strongly connected digraph G = {V ,E }with V = {1,2, . . . ,
n} where each node j ∈ V has some initial value π j[0] = Vj. Suppose that nodes

set δ j[0] =
D+

j

1+D+
j

, for j ∈ V , and update their values, for k ≥ 1, according to (6)

where P[k] = P∆ [k] + (I−∆ [k]), and ∆ [k] = diag
(
δ1[k],δ2[k], . . . ,δ j[k], . . . ,δn[k]

)
with δ j[k], ∀ j ∈ V , updated according to (3). Then, limk→∞ P[k] = Pss where Pss
is doubly stochastic and primitive, and limk→∞ π[k] = πss where the steady-state
vector πss satisfies πss

j = µ, ∀ j = 1,2, . . . ,n.

3.2 Ratio Consensus

This section summarizes the so called ratio-consensus algorithm [5], a distributed
algorithm that enables the nodes of a multi-component system to reach average con-
sensus. For gossiping-type algorithms, an equivalent approach was also proposed in
[2], which is a generalization of the algorithm proposed in [13]; another recent ap-
plication of ratio consensus appears in [1], where a modified distributed Kalman
consensus utilizes ratio consensus to obtain an unbiased estimate for static or dy-
namic communication networks. However, the idea of ratio-consensus can be traced
back much earlier; see the discussion on weak convergence in [18, pp. 88-89]. The
ratio-consensus algorithm performs two iterative computations in parallel and al-
lows each node to asymptotically obtain the exact average of the values the nodes
posses as the ratio of the two state variables that each node maintains. The following
theorem (see, for example, [5]) summarizes the basic version of ratio consensus.

Theorem 2. Consider a strongly connected digraph G = {V ,E }with V = {1,2, . . . ,
n} where each node j ∈ V has some initial value Vj. Each node j maintains, at it-
eration k, state variables y j[k] and z j[k] and updates them as follows:

y j[k+1] = ∑
i∈N −

j ∪{ j}
yi[k]/(1+D+

i ) , k ≥ 0, (8)

z j[k+1] = ∑
i∈N −

j ∪{ j}
zi[k]/(1+D+

i ) , k ≥ 0, (9)

where y j[0] = Vj, and z j[0] = 1, for all j ∈ V . Let π j[k] =
y j [k]
z j [k]

; then, we have

limk→∞ π j[k] = ∑` y`[0]
∑` z`[0]

= ∑` V`
n = µ , ∀ j ∈ V .

Remark 2. Letting y[k] = [y1[k],y2[k], ...,yn[k]]′ and z[k] = [z1[k],z2[k], ...,zn[k]]′, we
can write the iterations in the above theorem in matrix form as y[k + 1] = Pcy[k],
and z[k + 1] = Pcz[k] where the initial conditions are the same as in the theorem
and Pc is a matrix with entries Pc(l, j) = 1

1+D+
j

for all l ∈ N +
j (zero otherwise).
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Notice that Pc is a column stochastic matrix that is also primitive as long as the
underlying digraph is strongly connected. The ratio consensus algorithm has each
node j calculate at each time step k the ratio π j[k] =

y j [k]
z j [k]

. As long as Pc is primitive
column stochastic, it can be shown that the ratio π j[k] asymptotically converges to
∑` y`[0]
∑` z`[0]

. Thus, by appropriately choosing the initial conditions of ratio consensus,
we can compute arbitrary weighted linear combinations of the initial values of the
nodes. For example, if y j[0] = c jVj and z j[0] = c′j, then limk→∞ π j[k] = ∑l yl [0]

∑l zl [0]
=

∑l clVl
∑l c′l

, ∀ j ∈ V . Note that, in general, none of the sequence y j[k], z j[k], π j[k] for
k ≥ 0 are monotone.

3.3 Other Approaches

The work in [9] proposed a broadcast-based gossip algorithm that relies on each
node knowing its out-degree and performing an iteration that involves two variables
(that are coupled); the authors show that average consensus is reached but a for-
mal proof of convergence is still open. The authors of [3] use a similar approach
(using so-called “surplus variables”) and prove convergence for certain small-gain
values of the coupling coefficients. Techniques that rely on surplus-like compensa-
tion methods to reach average consensus in the presence of unreliable communica-
tion links have received attention relatively recently in [8, 4]. Extensions of ratio
consensus to handle packet drops and delays in digraphs appear in [7, 11]. Along
similar lines (but not motivated by randomization induced by packet drops), the
authors of [10] consider randomized discrete-time consensus systems defined over
digraphs that preserve the average “on average,” by providing an upper bound on
the mean square deviation of the consensus value from the exact average.

4 Conclusion

In this chapter, we provided an introduction to the problem of average consensus in
distributed control systems (with underlying possibly asymmetric communication
topologies), and described two algorithms that can be used to asymptotically obtain
the average.
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