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ABSTRACT
Many applications in multiagent learning are essentially convex
optimization problems in which agents have only limited
communication and partial information about the function being
minimized (examples of such applications include, among others,
coordinated source localization, distributed adaptive filtering,
control, and coordination). Given this observation, we propose a
new non-hierarchical decentralized algorithm for the asymptotic
minimization of possibly time-varying convex functions. In our
method each agent has knowledge of a time-varying local cost
function, and the objective is to minimize asymptotically aglobal
cost function defined by the sum of the local functions. At
each iteration of our algorithm, agents improve their estimates
of a minimizer of the global function by applying a particular
version of the adaptive projected subgradient method to their local
functions. Then the agents exchange and mix their improved
estimates using a probabilistic model based on recent results in
weighted average consensus algorithms. The resulting algorithm
is provably optimal and reproduces as particular cases many
existing algorithms (such as consensus algorithms and recent
methods based on the adaptive projected subgradient method). To
illustrate one possible application, we show how our algorithm can
be applied to coordinated acoustic source localization in sensor
networks.

Categories and Subject Descriptors
G.1.6 [Mathematics of Computing]: Optimization—Convex
programming

General Terms
Algorithms, Theory

Keywords
Decentralized convex optimization, distributed computing,
consensus, acoustic source localization

1. INTRODUCTION
Much of the work in multiagent learning has traditionally
considered game-theoretic approaches [1], but recently ithas also
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been acknowledged that many important problems would greatly
benefit from alternatives [2]. In light of this observation,we
address multiagent learning from an engineering point of view
where the objective is to minimize a global collective function
through local decision making [3]. Examples of applications in
multiagent systems that fall within this framework are present in
many seemingly distinct areas including, but not limited to, game
theory [4], control [5], and signal processing [6–9]. In particular,
here we consider problems where agents forming a network must
optimize a global convex cost function defined by the sum of local
convex functions, each of which is known by only one agent (a
problem that occurs in many coordination, control and consensus
settings [5–9], and in particular we consider here the problem of
coordinated source localization by multiple simple range sensors
[7, 8, 10]). In this setting, the main challenges faced by algorithms
for convex optimization are that the agents have only partial
knowledge of the global function and limited communication
capabilities (i.e., not all agents can directly communicate with each
other).

Given this background, there has been a great deal of effort
devoted to the development of non-hierarchical iterative algorithms
to handle the above convex optimization problems [5–9]. Generally
speaking, these iterative schemes differ in the way that agents
exchange information and improve the estimate of a minimizer of
the global function.

Incremental methods where agents are activated sequentially,
one at a time, have a long history in the literature [8, 9]. However,
one of the major issues of incremental approaches is that many
iterations are required to produce an accurate estimate of a
minimizer of the global function in every agent (because only one
agent is active at each iteration). In addition, acquiring apath
visiting all agents in the network is often necessary, and this is
challenging in large networks with sparse communication (as in
the case with the sensor network we consider here).

More recently there has also been an increasing interest in
algorithms where agents work asynchronously and in parallel
[5–7]. They are usually faster than incremental methods anddo
not require complex routing schemes, but they are often analyzed
by making extensive use of the assumption of simultaneous
information exchange among agents, which may not be possible
in every system (e.g., when agents communicate asynchronously).
Furthermore, they often do not consider agents with time-varying
cost functions, an important class of problems common in systems
where data to build those functions arrive sequentially anda good
estimate of a minimizer has to be obtained online and in real time
[4,6,7,11].

To address these shortcomings, we propose an algorithm that
minimizes asymptotically time-varying cost functions without
necessarily assuming simultaneous information exchange among



agents. In this algorithm, each agent first improves the estimate
of the minimizer of the global function by applying the adaptive
projected subgradient method [11] (which itself is an extension
of Polyak’s algorithm to handle time-varying cost functions) to
its local function. Then the agents locally and asynchronously
exchange the improved estimates using a communication model
inspired by recent results in gossip consensus algorithms [12]. This
model enables us to exploit the fact that in wireless systemsdata
can be broadcast simultaneously to many agents without increasing
the complexity of the system. In addition, it does not necessarily
require simultaneous information exchange. To exemplify one
application of the general method developed here, we derivea new
algorithm for coordinated acoustic source localization. We choose
this application because it has an intuitive geometrical meaning,
illustrates how the limitations of recent incremental algorithms
can be overcome without incorporating unnecessary heuristics (by
essentially changing the communication model among agents), and
shows simple techniques that can be used when many assumptions
for the convergence of the proposed method in its most general
form do not necessarily hold. In more detail, the main contributions
of this study are as follows:

• We extend the communication model of the algorithms in
[6, 7] to enable low-complexity subgradient methods to be
applied to more general convex optimization problems in
multiagent systems. Simultaneous information exchange
among agents is not necessarily assumed and the cost
functions can be time varying. We name our approach
broadcast adaptive subgradient methodand show that
existing algorithms such as those in [6, 7, 12] (and many
others) are particular cases of our method.

• We show conditions to guarantee that, with probability one,
the agents minimize asymptotically the (time-varying) global
function and agree on a minimizer.

• We evaluate our approach by using it to derive a new
asynchronous algorithm for coordinated acoustic source
localization. This algorithm is calledasynchronous
broadcast projection onto convex sets (POCS) algorithm
and outperforms existing algorithms (e.g., the incremental
POCS algorithm [8]) in terms of both convergence speed and
estimation accuracy in practical scenarios without requiring
complex routing schemes.

The structure of the paper is as follows. Sect. 2 outlines basic
tools in convex analysis and reviews a class of problems withmany
applications in multiagent systems. Sect. 3 introduces andanalyzes
the proposed algorithm, which solves the problem in Sect. 2.In
Sect. 4 we specialize the algorithm in Sect. 3 to estimate the
position of acoustic sources with sensor networks.

2. PRELIMINARIES
In this section we give some definitions that will be extensively
used in the discussion that follows. In particular, we denote
the component of theith row and jth column of a matrixX
by [X ]ij . For every vectorv ∈ R

N , we define the norm
of v by ‖v‖ :=

√
vTv, which is the norm induced by the

Euclidean inner product〈v, y〉 := vTy for every v,y ∈ R
N .

For a matrixX ∈ R
M×N , its spectral norm is‖X‖2 :=

max{
√

λ| λ is an eigenvalue ofXTX}, which satisfies‖Xy‖ ≤
‖X‖2‖y‖ for any vectory of compatible size.

A set C is said to be convex ifv = νv1 + (1 − ν)v2 ∈ C
for everyv1,v2 ∈ C and0 ≤ ν ≤ 1. If C ⊂ R

N is a closed
convex set, the metric projectionPC : R

N → C is a mapping from

v ∈ R
N to the uniquely existing vectorPC(v) ∈ C satisfying

‖v − PC(v)‖ = miny∈C ‖v − y‖ =: d(v, C).
A functionΘ : R

N → R is said to beconvexif ∀x,y ∈ R
N and

∀ν ∈ [0, 1], Θ(νx+ (1 − ν)y) ≤ νΘ(x) + (1− ν)Θ(y) (in this
caseΘ is continuous at every point inRN ). Thesubdifferentialof a
convex functionΘ : R

N → R aty is the nonempty closed convex
set of all thesubgradientsof Θ aty:

∂Θ(y) := {a ∈ R
N |Θ(y) + 〈x − y,a〉 ≤ Θ(x),∀x ∈ R

N}.
(1)

In the sequel,(Ω,S ,P) always denotes probability spaces,
whereΩ is the sure event,S is theσ-field of events, andP is the
probability measure. For brevity, we will often omit the underlying
probability spaces. Unless otherwise stated, we always usethe
Greek letterω ∈ Ω to denote a particular outcome. Thus, by
xω (Xω), we denote an outcome of the random vectorx (matrix
X). We will also often drop the qualifier “almost surely” (or “with
probability 1”) in equations involving random variables.

We now turn to the problem formulation. We represent a system
with N agents by a network with a possibly time-varying directed
graph denoted byG[i] := (N , E [i]), whereN = {1, . . . , N} is
the set of agents andE [i] ⊆ N ×N is the edge set [13]. The edges
of the graph indicate possible communication between two agents.
More precisely, if agentk can send information to agentl at time
i, then(k, l) ∈ E [i] (we assume that(k, k) ∈ E [i]). The inward
neighbors of agentk are denoted byNk[i] = {l ∈ N| (l, k) ∈
E [i]} (i.e., l ∈ Nk[i] are agents that can send information to agent
k at time i). We assume that each agentk has knowledge of a
local convex cost functionΘk[i] : R

M → [0,∞) (i ∈ N). Note
that the local cost functionsΘk[i] are possibly time-varying and
not necessarily differentiable. We define the global cost function
Θ[i] : R

M → [0,∞) of the network by:

Θ[i](h) =
X

k∈N

Θk[i](h), (2)

which is the function that all agents have to minimize. At time i,
each agentk also has its own estimatehk[i] ∈ R

M of a minimizer
of Θ[i] and do not knowΘj [i] if j 6= k. We also require that the
agents agree on a minimizer of (2), so an ideal decentralizednon-
hierarchical algorithm should solve:

minimize
X

k∈N

Θk[i](hk[i])

subject to hk[i] = hl[i], ∀k, l ∈ N . (3)

Unfortunately, solving (3) at every time instanti is difficult
if the communication among agents is limited because in such
a case agents have only partial information of the problem. To
solve (asymptotically) the optimization problem in (3) with low
computational complexity, we add the following assumption.

ASSUMPTION 1.

At every time indexi, the sets of optimizers of the local cost
functions have nonempty intersection, i.e.,

O[i] :=
\

k∈N

Ok[i] 6= ∅, (4)

where

Ok[i] :=


h ∈ R

M | Θk[i](h) = Θ⋆
k[i] := inf

h∈RM

Θk[i](h)

ff

(k ∈ N ). (5)



Assumption 1 is valid in many practical problems [6].
Furthermore, while in some applications Assumption 1 does not
necessarily hold because, for example, of the presence of noise in a
sensor measurement, we can still use the proposed method because
there are simple techniques that can mitigate the effects ofnoise
(c.f. Sect.4).

In light of Assumption 1, anyh⋆[i] ∈ O[i] is a minimizer of (2),
and thus the optimization problem in (3) is solved if every agent
agrees on a vector minimizing every local cost function. Based on
this fact, we devise an algorithm that, with probability 1, minimizes
asymptotically all local cost functions and guarantees that the
agents reach asymptotic consensus. Asymptotic minimization of
possibly time-varying cost functions is a common requirement in
set-theoretic adaptive filtering [11] and is defined below.

DEFINITION 1. Let Θ[i] : R
M → [0,∞) be a convex cost

function and denote byh[i] ∈ R
M an estimate of a minimizer of

Θ[i]. Assume that, for everyi ∈ N, there is a time-invariant scalar
Θ⋆ ∈ [0,∞) such thatΘ⋆ = infh∈RM Θ[i](h). We say that an
algorithm minimizes asymptoticallyΘ[i] if the algorithm produces
a sequenceh[i] satisfying

lim
i→∞

Θ[i](h[i]) = Θ⋆.

In turn, asymptotic consensus is mathematically expressedas [6]

lim
i→∞

[(I − J)ψ[i]] = 0, (6)

whereψ[i] := [h1[i]
T . . . hN [i]T ]T , J := BBT ∈ R

MN×MN ,
B := [b1 . . . bM ] ∈ R

MN×M , bk = (1N ⊗ ek)/
√

N ∈ R
MN ,

1N ∈ R
N is the vector of ones,ek ∈ R

M (k = 1, . . . , N ) is
the standard basis vector, and⊗ denotes the Kronecker product.
Note thatJ is the orthogonal projection matrix onto the consensus
subspace

C := span{b1, . . . , bM}. (7)

(If ψ[i] ∈ C, thenψ[i] = Jψ[i] and all local estimateshk[i]
(k ∈ N ) are equal, i.e., we have consensus:hk[i] = hj [i] for
everyk, j ∈ N ).

3. THE LEARNING ALGORITHM
To solve (3) asymptotically, as in [6, 7], each agentk first updates
hk[i] by applying the adaptive projected subgradient method [11]
to its local functionΘk[i]:

h
′
k[i + 1] = hk[i] − µk[i]

(Θk[i](hk[i]) − Θ⋆
k[i])

(‖Θ′
k[i](hk[i])‖2 + δk[i])

Θ′
k[i](hk[i]),

(8)

whereh′
k[i + 1] is the resulting estimate after the subgradient

update;Θ′
k[i](hk[i]) ∈ ∂Θk[i](hk[i]) (see (1)) is a subgradient

of Θk[i] at hk[i]; µk[i] ∈ [0, 2] is a step size;Θ⋆
k[i] :=

infh∈RM Θk[i](h) (k ∈ N ); δk[i] > 0 is an arbitrarily small
bounded number ifΘ′

k[i](hk[i]) = 0 or δk[i] = 0 otherwise;
andh[0] is an initial (deterministic) estimate of the parameter of
interest.

In the second step of the algorithm, agents exchange information
locally. Given a graphG[i], we consider agents exchanging
information according to:

hk[i + 1] =
X

j∈Nk[i]

W kj [i]h
′
j [i + 1], k = 1, . . . , N, (9)

whereW kj [i] : Ω → R
M×M is a random weight matrix that

agentk assigns to the edge(j, k) at timei (W kj [i] = 0 if (j, k) /∈

E [i]). The information exchange in (9) is decentralized because, as
in algorithms for average consensus [12–14], each agentk needs
only the estimateshj [i] of its neighborsj ∈ Nk[i] to compute
(9). Note that we can rewrite (9) in the equivalent form[h1[i +
1]T . . . hN [i + 1]T ]T = P [i][h′

1[i + 1]T . . . h′
N [i + 1]T ]T ,

whereP [i] : Ω → R
MN×MN is a matrix havingW kj [i] in (9) as

submatrices. For the algorithm to work properly, we requirethat,
periodically (c.f. Theorem 1),P [i] be anǫ-broadcast consensus
matrix conditioned on[h1[i]

T . . .hN [i]T ]T as defined below.

DEFINITION 2. For ǫ ∈ (0, 1], we define anǫ-broadcast
consensus matrix as a random matrixP : Ω → R

MN×MN

satisfying the following properties:

1. ‖E[P T (I − J)P ]‖2 ≤ (1 − ǫ);

2. ‖E[P TP ]‖2 = 1;

3. Pv = v for everyv ∈ C (see (7)).

If properties 1) and 2) hold when the expectations are replaced
by expectations conditioned on a random vectorr (i.e., E[·] is
replaced byE[·|r]), we say thatP is an ǫ-broadcast consensus
matrix conditioned onr.

The above definition raises the question whether the agents can
easily construct such matrices without global informationabout the
network topology. Fortunately, the answer is affirmative because in
Definition 2 we have used properties also satisfied by consensus
matrices of existing broadcast consensus algorithms [12].In doing
so, we can now use the rich literature on consensus algorithms to
build (in a decentralized way)ǫ-broadcast consensus matrices, and
we show below a particular method. This method will be used
later in in Sect. 4 to derive a new algorithm for acoustic sensor
localization.

EXAMPLE 1. (Random geometric graphs [12]):
For simplicity, consider a time-invariant graphG(N , E).

Assume that if two agentsk, j ∈ N are within distanceR from
each other, then(j, k), (k, j) ∈ E . Let the resulting graph be
strongly connected.1 Suppose that only one agent sends data, and
let V ω be a sample of a random matrixV : Ω → R

N×N ,
where[V ω]kj is a scalar weight assigned to the edge(j, k). With
probability1/N , let agentk ∈ N be the agent sending data for this
particular realizationω ∈ Ω and define the components ofV ω by

[V ω]jl :=

8
>>><
>>>:

1, j /∈ Nk\{k} and j = l

γ, j ∈ Nk\{k} and j = l,

1 − γ, j ∈ Nk\{k} and l = k,

0, otherwise,

whereγ ∈ (0, 1) is a mixing parameter. Then the random matrix
V satisfies [12]: (i) ‖E[V (I − 1/N 1N1

T
N)V ]‖2 < 1, (ii)

E[‖V TV ‖2] = 1, and (iii) V 1N = 1N . With these properties,
we can verify thatP := V ⊗ IM is an ǫ-broadcast consensus
matrix for0 < ǫ ≤ (1 − ‖E[V (I − 1/N 1N1

T
N)V ]‖2).

We now summarize and analyze the proposed algorithm.

THEOREM 1. (Broadcast adaptive subgradient method)
Consider the problem in Sect. 2 and assume that, for everyi, the
random matrixP [i] : Ω → R

MN×MN satisfies properties 2) and
3) of Definition 2 with the expectations in those properties replaced
1We refer the reader to [12] and the references therein for the
minimum rangeR to guarantee a strongly connected graph with
high probability.



by expectations conditioned onψ[i] (ψ[i] is defined in (6)). To
solve the problem in Sect. 2, we define a sequence given by

ψ[i + 1] = P [i]

0
B@ψ[i] −

2
64

µ1[i]α1[i]Θ
′
1[i](h1[i])

...
µN [i]αN [i]Θ′

N [i](hN [i])

3
75

1
CA ,

(10)

where

αk[i] = (Θk[i](hk[i]) − Θ⋆
k[i])/(‖Θ′

k[i](hk[i])‖2 + δk[i]).

(NOTE: See also the definitions after (8).) The algorithm in (10)
satisfies the following:

(a) (Mean square monotone approximation):

Suppose that Assumption 1 holds, and let the step size be
within the intervalµk[i] ∈ (0, 2) for everyk ∈ N . Then

E[‖ψ[i + 1] − ψ⋆[i]‖2] ≤ E[‖ψ[i] − ψ⋆[i]‖2]

for every

ψ
⋆[i] ∈ C⋆[i] := {[hT

h
T . . .hT ]T ∈ R

MN | h ∈ O[i]}.

(b) (Almost sure asymptotic minimization of the local cost
functions):

Assume the following:

1. The step size is bounded away from zero and two, i.e.,
there existǫ1, ǫ2 > 0 such thatµk[i] ∈ [ǫ1, 2 − ǫ2] ⊂
(0, 2);

2. Θ⋆
k[i] =: Θ⋆

k ∈ R, i = 0, 1, . . .;

3. O :=
T

i≥0 O[i] 6= ∅;

4. ‖Θ′
k[i](hk[i])‖ < ∞ for every k ∈ N and i =

0, 1, . . .

Then, with probability 1, the local cost functions are
asymptotically minimized, i.e.,

P
“

lim
i→∞

Θk[i](hk[i]) = Θ⋆
k

”
= 1.

(c) (Asymptotic mean square consensus):

In addition to the assumptions above, for some fixedǫ > 0,
assume the existence ofI ∈ N such that, for any interval
in the form [i, i + I ] (i ∈ N), there is at least oneǫ-
broadcast consensus matrix conditioned onψ[i]. Then we
have asymptotic mean square consensus, i.e.,

lim
i→∞

E[‖(I − J)ψ[i]‖2] = 0.

(d) (Almost sure convergence and asymptotic consensus):

If the assumptions in item (c) hold andC⋆ :=
{[hT · · ·hT ]T ∈ R

MN | h ∈ O} does not lie in a
nondegenerate hyperplane, then, with probability 1,ψ[i]
converges to a random vectorψ∞ and the agents reach
consensus asymptotically.

PROOF. The proof is omitted due to the space limitation.

Recall that (under Assumption 1) the problem in (3) is
solved when the following properties are satisfied: i) every
local function is minimized and ii) the agents are in consensus
(h1[i] = . . . = hN [i]). These two properties are satisfied

asymptotically when we apply the proposed algorithm. More
precisely, the local cost functions are asymptotically minimized
with probability one (Theorem 1(b)) and agents reach consensus
in mean square (Theorem 1(c)). In addition, under the assumptions
of Theorem 1(d), agents reach consensus with probability one and
their estimateshk[i] (k ∈ N ) converge. Theorem 1(a) also says
that, in every iteration of the algorithm, the Euclidean distance of
[h1[i]

T . . . hN [i]T ]T to a solution of (3) does not increase (in the
mean square sense).

Remark 1. (On Theorem 1)

1. The algorithm in Theorem 1 cannot be analyzed with
the deterministic approach in [6] because the mapping
T : R

MN → R
MN defined byT (ψ) = P ω[i]ψ is not

necessarily nonexpansive, i.e.,

‖T (x) − T (y)‖ ≤ ‖x − y‖

does not necessarily hold for everyx,y ∈ R
MN (see

Example 1).

2. All assumptions in Theorem 1 automatically hold when
Θk[i](h) = 0, in which case we reproduce conventional
consensus algorithms (e.g., those in [12]).

3. (Asynchronous updates) Let the assumptions in Theorem
1(c) hold. Suppose that the agents do not have a common
clock, so they asynchronously apply subgradient updates
(the updates in (8)). In addition, assume that information
exchange is also performed asynchronously. Theorem 1 can
be used to analyze such an algorithm as follows. Leti ∈ N

be the time instants where there is at least one subgradient
update or information exchange among agents. Denote by
Ik ⊂ N an infinite set of time instants where agentk applies
a subgradient update. We can consider that the sequence of
functionsΘk[i] is only defined at time instantsIk ⊂ N, and,
in (10), agentk is using the extended local function

eΘk[i](h) =

(
Θk[i](h), i ∈ Ik

Θ⋆
k otherwise.

Similarly, suppose that agents only exchange information at
time instantsn ∈ IP ⊂ N using i.i.d. random matrices
P [n], whereIP is also an infinite set. We can consider that
(10) is using the random matrix

eP [i] =

(
P [i], i ∈ IP

I otherwise.

With the above extensions,Θk[i](h[i]) is a subsequence of
eΘk[i](h[i]), and the convergence ofeΘk[i](h[i]) to Θ⋆

k (we
can use Theorem 1 to reach this conclusion) also implies the
convergence ofΘk[i](h[i]) to Θ⋆

k. Sect. 4 shows a concrete
application based on this idea.

4. (Adding constraints) Constraints can also be easily added by
considering time-varying cost functions. For example, with
the assumptions in Theorem 1(b), letΘk : R

M → [0,∞) be
a (fixed) cost function known by agentk. Suppose that the
agent has knowledge of a setC such thatO ⊂ C. Then we
can use the following time-varying cost-function instead of
the original functionΘk : R

M → [0,∞):

Θk[i](h) =

(
Θk(h), i odd

d(h, C) + Θ⋆
k i even,



4. COORDINATED ACOUSTIC
SOURCE LOCALIZATION

We now specialize the method in Theorem 1 to localize acoustic
sources with sensor networks. (The new algorithm for source
localization is calledasynchronous broadcast POCS algorithm.)
However, note that our method is general and can be applied
to many other problems (e.g., coordination, distributed adaptive
filtering, etc.).

4.1 Problem description and existing
solutions

The objective is to estimate the unknown locationr⋆ ∈ R
2 of an

acoustic source by usingN agents distributed at spatial locations
rk ∈ R

2 (k = 1, . . . , N ). Each agent knows its own position
rk, the acoustic source powerA, and is equipped with an acoustic
sensor that can estimate the range of the acoustic source from
the received volume (but not the direction).2 The acoustic power
perceived by agentk can be modeled as [10]

yk =
A

‖rk − r⋆‖2
+ nk, (11)

where nk is noise. For mathematical simplicity,nk is often
modeled as Gaussian noise even though this assumption is
unrealistic becauseyk is always positive. Nonetheless, algorithms
using this unrealistic assumption often gives good performance
when deployed in real-world scenarios [10]. By modeling noise as
Gaussian, the maximum-likelihood estimaterML is given by [10]

rML ∈ arg min
h∈R2

NX

k=1

»
yk − A

‖rk − h‖2

–2

. (12)

Unfortunately, many simple decentralized algorithms usedto
approximaterML with low complexity, such as the incremental
gradient method, may not provide an estimate close torML because
the function being minimized is nonconvex. By noticing thateach
term in the summation in (12) attains its minimum on the circle
Ck := {h ∈ R

2 | ‖h−rk‖ =
p

A/yk}, the optimization problem
in (12) can be replaced by the alternative convex optimization
problem [8]

ropt ∈ arg min
h∈R2

NX

k=1

d(h, Dk), (13)

whereDk is a convex relaxation of the setCk: Dk := {h ∈
R

2 | ‖h−rk‖ ≤
p

A/yk}. When noise is not present, the solution
set to the optimization problem in (13) is∩N

k=1Dk ∋ r⋆. If the
acoustic source positionr⋆ lies in the convex hull of the agents’
locations, i.e.,r⋆ ∈ H where

H =

(
r ∈ R

2 | r =
NX

k=1

αkrk, αk ≥ 0,
NX

k=1

αk = 1

)
, (14)

then the unique point in the set∩N
k=1Dk, the solution to the

problem in (13), isr⋆ = ropt [8]. The incremental POCS
algorithm [8] can thus be used to solve (13) in this scenario.
This algorithm is a sequential method that can be summarizedas
follows. In the initialization stage, the algorithm definesa cyclic
path visiting all agents in the system. Then agentk in the path
becomes active, improves its estimate of the source location by
projecting this estimate onto the sphereDk, and then sends the

2We can use the same techniques developed in [8] to extend the
proposed algorithm to the case whereA is unknown. For brevity,
we do not consider such extensions here.

new estimate to only the next agent in the path, which repeats
the process. Unfortunately, the acquisition of a path visiting all
agents is a difficult task in large networks or in dynamic scenarios
where links can fail, thus the application of the incremental POCS
algorithm is limited to small or medium sized networks. In
addition, owing to the sequential nature of the algorithm, agents at
the end of the path have to wait a long time for an accurate estimate
of the acoustic source position.

When noise is present,ropt is not necessarily unique andr⋆

may not be a solution to (13). However, if the number of agentsis
sufficiently large, we can expect thatropt is a good approximation
of r⋆. The incremental POCS algorithm does not necessarily
converge toropt in such cases [15], but after some iterations the
sequence of estimates generated by this algorithm is close to r⋆

in this particular application. In addition, many simple heuristics,
such as monotonically decreasing the step size after a givennumber
of iterations, can further improve the performance [8]. More
generally, in different applications where the POCS algorithm is
applied, a simple method to mitigate the detrimental effects of noise
consists of using a small (fixed) step size [15].

4.2 Asynchronous broadcast POCS
algorithm

Owing to the nature of wireless channels, if agentk broadcasts
an estimatehk[i], all other agents within a certain distance are
able to receive this information. However, in the incremental
POCS algorithm, even though more than one agent may be able
to receivehk[i], only the next agent in the cycle uses this available
information. To avoid this loss of useful data in the system,we
derive an algorithm that uses the communication model in Example
1. In doing so, not only do agents not discard useful data, butthey
also do not need to acquire a path visiting all agents. We start with
the following assumption, previously used in Example 1.

ASSUMPTION 2. The graphG = (N , E) is static and strongly
connected. In addition, agents within distanceR from a given agent
k can receive data transmitted by agentk (and vice versa), i.e.,
(k, j), (j, k) ∈ E if ‖rk − rj‖ ≤ R.

In the proposed algorithm, at iterationi and with probability
1/N , agentm ∈ N is activated and other agents remain idle (in
practice this can be easily done with agents having independent
clocks ticking according to a Poisson process [12]). Therefore, only
agentm is able to apply the iterations in (8), thus we assume that
the agents are minimizing asymptotically3

Θk[i](h) =

(
0, if k 6= m

d(h, Dk[i]), otherwise,
(15)

where

Dk[i] :=

8
<
:

R
2, if yk ≤ ck[i]
h ∈ R

2 | ‖h − rk‖ ≤
r

A

yk − ck[i]

ff
, otherwise,

andck[i] ≥ 0 is a (possibly time-varying) parameter that increases
the radius of the sphereDk used in the optimization problem
(13) (note that, by expanding the spheres, we also increase the
probability thatr⋆ ∈ Dk[i] when noise is present). (Artificial
expansion of sets is a common technique to mitigate the effects of
noise in set-theoretic filtering [11].) If∩k∈NDk[i] 6= ∅, any point

3This idea is based on Remark 1.3. Similar time-varying cost
functions have also been used in [7], but, as shown in Remark 1.1,
the resulting algorithm cannot be analyzed with the theory in [7]
because of the communication model.



is this intersection of sets is a minimizer of the global costfunction
Θ[i](h) =

P
k∈N Θk[i](h). Thus, similarly to the incremental

POCS algorithm, the main idea of the proposed method is to find
a point in∩k∈NDk[i], which ideally should have a small area and
include the source locationr⋆. If we ignore noise for the moment
and setck[i] to 0, the global functionΘ[i] is guaranteed to be
minimized at any time indexi only at r⋆, where we also have
Θk[i](r⋆) = Θ⋆

k[i] = 0 (see the discussion after (13)). Note that a
subgradient ofΘk[i](h) = d(h, Dk[i]) is [11]

∂Θk[i](h) ∋ Θ′
k[i](h) =

8
<
:

h − PDk[i](h)

d(h, Dk[i])
if h /∈ Dk[i],

0 otherwise,
(16)

where [15]

PDk[i](h) =

8
<
:

h, if h ∈ Dk[i]

rk +

r
A

yk − ck[i]

(h − rk)

‖h − rk‖
otherwise.

After applying the iteration in (8) with the local functionsin (15),
agentm broadcasts its improved estimate of the source location.
Then all agents able to receive this information (i.e., those within
distanceR from agentk) mix their estimates with the received
estimate by using anǫ-broadcast consensus matrixP [i] constructed
with the scheme in Example 1. (NOTE: In the construction ofP [i],
agents not able to receivehk[i] can remain idle because they do
not mix estimates. The matricesP [i] (i = 0, 1, . . .) are i.i.d. and
independent ofψk[n] for everyn.) The whole process is repeated
with a new active agent.

We summarize below our method for coordinated acoustic
source localization, which can be shortly described as the
application of the local cost functions in (15) and theǫ-broadcast
matrices in Example 1 to the scheme in Theorem 1 withΘ⋆

k[i] = 0
(i.e., we ignore the presence of noise).

ALGORITHM 1. (Asynchronous broadcast POCS
algorithm):

1. Initialize the estimateshk[i] with an arbitraryhk[0] ∈
R

2.

2. Only agentm ∈ N becomes active (agents have the same
probability1/N of becoming active).

3. hm[i + 1] = hm[i] + µm[i]
`
PDm[i](hm[i]) − hm[i]

´
,

whereµm[i] ∈ (0, 2) is the step size.

4. Agentm broadcastshm[i + 1]

5. Agentsj ∈ Nm\{m} (i.e, all agents within distanceR to
agentm) mix the received estimatehm[i + 1] with their
own estimateshj [i]:

hj [i + 1] = γhj [i] + (1 − γ)hm[i + 1], j ∈ Nm\{m},
whereγ ∈ (0, 1) is a mixing parameter common to all
agents. (Agentsk /∈ Nm do not perform any operations,
so we can consider thathk[i + 1] = hk[i].)

6. Incrementi and go to step 2.

Note that Algorithm 1 requires neither synchronization nor
agents to be aware of their neighbors. Simultaneous information
exchange among agents, a common assumption in previous
decentralized optimization using subgradient methods [5–7], is also

not necessary. In our approach, agents randomly become active,
improve their estimateshk[i], and broadcasthk[i] to all other
agents within rangeR. We can analyze Algorithm 1 directly with
Theorem 1 in the absence of noise for the following reasons:

1. The subgradients are bounded (see (16)).

2. The setO (as defined in Theorem 1(b)) is nonempty because
Θk[i](r⋆) = 0 for every k ∈ N and i ∈ N (i.e., r⋆ ∈
∩k∈NDk).

3. At every iteration the algorithm uses samples of anǫ-
broadcast matrices constructed with the method in Example
1 (P [i] andψ[i] are independent).

Therefore, all conditions of Theorem 1(a)-(c)4 can be easily
satisfied by simply choosing step sizesµk[i] bounded away from
0 and 2.

The assumptions in Theorem 1 do not necessarily hold in
the presence of noise, but nevertheless we can apply the same
ideas used to mitigate the effects of noise in other POCS-based
algorithms or set-theoretic adaptive filters. Here we choose to
expand the parametersck[i], k ∈ N . Ideally, these parameters
should be small real numbers so thatr⋆ ∈ Dk[i] and the area
of ∩k∈NDk[i] is small. Unfortunately, computing such values is
not possible, but we can slowly increase the radius of the sphere
Dk[i] every time nodek is activated. Intuitively, if the convergence
of the algorithm is faster than the increase rate of the sphere
Dk[i], we can expect that, once∩k∈NDk[i] is nonempty, all agents
soon find a point in∩k∈NDk[i] and stay in this point, which is
assumed to be a good approximation ofr⋆. This approach has
also been successfully used by algorithms using the assumption of
simultaneous information exchange [7].

4.3 Numerical simulations
We evaluate the performance of the asynchronous broadcast POCS
algorithm in settings almost identical to those in which theoriginal
incremental POCS algorithm was evaluated [8, Sect. V]. In
a 100m × 100m field, at each realization of the simulation we
randomly distribute5000 agents and place an acoustic source with
A = 100 at r⋆ = [50 50]T . Each agent measures the acoustic
power at their own locations according to (11). The noisenk is
modeled as Gaussian with varianceσk = 1, and only agents with
perceived power greater or equal than5 (i.e.,yk ≥ 5) take part in
the estimation task. Each agent in the estimation task has a uniquely
identifying number from the set{1, . . . , N}.

We compare the incremental POCS algorithm with different
versions of the proposed broadcast POCS algorithm. We do
not show the performance of the maximum likelihood estimator
because (12) is a nonconvex optimization problem, and algorithms
dealing with nonconvex functions usually have poor performance if
they are not initialized with a point close to the unknown acoustic
source location [8].

To construct the sequence of agents[s0 . . . sN−1] (sk ∈ N ) for
the incremental POCS algorithm, we start withs0 = 1 and setsk+1

to be the nearest agent tosk that has not been previously selected
(i.e., sk+1 6= sl l = 0, . . . , k). All agents use the same step size
µk[i] = 0.4 in the incremental POCS algorithm. Table 1 shows
the parameters used by the proposed broadcast POCS algorithm.
In this table,ak[i] is the number of times that agentk has been
activated up to time indexi.

The performance of interest is the mean square error (MSE)
normalized by the number of agentsN (becauseN is a random
4The results in Theorem 1 are valid for any sequence of functions
obtained in one realization of the algorithm.



Table 1: Parameters used by the different versions of the
broadcast POCS algorithm. For each version of the algorithm,
all agents use the same values for µk[i], R, and γ.

Name µk[i] ck[i] R γ
Broadcast POCS-a 0.4 0 5 0.5
Broadcast POCS-b 0.4 0 7 0.5
Broadcast POCS-c 1 0.1 ak[i] 5 0.5
Broadcast POCS-d 1 0.1 ak[i] 7 0.5

variable in the simulation)

MSE[i] = E

"
1

N

NX

k=1

‖hk[i] − r⋆‖2

#
.

We also show the mean square distance to consensus (MSDC)
normalized by the number of agents, defined by

MSDC[i] = E

»
1

N
‖(I − J)ψ[i]‖2

–
.

(NOTE: ‖(I − J)ψ[i]‖ is the distance ofψ[i] to the consensus
subspaceC defined in (7). When‖(I − J)ψ[i]‖ is zero, all agents
are in consensus.)

We compute expectations by averaging the results of 100
realizations of the simulation, which, as shown in the figures in this
section, is enough for statistical significance (because the curves
of the algorithms are smooth enough to draw conclusions on the
relative performance of the algorithms).

Fig. 1 shows the results. The convergence speed of the
broadcast POCS algorithm increases as a function ofR when other
parameters are kept constant because fewer iterations are needed
to propagate indirectly the information of every agent through the
network. We also see that slowly increasing the radius ofDk[i] (by
increasingck[i]) is an efficient method to improve the steady-state
performance. The choice ofck[i] in Table 1 is intuitively appealing
because agents with low signal-to-noise ratio (SNR), usually those
with small yk, stop their unreliable subgradient updates in few
iterations (because the relationyk < ck[i] is often satisfied in a
short period of time). Subgradient updates last longer in agents
with high SNR, which improves the quality of the estimate. In
addition, by increasingck[i], the probability that the intersection
∩k∈NDk[i] is nonempty increases with time, and the assumptions
in Theorem 1 are more likely to be satisfied. This fact is observed
experimentally by noticing that:

1. In Fig. 1(a), the MSE fluctuations in the curves of versions
(c) and (d) of the broadcast POCS algorithm eventually cease
when the expectation is computed by averaging the results of
only 100 realizations of the simulation. This is an indication
that the estimates of all agents are converging in all runs
of the simulation for these versions of the algorithm, a fact
predicted by Theorem 1(d).

2. The MSDC of versions (c) and (d) of the broadcast POCS
algorithm is converging to 0 (see Fig. 1(b)), another
indication that the conditions of Theorem 1(d) have been
satisfied in all runs of the simulation for these versions of
the algorithm.

Care should be taken in the choice of the parametersck[i]. If the
radii of the spheresDk[i] grow too fast, the subgradient updates
cease too soon in every agent, and the steady-state performance
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Figure 1: Transient performance of the algorithms. (a) Mean
square error. (b) Mean square distance to consensus.

decreases. This fact is illustrated in Fig. 2, where we can see that
the steady-state performance of the algorithm decreases asDk[i]
increases more quickly. If a typical scenario for the application
of the algorithm cannot be defined, in which case a good choice
of ck[i] cannot be obtained by means of simulations, we can fix
ck[i] = 0 as done with versions (a) and (b) of the broadcast
POCS algorithms. Even though many assumptions of Theorem
1 do not hold in these versions of the algorithm (because of the
presence of noise), as shown in Fig. 1, the convergence speedand
steady-state performance are still satisfactory. We can also devise
schemes whereck[i] is chosen automatically by each agent, but
these approaches will not be investigated here.

The results of the incremental POCS algorithm should be used
only as a rough reference of its achievable performance because
we have only used a small fixed step size to mitigate the effects
of noise. Techniques to improve further the performance of this
algorithm in this particular application domain are out of the
scope of this study. However, being an incremental method where
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Figure 2: Transient performance of the broadcast POCS
algorithm as a function of ak[i]. Except for ak[i], the
parameters of the algorithms are identical to those of the
Broadcast POCS-d algorithm in Table 1.

estimates are broadcast to only one neighbor at each iteration,
the incremental POCS algorithm always exhibits the slow start
observed in Fig. 1 because at least one cycle is necessary to improve
the estimate of every agent in the network. In addition, it also
requires the definition of a path visiting all agents taking part in
the estimation task, thus a complex routing scheme is necessary.
Therefore, if the transmission range is long enough, our broadcast
POCS algorithm is a good alternative because it is fast, has good
steady-state performance, and does not require the acquisition of a
path visiting all agents in the estimation task.

5. CONCLUSIONS
We have developed a non-hierarchical algorithm for decentralized
optimization of a sum of convex functions. Each term in this
sum is a local cost function known by an agent in a network, and
we assume that the sets of optimizers of the local functions have
nonempty intersection. Unlike existing optimization methods, the
local cost functions can be time-varying, a very useful property
in online learning, and agents exchange information locally by
using recent results in broadcast average consensus algorithms.
This mechanism for information exchange enable us to relax the
assumption of simultaneous exchange information among agents, a
common assumption in the analysis of multiagent algorithmsusing
subgradient methods. We have shown conditions to guarantee
almost sure asymptotic minimization of the local cost functions,
consensus among agents, and convergence.

As an example of a possible application, we used the proposed
method in its most general form to derive a new POCS-based
algorithm for acoustic sensor localization. This application shows
efficient techniques to apply the general method even when many
assumptions do not necessary hold. Our algorithm for source
localization and the existing incremental POCS algorithm are
similar, but the former usually has better convergence speed
because data is simultaneously transmitted to multiple agents in
every iteration. In addition, our algorithm also does not require the
acquisition of path visiting all agents in the network.

Future work may include the study of mobile agents with
heterogeneous sensors, which is possible with the proposedmethod

because it is a very general optimization tool that can handle time-
varying cost functions.
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