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Abstract—In this paper, the distributed average consensus
problem in sensor networks with limited data rate communi-
cation is studied. Unlike standard average consensus, only quan-
tized signals with finite support are adopted for the communica-
tions among agents. To tackle this problem, a novel distributed
algorithm is proposed, where each agent iteratively updates alo-
calestimate based onquantizedsignals received by its neighbors.
The proposed algorithm differs from the existing schemes dealing
with limited data rate in the following key features: 1) each agent
is not required to have information on spectral properties of the
graph associated with the communication topology; 2) the initial
measurements are not required to be bounded within a known
interval; and 3) exact consensus to the average can be achieved
asymptotically forweight-balanced directed topology. Thus, it
is more favorable for practical implementations, especially for
large networks. The proposed algorithm is proved to achieve
average consensus asymptotically, almost surely and in mean
square sense. The analysis of convergence rate and generaliza-
tions to random weight-balanced directed topologies and time-
varying quantization are also provided. Finally, numerical results
validate our theoretical findings, and demonstrate the superior
performance of the proposed algorithm compared to existing
topology-agnostic consensus schemes with limited data rate.

I. INTRODUCTION

Distributed average consensus has attracted considerable
attention in recent years; some representative applications
include load balancing [1], vehicle formation [2], and sensor
networks [3]. Since the seminal paper [4], where the first
consensus scheme was proposed, several subsequent work
appeared in the literature (e.g. [5], [6]) studying variations
and extensions of the original protocol [4]. However, in most
work it is assumed that agents can exchange precise informa-
tion, which implies infinite channel capacity among agents.
In practice, however, agents can only exchangequantized
information, which motivates more recent research.

Distributed average consensus with quantized communica-
tions has been studied recently in [7]–[11]. Therein, each agent
has its initial value, and the goal is to reach consensus on the
average value through local quantized information exchanges.
In [7], [9], the agents’ local estimates are restricted to be
discrete and thus the consensus can only be reached on the
quantized value which is nearest to the average. In [8], the
dithered quantization is introduced, which is equivalent to the
probabilistic quantization, and consensus to a random variable
whose expected value is the desired average is shown to be
achieved almost surely. Almost sure and mean square sense
convergence was proved in [10] for a similar setting. In [11],
consensus to the desired average is proved both almost surely
and in mean square sense for directed graphs.
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The above works either assume that the number of quan-
tization levels is infinite [11], which is impractical due to
finite link capacities, or fail to converge to the average of
the initial measurements [7]–[10], which is not desirable. To
solve the distributed average consensus problem with finite
level quantization, several algorithms based on dynamic en-
coding/decoding have been proposed in recent years, e.g., [12],
[13]. In [12], a finite level deterministic dynamic quantizer is
proposed, and convergence to the desired average is proved.
In [13], a dynamic finite level quantizer is proposed which
progressively reduces the quantization range to speed up
consensus, but no performance guarantees are given.

However, the aforementioned dynamic encoding/decoding
based algorithms require each agent to have knowledge of
some spectral properties of the Laplacian matrix of the com-
munication graph. Furthermore, each agent is required to know
the bound on all initial measurements, which may not be the
case when large networks are considered, since the maximum
deviation of measurements will increase as the number of
measurements increases (for instance, under Gaussian noise).
Since the above information is used to design the quantizer
and control parameters, convergence of the dynamic encod-
ing/decoding based algorithms is no longer guaranteed without
the above information. To the best of our knowledge, the
distributed average consensus problem under directed topology
using finite level quantization, without the need of spectral
properties of the communication graph and uniform bound of
the measurements at each agent, is still an open problem.

In this paper, we fill the gap and propose an algorithm
for the distributed average consensus problem under weight-
balanced directed topology with limited data rate. In the
proposed algorithm, each agent is neither required to have
knowledge of the communication graph, nor of the uniform
bound of all measurements.We show that consensus to the
desired average can be achieved asymptotically, as long as (i)
the communication topology is strongly connected andweight-
balanced, and (ii) theaverageof the (initial) measurements
fall inside the quantization range. Clearly, strong connectivity
is required to reach consensus, and (ii) is a much milder
and more natural requirement than the uniform boundedness
of the measurements, typically assumed in most prior work
(e.g., see [10], [12], [14]). Note that the proposed algorithm
can be regarded as a generalization of the one in [14] to
weight-balanced directed graphs. However, our analysis covers
more generalizations (e.g., static and i.i.d. random weight-
balabced directed graphs) than [14], see [15]. The performance
superiority of the proposed algorithm stems from the fact that
we tacklesaturationof the quantizer differently from dynamic
encoding/decoding based algorithms. The key idea therein is to
carefully scale the input to the quantizer, so that the latter will
never be saturated (or be saturated with small probability [13]).



Fig. 1. System and signal model.

In contrast, our algorithm adopts a more intuitive approach:
when data fall outside the range, they are simply clipped
and then quantized. However, since clipping is anon-linear
operation, the analysis of the proposed scheme is much more
involved. Therefore, another major contribution of this work is
that we directly tackle suchnon-linearityand show that con-
sensus to the average can still be achieved almost surely and
in mean square sense. We show that the convergence results
also hold for two generalizations: i.i.d. random topologies and
time-varying quantization. Finally, we numerically evaluate the
effectiveness of the proposed algorithm.

The paper is organized as follows. In Section II, we in-
troduce the system model and the proposed algorithm. In
Section III, we elaborate the analytical results. In Section IV,
we numerically validate our theoretical findings, followed by
some final remarks in Section V. Due to the space limitations,
the proofs are provided in [15]. We denote the vector with all
components equal to 1, the one with all components equal to
0, and theith canonical vector as1,0andei, respectively.

II. PROBLEMFORMULATION ANDPROPOSEDALGORITHM

Consider a sensor network withNagents, depicted in Fig. 1.
Each agentihas its observationsiof a common unknown
parameterθ∈ (θmin,θmax), with boundariesθmin <θmax

known at each agent. The goal of distributed average con-
sensus is to compute, at each agent, an average of the initial
measurements, that is,

s̄=
1

N

N

i=1

si, (1)

using only local processing and information exchange among
neighbors. For instance,si = θ+ wi, wherewi denotes
Gaussian noise, so that s̄represents the sample average
measurement across the network. Clearly, siis not bounded
since the Gaussian noisewican take any value inR. The
measurements are said to beinformativeif̄s∈(θmin,θmax).

The communication network is modeled as a static directed
graphG={V,E}, whereVis the vertex set, with each vertex
corresponding to an agent, andE ⊂V×Vis the edge set,
with each edge representing the communication link between
two agents. LetN+

i,N−
i be the out-neighbor and in-neighbor

set of agenti, i.e.,j∈ N+
i andi∈ N−

j,iff(i, j)∈E.In

other words, agentjcan receive the signal from agenti. Let
A=[ai,j]N×N be the weight matrix associated withG,D be
the degree matrix andLthe Laplacian matrix, defined asD =
diag{d1,···,dN}, withdi= j∈N+

i
aj,i, andL=D−A.

In the following, we state two assumptions on the graph and
its weight matrix.

Assumption 1:The graphG is connected, and does not
contain self loops, i.e.,(i, i)/∈E,∀i.

Assumption 2: The graph is weight-balanced, i.e.,

j∈N+
i

aj,i= j∈N−
i

ai,j,∀i, withaj,i> 0iff(i, j)∈E,

andaj,i=0iff(i, j)/∈E.
Letyi(k)be the local estimate of the average of the initial

measurementss̄, owned by agentiat iterationk. We assume
that communication occurs at finite rate, thus the local estimate
yi(k)needs to be quantized before transmission. Specifically,
at timek, each agentifirst clips its local estimateyi(k)within
the quantization range[qmin,qmax], generating theclipped
estimateỹi(k)given by

ỹi(k)=minmax yi(k),qmin ,qmax . (2)

Then, it quantizes the clipped estimateỹi(k)with B bits,
building the quantized signalxi(k), given by

xi(k)=
qmin+ ỹi(k)−qmin

Δ Δ,with probabilitypi(k),

qmin+ ỹi(k)−qmin

Δ Δ,otherwise,
(3)

whereΔ= qmax −qmin

2B −1
is the quantization step size,·,·are

the ceiling and floor functions, respectively, and

pi(k)=
ỹi(k)−qmin

Δ
−

ỹi(k)−qmin

Δ

is the probability of the probabilistic quantizer, whose value is
such thatE[xi(k)|̃yi(k)] = ̃yi(k). Finally, agentibroadcasts
such a quantized estimate to its neighborsN+

i. After receiving
the signal from its neighbors, each agentiwill update its local
estimateyi(k)based on the received signalxj(k),j∈ N−

i,
according to the following dynamics:

yi(k+1)=yi(k)+α(k)

j∈N−
i

ai,j[xj(k)−xi(k)],∀k≥1,(4)

whereα(k)≥0is the step-size andyi(1) =siat initialization.
Remark 1:Since the input to the quantizerỹi(k)always

falls within the range[qmin,qmax], the quantizer will never be
saturated. By doing so, the probabilistic quantizer is equivalent
to the dithered quantizer with dither noise being a random
variable, uniform in[−Δ/2,Δ/2)(cf. [8, Lemma 2]).

Remark 2:The update rule (4) has the following property:
the average of the local estimates is preserved with probability
1. In contrast, the topology-agnostic consensus algorithm with
limited data rate for undirected graph developed in [10], i.e.,

yi(k+1)=yi(k)+α(k)

j∈N−
i

ai,j[xj(k)−yi(k)], (5)

does not have this property.1As we will show numerically in
Section IV, such property leads to better performance of the
proposed algorithm compared to [10].

1To be precise, in [10],aj,i=1 if(i, j)∈E andaj,i=0 if(i, j)/∈E,
so (5) can be regarded as a generalization of the algorithm in [10].



III. ANALYTICALRESULTS

In this section, we will first present the convergence result
of the proposed algorithm (cf. Theorems 1 and 2), and then
analyze its convergence rate. We will also generalize the pro-
posed algorithm to 1) i.i.d. random weight-balanced directed
graphs, and 2) time-varying quantization.

A. Convergence to the average of the initial measurements

Lety(k) =[y1(k),···,yN(k)]T. The following two the-
orems state convergence in mean square sense (m.s.s.) and
almost sure (a.s.) convergence of the local estimateyito the
average of the initial measurements.

Theorem 1 (Convergence to the Average of Initial Measure-
ments in m.s.s.):Given the quantized consensus protocol (4),
suppose that:

(i) The measurements are informative,̄s∈(qmin,qmax).
(ii)α(k)satisfies

α(k)>0,∀k≥1,
k≥1

α(k)=∞,lim
k→∞

α(k)=0.(6)

Then,

lim
k→∞

E y(k)−s̄12 =0.

Proof:See [15].
Theorem 2 (A.s. Convergence to the Average of the Initial

Measurements): Given the quantized consensus protocol (4),
suppose that:

(i)s̄∈(qmin,qmax).
(ii)α(k)satisfies

(6) and
k≥1

α(k)2<∞. (7)

Then,

P lim
k→∞

y(k)=̄s1 =1.

Proof:See [15].
Remark 3 (Selection of parameters):In practical implemen-

tation, we can simply set(qmin,qmax) =(θmin,θmax). By
doing so, ifs̄∈(qmin,qmax), i.e., if the measurements are
informative, the algorithm is guaranteed to converge tōs,as
desired. Herein, we are not interested in the case of non-
informative measurements̄s /∈ (qmin,qmax), which implies
that the sample averagēsis not a desired estimate ofθ.

Conditions (6) and (7) ensure thaty(k)is able to travel
far enough to reach the desired value ( k≥1α(k) =∞),
while not traveling too far (limk→∞ α(k) =0in (6) and

k≥1α(k)
2

< ∞ in (7)), so as to reach convergence. The
use of such sequences is a common technique in stochastic
optimization [16]. There are many choices of{α(k)}k≥1

satisfying (7). For instance,

(a)α(k)=c
kβ,∀k≥1withc>0,0.5<β≤1[10], [17];

(b)α(k) =α(k−1) [1−μα(k−1)],∀k≥ 2withα(1)∈
(0,1],μ∈(0,1)[17].

Note that (6) is a looser condition compared to (7), i.e., all
sequences satisfying (7) also satisfy (6). A simple choice of
{α(k)}k≥1satisfying (6) is

α(k)=
c

kβ
,∀k≥1,withc>0,0<β≤1.

Remark 4 (Convergence with any communication rate):The
proposed algorithm does not require any condition on the
communication rate to guarantee the asymptotic convergence,
i.e., asymptotic convergence can be achieved with anynon-
zerocommunication rate. In Section IV, we will show numer-
ically that, even with 1-bit communication, convergence to
the average of the initial measurements can still be achieved
asymptotically.

Remark 5 (Discussion on the informative measurements
condition (i)):In [12], [13], the algorithms need the initial
measurements to be bounded by a known constant. However,
our proposed algorithm requires only the following much
looser criterion: theaverageof the initial measurements must
be bounded, whereas the initial measurementsneed not be.
This criterion can be satisfied more broadly than the uniform
boundedness of the initial measurements, especially when the
number of agents is large. To explain this point, consider the
following simple signal model:si=θ+wi,∀i=1,···,N,
wherewiis white Gaussian noise. It is easy to see that, as
N gets larger,max{si}increases,min{si}decreases, and the
gapmax{si}−min{si}increases, while the average ofsi,̄s,
tends to approachθ, hence to be more informative.

B. Convergence rate

After showing the convergence to the average of the initial
measurements, the next interesting question is: how fast does
the algorithm converge to the average? Specifically, the conver-
gence rate of{y(k)}k≥1is given in the following proposition.

Proposition 1:E y(k)−s̄12|s is upper bounded by

E y(k)−s̄12|s≤
k−1

t=1

[1−α(t)c3] s−s̄12

+
k−1

t1=1

k−t1

t2=2

[1−α(t2)c3] c6α(t1)2, (8)

where c3 is a function ofλ2(L),c6 is a function of
λN(LTL),Δ,qmax,qmin (cf. [15]).

Proof:See [15].

The upper bound (8) is obtained by considering the following
two cases: 1) saturation does not occur, i.e.,̃y(k)=y(k)and
2) saturation does occur, i.e.,ỹ(k)=y(k). Since it is hard to
obtain the probability of saturation, the worst case among these
two is adopted for the derivation of (8). In most scenarios,
saturation (case 2) yields larger mean square error (MSE),
but, since the distance betweenỹ(k)andy(k)decreases ask
gets larger, saturation tends to occur less likely. Therefore, the
upper bound (8) is conservative in most scenarios.

Remark 6 (Parameters affecting convergence rate):From
(8), we can see that the asymptotic convergence rate of{y(k)}
is affected byλ2(L)andλN(LTL), which depends on the
graph topology. In addition, the convergence rate also depends
on the sequence{α(k)}and the weight{ai,j}. Finally, the
effect of the number of bits used for quantization (i.e.,B)on
the convergence rate is captured by (8). AsBgets larger, the
quantization step sizeΔ becomes smaller, yielding a smaller
upper bound on the MSE, as expected.



C. Generalization: random weight-balanced directed graphs

In our system model, we assume that the graph is static.
However, the proposed algorithm can also be applied to
random weight-balanced directed graph. In the following, we
will discuss this scenario.

LetG(k)={V,E(k)},∀k≥1, withE(k)i.i.d. over time
(cf. [10]). In addition, we assume thatE(k)is independent of
y(k), for allk≥1. LetA(k)=[ai,j(k)],L(k)=[li,j(k)]be
the weight and Laplacian matrix associated withG(k). This
case models the random link failures and random connections.
For this model, we state the convergence results below.

Corollary 1 (a.s. and m.s.s. Convergence to The Average
for i.i.d. Random Weight-Balanced Directed Graph):For the
random graph defined in Section III-C, suppose that the
assumptions of Theorem 1 hold, andλ2(̄L)>0, whereλ2(̄L)
is the second smallest eigenvalue of̄L=E[L(k)]. Then,

lim
k→∞

E y(k)−s̄12 =0(m.s.s. convergence), (9)

P lim
k→∞

y(k)=̄s1 =1(a.s. convergence). (10)

Proof:See [15].
It is easy to see that the results of convergence rate in Section
III-B can also be generalized to the i.i.d. random weight-
balanced directed graph, as (8).

Remark 7:Corollary 1 shows that, under the i.i.d. random
weight-balanced directed graph model, although the graph may
not be connected at some time instants, convergence to the
initial average can still be achieved as long as the graph is
strongly connectedon average.

D. Generalization: time-varying quantization

In our system, we assume that the number of bits used for
quantization is fixed, and we have shown that consensus to the
average of the initial measurements can be achieved with 1-
bit quantization (cf. Remark 4). Because 1-bit quantization can
be regarded as the worst case scenario, intuitively, one may
think that the convergence results also hold for time-varying
quantization. The above conjecture is correct, as shown in the
following Corollary.

Corollary 2 (a.s. and m.s.s. Convergence to The Average for
Time-Varying Quantization):LetBi(k)be the number of bits
adopted for quantization at agentiand timek. Suppose the
assumption of Theorem 1 is satisfied, andBi(k)> 0,∀i, k.
Then,

lim
k→∞

E y(k)−s̄12 =0(m.s.s. convergence), (11)

P lim
k→∞

y(k)=̄s1 =1(a.s. convergence). (12)

Proof:See [15].

IV. NUMERICALRESULTS

In this section, numerical results are presented to validate
the theoretical findings. We adopt the 1-bit quantizer with
(qmin,qmax)=(0,1), i.e., each agent can only transmit 0 or
1 at each iteration. The 0-1 weight is adopted for the weight
matrix A, i.e.,aj,i=1 ifj∈ N+

i andaj,i=0 ifj/∈ N+
i.

The graph adopted is undirected, which is a special case of
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Fig. 2. MSE performance of distributed average consensus algorithms when
1-bit quantizer is adopted in the network of 6 agents, ring topology, with
(qmin,qmax)=(0,1),si∼Uniform(qmin,qmax),∀i, andα(k)=1/k.

weight-balanced directed graph. The initial measurements{si}
are assumed to be i.i.d. random variables uniformly distributed
in(qmin,qmax). We adopt the MSE with respect to the average
as performance metric, defined as

MSE =
1

N

N

i=1

(yi(k)−s̄)2, (13)

with simulation results averaged over 100 iterations. We
also evaluate the performance of [10], which implements the
update rule (5). We adoptα(k) =1/k,∀k ≥ 1for our
algorithm and (5). We also evaluate the performance of [12],
which is the state-of-the-art distributed average consensus
algorithm with finite level quantization which doesneed
the spectral properties of the topology, with the following
parameters:h = 0.99h∗

K(0),0 = 0.95,Cx = Cδ =
max{|qmax|,|qmin|},g0=1.001g0,lb, whereg0,lbis the lower
bound ofg0given by [12, Theorem 3.1].

Fig. 2 shows the performance of the distributed consensus
algorithms under ring topology. Clearly, consensus to the
average can be achieved with the proposed algorithm and [12],
consistently with the analytical results. In contrast, there is an
error between the final value of the algorithm in [10] and the
average of the initial measurements. From Remark 2, when
using the update rule (5), the average ofy(k)can be regarded
as a random variable with means̄and non-zero variance. In
this way, the error floors of the algorithm in [10] in Fig. 2
is the variance of̄yf, wherēyf is the limit of the average of
y(k)ask→ ∞.

Comparing the algorithm in [12] and the proposed al-
gorithm, it is shown in Fig. 2 that, initially, the proposed
algorithm converges faster. However, since the algorithm in
[12] has exponential convergence rate, it will eventually con-
verge faster. The performance superiority of the algorithm in
[12] comes from the facts that 1) it exploits information on
maxi{si},λ2,λN to design the dynamic encoding/decoding
parameters, 2) it uses additional memory for each agent to
track the encoder and decoder states, and 3) the quantizer it
adopts can represent more values than the proposed algorithm
(3 instead of 2 in this specific case).

Fig. 3 shows the performance of the distributed consensus
algorithms under random undirected graphs. At timek,E(k)
is generated according to i.i.d. Bernoulli random variables
with probability p, which can be regarded as the level of
connectivity of the graph. Since the algorithm in [12] is
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Fig. 3. MSE performance of distributed average consensus algorithms
under random communication graph when 1-bit quantizer is adopted in
the network of 6 agents, withp = 0.1,(qmin,qmax) =(0,1),si ∼
Uniform(qmin,qmax),∀i, andα(k)=1/k.

designed for fixed graph, we modify it such that the parameters
are determined by the average graph, i.e.,Ā,̄L. In this case, it
is shown in Fig. 3 that the (modified) algorithm in [12] fails to
converge to the desired average, while the proposed algorithm
can still achieve average consensus.

Fig. 4 shows the performance when different number of bits
is adopted for the quantizer, under random communication
graph. Here, we adopt the same random graph model as in
Fig. 3 withp=0.5. The communication cost is defined as
the product of the number of bits adopted for quantization
and the number of iterations, which is the total number of
bits transmitted by an agent. From the three solid curves, we
can see that the communication cost increases as the target
MSE decreases, as expected. In addition, this figure shows
that for a given network, there exists an optimum number of
bits for MSE minimization in terms of communication cost,
which depends on the target MSE. For instance, if the target
MSE is set as 0.01 (red solid curve), then two bits should be
adopted for quantization at each agent, in order to minimize
the communication cost. On the other hand, we can see that
the delay also increases as the target MSE decreases. Unlike
the communication cost, delay is a decreasing function of
the number of bits adopted for quantization, i.e., generally,
more bits adopted for quantization yield better performance.
However, the marginal improvement becomes smaller as the
number of bits increases. For instance, if the target MSE is
set as 0.001 (black dashed curve), then using more than four
bits for quantization yields negligible improvement.

V. CONCLUSION

In this paper, we have studied the distributed average
consensus problem in sensor networks with limited communi-
cation data rate, and proposed a simple but powerful algorithm
to solve this problem. Unlike existing schemes for limited data
rate, the proposed algorithm has three properties which makes
it more favorable for practical implementation: 1) each agent
is not required to have information oen th spectral properties
of the communication topology; 2) each agent does not need
to know the uniform bound on the initial measurements; 3)
exact consensus to the average can be achieved asymptot-
ically, both almost surely and in mean square sense. We
have proved the convergence results, provided the analysis
of convergence rate, and extended the analytical results to
1) i.i.d. random weight-balanced directed networks and 2)
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Fig. 4. Communication cost and delay for different target MSE under random
communication graph when different number of bits is adopted for quantizer at
different agents in the network of 6 agents, with(qmin,qmax)=(0,1),si∼
Uniform(qmin,qmax),∀i, andα(k)=1/k, where solid and dashed curves
represent the communication costs and delay, respectively.

time-varying communication rate. Numerical result shows that
the proposed algorithm outperforms state-of-the-art topology-
agnostic consensus schemes with limited data rate.
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