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Chapter 1

Introduction

We present an overview of state-of-the-art methods for autonomic resource management
and inference in networked environments, with an emphasis on large-scale and wireless
networks. This deliverable focuses on distributed algorithms, in which each node of the
network makes its own independent decisions, based on accumulated information. We
consider network algorithms that deal with the allocation of common resources among
various entities, such as nodes or flows, involving for instance, scheduling, power control
or routing.

Such algorithms operate under stringent hardware, delay, or energy constraints, and
need to be lightweight and distributed. Therefore, it is necessary to find the correct
balance between performance and simplicity. Important issues concerning these algo-
rithms include the information collection mechanism and the corresponding overhead,
the complexity of the algorithm, the convergence properties, and the energy, delay and
throughput performance, compared to a centralized or optimal solution.

Autonomic resource management implies that the network has the ability to orga-
nize itself. Theoretically, the most efficient way to control a network is by means of a
centralized mechanism, with absolute knowledge of the network state. This mechanism
is able to make decisions based on this information and allocate optimally the available
resources to network nodes. Conversely, in a distributed approach, each node of the
network makes its own decisions based on local knowledge. Therefore, this approach is
attractive and practical for network designers due to its flexibility. Clustering provides
an intermediate possibility; in this case, nodes organize in clusters, and appropriately
chosen cluster-heads make centralized decisions concerning their respective neighbor-
hoods.

In this context, distributed monitoring and inference is a critical functionality; in
large-scale networks, nodes make decisions based on a partial, potentially corrupted,
and local view of the network state. Network algorithms are dependent on this infor-
mation. Estimation of an unknown parameter, detection of an event and classification
of random observations into state clusters are special cases of statistical inference. In
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this deliverable, we will examine message passing style algorithms that enable real-time
inference in a sequential manner, as observation data flow to the decision maker.
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Chapter 2

Network Models

Networks are often represented as graphs G(V ;E), where V is the node/vertex set
and E is the link/edge set. A node represents for instance a router, computer, device
or other mobile terminal, while a link generally represents a connection between two
nodes. Each link represents a communication channel for direct transmission from a
given node to another node. In wired networks the graph abstraction of a connection is
straightforward. In a wireless network, direct transmission between two nodes may or
may not be possible and this capability, as well as the transmission rate, may change
over time due to weather conditions, mobility or node interference. Hence in the most
general case one can consider that the link set consists of all ordered pairs of nodes,
where the transmission rate of a given link is zero if direct communication is impossible.
However, in cases where direct communication between some nodes is never possible, it
is helpful to consider a strict subset of the set of all possible edges.

2.1 General Time Varying Network Model

We now describe a general network model, as presented in [58]. Let us assume that the
network is represented by a graph G(V ;E), as described previously. Let µ(t) = (µij(t))
represent the matrix of transmission rates offered over each link (i, j) at time t. We
assume that time is slotted (i.e., t takes integer values and rates are measured in bits
per slot).

The link transmission rates are determined by a link transmission rate function
C(I, S), so that: µ(t) = C(I(t), S(t)), where S(t) represents the network topology at
time t, and I(t) represents a link control action taken by the network. More precisely,
S(t) represents all uncontrollable properties of the network that influence the set of fea-
sible transmission rates (e.g., the network channel conditions and interference properties
might change from time to time due to user mobility, wireless fading, etc).

The link control input I(t) represents all of the possible resource allocation options
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available. For instance, in a wireless network where certain groups of links cannot be
activated simultaneously, the control input I(t) might specify the particular set of links
chosen for activation during slot t, among feasible link activation sets under topology
state S(t).

The task of the network controller consists in choosing a transmission control input
I(t) according to some control policy or objective, and depending on the observed
network state S(t). This defines a transmission rate matrix µ(t) = C(I(t), S(t)). As
a basic example, the rate function Cij(I, S) for link (i, j) could be either equal to a
constant capacity or zero.

In the wireless network example, the subset of links that is chosen to be activated
simultaneously is called a schedule R. A schedule is called valid if and only if the
choice of links is compatible with the interference model, which will be discussed in the
following sections. A way to classify the schedules is to assign a weight metric w(R).
Then, there exists a schedule (or more) having the maximum metric and called the
maximum schedule. Since the transmission rate C(I, S) depends on the allocation of
the available resource, one possibility is to sum the rate of all links belonging to the
schedule R. In defining the maximum schedule, any utility function can be used but
often the choice is made based on the properties for the particular problem, generally
giving rise to hard combinatorial problems [32].

Taking a higher level approach, we can define the notion of a flow f , as a traffic
request from a given source to a given destination. In this case, a routing problem
must be solved, as data can reach the destination in one or multiple hops. Packets go
through individual nodes in the network, each maintaining one or more queues. Each
flow is fed by an exogenously created arrival process. Packets corresponding to flow
f are generated outside the network at a given rate, appear in the source node and
disappear from the network when they reach the intended destination.

2.2 Queue Stability

To establish the fundamental throughput limitations of the network, we define the
concept of queue stability, following [58]. According to the model presented in the
previous section, consider a queue with an input process A(t) and transmission rate
process µ(t), where A(t) represents the amount of new arrivals that enter the queue
during time slot t, and µ(t) represents the transmission rate of the server. Let U(t)
represent the current backlog in the queue. The process U(t) evolves according to the
following discrete time queueing law:

U(t+ 1) = max[U(t)µ(t), 0] +A(t).

In the general case when the queue is part of a larger network, the arrival process
A(t) is composed of random exogenous arrivals as well as endogenous arrivals resulting
from routing and transmission decisions from other nodes of the network. Similarly,
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the transmission rate µ(t) is determined by a combination of random channel state
variations and controlled network resource allocations.

Then, we have the following definition concerning queue stability: a queue is called
strongly stable if:

lim sup
t→∞

1

t

t−1∑
τ=0

E(U(τ)) < ∞.

In words, a queue is strongly stable if it has a bounded time average backlog. This
definition can be naturally extended to networks: a network is strongly stable if all
individual queues of the network are strongly stable. Alternative definitions of queue
stability have also been proposed (see for instance [21, 61, 101]).

2.3 Input Queue Switch

Consider a network switch that routes packets from one input port to an output
port. The packets that await transmission are enqueued according to their destina-
tions. Hence, each input has N queues (one for each output), leading to a total of N2

queues for the entire switching system. This queueing system is usually referred to as
“Virtual Output Queueing” (VOQ). In the context of switching fabrics, the architecture
based on VOQ and a crossbar (running without internal speedups) is referred to as pure
input-queued (IQ) switch. In this case, network operation requires solving the problem
of finding the optimal policy in an input-queued switch that stabilizes the switch under
all stabilizable arrival rate vectors.

As an example, an IP router might be the input/output port of the internal switch-
ing fabric.The same discussed scenario has broad applicability, as it can be also used
to model a multihop wireless network as a network of input queued switches; in this
context, finding the optimal stabilizing policy is equivalent to the problem of finding
the optimal wireless link schedule that maximizes the rate or some utility function.

2.4 Wireless Networks

The graph abstraction is not directly adapted to model wireless networks, since the
wireless channel is a shared broadcast medium. In fact different communication links
interfere with each other, and any node can listen to all transmitted signals. Recent
investigations have demonstrated the importance of taking into account the shared
medium properties in protocol design,and have established that node cooperation can
improve network performance (e.g., with techniques involving multiple antennas, such
as MIMO - Multiple Input Multiple Output). However, most currently employed tech-
nologies have evolved from wired networks, and in effect attempt to achieve a separation
of communication channels.
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Figure 2.1: Geomtric graph model: a node can communicate with all nodes at distance
smaller than the radio range.

Time Division Multiple Access (TDMA) uses time - orthogonal channels, Frequency
Division Multiple Access (FDMA) uses frequency - orthogonal channels and Carrier
Sense Multiple Access (CSMA) makes a random time separation which brings a certain
amount of collisions between accidentally simultaneous transmissions which results in a
loss of the respective data. In Code Division Multiple Access (CDMA), the resource is
split into coded orthogonal signals. Nevertheless, in this case orthogonality is not per-
fect. Another case where orthogonality is not achieved is in the channel re-use solutions.
In such cases, the same resource is reused in different places resulting in co-channel in-
terference. This kind of interference is similar to non-orthogonality interference and
results in a mixing of signals from which each receiver must identify the intended signal
to be decoded. In the following we will introduce some basic wireless channel models.

2.4.1 Geometric Graphs and Protocol Model

The most basic, yet extensively used, wireless model consists in assuming that two nodes
are connected if their distance is smaller than a constant radio range r, as illustrated
in figure 4.1. A class of graphs constructed in this way are called a Geometric Random
Graphs [107], and have been used successfully to model ad-hoc wireless networks. A d-
dimensional Geometric Random Graph of n nodes, modeling a wireless ad-hoc network
of n nodes with wireless transmission radius r, denoted as G(n, r) is obtained as follows:
place n nodes on a d-dimensional unit cube uniformly at random and connect any two
nodes that are within distance r of each other.
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In the simplest interference model for single-radio wireless networks, two nodes can-
not transmit simultaneously if and only if they share a link in the graph representing the
network. Another pertinent modeling assumption regards the ability for a transmitter
and a receiver to operate on simultaneous links. Although advanced communication
techniques or multiple transceivers per mobile terminal can actually give rise to such a
situation, this assumption is usually unrealistic. For this reason, the node exclusive in-
terference model has been introduced [75]. This model actually allows for all channel to
exist orthogonally (therefore no interference between nodes is admitted) but allows for
each node to operate only as a receiver or a transmitter in a unique link. In this model,
the only valid induced subgraph per time is actually a matching (each vertex/node has
a maximum degree of 1).

This model can be further improved to be more realistic, corresponding for instance
to carrier sensing technologies (such as IEEE 802.11), where a node listens to the chan-
nel, and waits for it to be free, before transmitting. To model this situation, the so
called protocol model, introduced by Gupta and Kumar in [64]. In this case, in order
for a receiver node to correctly capture the intended signal, it should be within com-
munication range of the intended transmitter, and outside the interference range of all
other simultaneously transmitting nodes. The interference range is usually larger than
the communication counterpart. In this case, the network may also be modeled with a
hypergraph, denoting possible conflicts between different node subsets.

2.4.2 Physical Interference Model

To account for the fact that all nodes in a wireless network share the same radio com-
munication channel, we define the Signal - to - Interference plus Noise ratio (SINR):
S

N+I , where S is the received signal power, N is the background noise, and I is the sum
of all interfering signals. Using Shannon information theory, the capacity C of a single
channel can be obtained, under the assumption that all interfering signals from other
nodes are treated as noise:

C = W log(1 + SINR),

where W is the channel bandwidth.

Based on communication theory, an achievable rate, using an adaptive modulation
scheme, equals W log(γ(1+SINR)), where γ is a multiplicative constant that expresses
the efficiency of the scheme in comparison to the capacity limit. Under the so-called
physical model [64], modeling current technologies, we assume that there is a minimum
SINR threshold, under which communication cannot be established, while above the
threshold communication is possible at a computable rate.

Assume that each node i can transmit at maximal powerPi. The SINR of the signal
transmitted by node i and received at node j can be expressed as :

SINRij =
PiiGij∑

k ̸=iGkjPk +N
,
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Figure 2.2: SINR model: plot of total noise plus interference at all points on a 2-
dimensional wireless network spanning a square.

where Gij represents the channel gain from node i to node j, and N is the background
noise variance. In the most general case, the gains Gij can be arbitrary, but the gains
are usually assumed to be symmetric, i.e., Gij = Gji. The gains are often assumed to
be functions of the node locations. For example:

Gij = hijl(||xi − xj ||),

where hij is a random variable that characterizes the cumulative effect of shadowing
and fading, and l() is the path loss function, assumed to depend only on the distance
between nodes i and j, at locations xi and xj , respectively. Often the function l() is
modeled as a power law: l(||x||) = k0||x||α (with α called the path loss exponent, and
generally α ≥ 2), or in environments where absorption is dominant, as an exponential
law: l(||x||) = k0 exp(−γ||x||) (see attenuation functions in [49, 83] or wave propagation
models in [50, 121]).
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Chapter 3

Resource Management

3.1 Scheduling

Message-passing algorithms have emerged as solution of choice for network-wide or
global problems, by means of local information exchange, across a variety of disciplines,
e.g. [54, 106, 137]. Among these, belief propagation [142, 139, 119] and its variants have
been quite successful.

Many resource allocation problems in telecommunication networks can be modeled
as matching or independent set problems. In the following, we focus on the specific
problem of scheduling the transmissions of packets to optimize performance in two
different scenarios: (i) input queued switches, in which the optimal scheduling decision
is modeled as a maximum weight matching (MWM) problem, and (ii) radio access in
wireless networks, in which the optimal scheduling is modeled as a maximum weight
independent set (MWIS) problem. The two problems are quite different, since the
former can be optimally solved with a polynomial algorithm, and Belief Propagation
(BP) allows one to design parallel algorithms that can be effectively implemented in
hardware. The latter problem (independent set) is NP-hard, and BP allows one to design
efficient algorithms that can be distributed across nodes that are spatially deployed.

3.1.1 Input queued switches

Context

One classical reference model for high-speed switching architectures is the input-queued
(IQ) switch, in which packets are stored in queues, before being transmitted across a
bufferless, high-bandwidth switching fabric. Such a scheme allows for maximum switch-
ing speed, since packets are transferred across the switching fabric at no more than the
line rate. In an IQ switch, a scheduling algorithm has to choose, at any time, a set of
non-conflicting packets to be transferred across the switching fabric. This task requires
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Figure 3.1: Input queued switch architecture.

to solve a combinatorial optimization problem in a very short time, namely, a few ns,
corresponding to the packet transmission time. Only hardware implementations are
capable of meeting so short timing constraints.

Problem definition

We consider a N×N bufferless, non-blocking switching fabric, e.g. a crossbar, as shown
in Fig. 3.1. Packets are stored in N2 virtual output queues (VOQs), i.e. one queue for
each input-output pair. At each timeslot, a centralized scheduler, shown in Fig. 3.1,
selects a set of packets to transfer, that satisfy the physical constraints of the switching
fabric, i.e., at most one cell can be transferred from any input to any output during the
same timeslot. A feasible switching configuration can be represented by a matching in a
bipartite graph of 2N nodes, whose N left-side nodes correspond to the inputs and the
N right-side nodes correspond to the outputs; the edge connecting input i to output j
is associated to the corresponding VOQ.

The scheduling decision is based on the state of the queues. If the weight of the edge
from input i to output j is equal to wij , it is well known [92] that computing the MWM
on the queue lengths guarantees 100% throughput under any admissible Bernoulli i.i.d.
traffic; this result has been extended to more general arrival processes [39]. Unfortu-
nately, MWM requires O(N3) operations and it cannot be efficiently implemented in
hardware, due to its sequential nature, difficult to parallelize. Indeed, MWM has never
been implemented on commercial chipsets but it has inspired a large literature investi-
gating heuristic algorithms, simple to implement in hardware even if not throughput-
optimal. Notably, we mention iSLIP [93], that is an iterative algorithm in which N
arbiters concurrently select a subset of edges to compute the matching, in a parallel
and distributed fashion. Due to its parallel nature, compatible also with a pipeline
processing, as discussed in [95], it was implemented on a single chip and used in a
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BP-MWM: Input: W = [wij ]; Output: X = [xij ], Iconv
// Initialization

for all i, j

xij = 0, f0
i→j = wij , b

0
j→i = wij

// Update phase

n = 1 // initialize the number of iterations

while (messages not yet converged)

for all i, j

fn
i→j = max{0, wij −maxk ̸=j b

n−1
k→i}

bnj→i = max{0, wij −maxk ̸=i f
n−1
k→j}

n = n+ 1

Iconv = n−1 // store the number of iterations to converge

// Estimate phase

for all j // at each output

ı̂ = argmaxi f
Iconv
i→j

if f Iconv
ı̂→j > 0 then xı̂j = 1

Figure 3.2: Pseudocode of the basic BP-MWM algorithm.

commercial core router. iSLIP does not take into account the queue lengths and hence
approximates a maximal size matching. To better approximate the MWM, iLQF [96]
has been proposed: It can be designed with the same architecture of iSLIP, but with a
larger control information exchanged by the arbiters. Many other algorithms have been
proposed to approximate the MWM or to achieve similar performance [37, 20, 134],
by giving priority to longer queues. The crucial issue is that optimal or almost opti-
mal algorithms are difficult to be implemented in hardware; conversely, implementable
algorithms do not achieve 100% throughput under specific traffic scenarios.

Belief-propagation based scheduling

The BP-based algorithm to compute the MWM is fully described in Fig. 3.2 and corre-
sponds to the min-sum formulation studied in [16], and is also very similar to the one
developed in [17] for the more general b-matching problem.

In principle, a BP algorithm like that of Fig. 3.2 is not guaranteed to converge on
a generic loopy graph (as in this case), so that also the xij assignments might not rep-
resent a feasible matching. Actually, [16] has proved both convergence and exactness
of BP for the MWM on a complete bipartite graph, under the assumption that the
MWM is unique. Although this result is extremely interesting from a theoretical point
of view, and the algorithm is amenable to parallel computing, a practical implemen-
tation of a pure BP algorithm still poses several problems. First of all, the number
of iterations Iconv is still O(N3) but it is not a-priori known, and turns out to depend
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on the weights [16]. Note that, before reaching convergence, the messages cannot be
directly used for the Estimate phase, since the distributed choice may lead to unfeasible
solutions, not satisfying the matching constraints. Moreover, [16] points out that the
convergence time is bounded by O(ϵ−1), where ϵ is the difference between the weight of
the “first-ranked” MWM and that of the “second-ranked” MWM. Indeed, the lower is
such difference, the longer BP will take to converge; when the MWM is not unique, BP
may not converge at all. The latter property might be rather limiting in a real device,
since, in order to maximize throughput, the MWM scheduler tends to “equalize” queue
lengths, likely giving rise to a large number of different matchings with similar or equal
weights. Alternatively, one might satisfy the MWM uniqueness requirement, by adding
some random “noise” to wi before feeding it to the algorithm, but it is easy to realize
that such a possibility would pose some extra challenges, concerning the noise samples
generation and the numerical representation of the messages.

The concept of assisted scheduling was proposed in [3] to overcome such implementa-
tion issues of BP. The main idea is the following: the message values, computed through
a suitable BP algorithm, are used (instead of the usual queue lengths) as weights for
conventional (heuristic) scheduling algorithms. This does not require to perform any
change on the original scheduling architecture and scheduler. Such solution is imple-
mentable natively in hardware, and it supports and improves the scheduler performance,
at a low implementation cost. This choice, motivated by the nature of the BP algo-
rithm itself, has the considerable advantage of not requiring to change the internal
representation of the weights in the registers of the scheduler hardware. Furthermore,
the performance of BP can be improved by exploiting the time correlation induced by
the queue behavior, namely, the fact that the queue lengths can vary at most by one
for each packet departure or arrival. Accordingly, the optimal solution to the MWM
problem at a given time is necessarily correlated with the one at subsequent times, and
a similar correlation appears between the BP messages computed at adjacent times. In
order to help BP convergence, [3] proposes to keep memory of the previously computed
messages and always to start iterating from such values.

3.1.2 Access in wireless networks

Context

Efficient operation of a wireless network depends on careful scheduling of simultane-
ous transmissions, achieved through a network-wide cooperation to avoid interference.
The scheduling algorithm is responsible to choose the packets to transfer concurrently,
avoiding the interference among neighboring nodes.

August 15, 2011 FP7-265496-The STAMINA Consortium Page 16 of 54



D3.1 State-of-the-art on methods for distributed and autonomic resource
management and inference in networked environments

Problem definition

We assume that a non-conflicting set of collision-free transmissions corresponds to an
independent set (IS) computed on the interference graph, i.e. the graph in which an
edge connects two nodes if these cannot transmit simultaneously due to reciprocal in-
terference. An algorithm that achieves efficient network utilization is the max-weight
or backpressure algorithm proposed by [132]. This algorithm selects simultaneous non-
interfering nodes for transmission at a given time so that the total weight of the trans-
mitting nodes is maximized: the weight wi of node i is the number of packets waiting to
be transmitted at the node. This requires the algorithm to solve the so called maximum
weight independent set (MWIS) problem at each timeslot. In general networks, such a
problem is notoriously hard [136].

Belief-propagation based scheduling

This algorithm for MWIS, proposed by [119], attempts to solve the linear programming
relaxation of the MWIS problem. During each timeslot, it runs two phases, whose
pseudocode is shown in Fig. 3.3:

• Update phase. It is an iterative procedure; during each iteration, a node sends a
message to each of its adjacent nodes. When a node receives a message, its value
is used to compute the subsequent messages to send to its adjacent nodes. The
update phase iterates until the maximum number I of iterations is reached. Let
N(i) be the set of neighboring nodes of i in the interference graph. The message
sent from i to j ∈ N(i) is denoted by λn

i→j , where n is the iteration.

• Estimate phase. Each node, depending on the received messages, determines
whether to transmit (xi = 1) or not (xi = 0) depending on the last received
messages.

The queueing network model of wireless network evolves continuously over time:
packets arrive and depart resulting in small amounts of changes in queues per unit
time. Given that the weights in MWIS problems are driven by queues, essentially the
problem is changing “continuously”. Building on this intuition, [55] utilizes “network
state memory” appropriately to lead to design of a belief-propagation like algorithm
that has the following features: in each time step, it performs just one iteration and has
very good performance for prototypical practical wireless network topologies. A variant
of the belief propagation algorithm, based on tree-reweigthed message passing [139],
was also investigated in [55].
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MP-IS (Input: {wi, N(i)}Ni=1; Output: {xi}Ni=1)

λ0
i→j = 0 ∀j ∈ N(i) // initialization

// Update phase

for n = 1 . . . I // run for I iterations

λn
i→j = max

{
0, wi −

∑
k∈N(i)\j

λn−1
k→i

}
∀j ∈

N(i)

i sends λn
i→j to all j ∈ N(i)

// Estimate phase

xi =


1 if

∑
k∈N(i)

λI
k→i < wi

0 otherwise

Figure 3.3: Pseudocode of the basic message-passing algorithm for MWIS running in
each node i

3.2 Power Control

In wireless networks, the problem of power control concerns the appropriate choice of
transmission power vector p for all nodes in the network, with respect to the interfer-
ence each transmission generates to the others, and the resulting SINR. The schemes
that have been proposed in the literature either try to maximize the SINRs of all links
or attempt to achieve an SINR target, that is each link should maintain. Early in-
vestigations [34, 145, 146], proposed centralized schemes, requiring a central optimizer
with global network knowledge, or require significant communication between the links.
Even in the case of cellular networks, where such a global perspective could be feasible
to support, scalability problems often arise as networks grow larger. In contrast, our
focus in this deliverable concerns fully distributed and autonomous algorithms that dis-
pense with such problems. These algorithms often combine the power control problem
with scheduling, rate adaptation and back-pressure techniques.

Let us now formulate the problem at hand more precisely. We consider the situation
corresponding to the physical model presented in Chapter 1, where we would like to
have SINRi ≥ γi, where i is a network link and γi is a constant corresponding to
the minimum required SINR (in general, this could be different for each link). This
constraint should be satisfied for a given subset of links in the network that we wish to
activate simultaneously. Let us assume that the number of active network links is n.
The SINR inequalities can be written in vector form:

(I− F)p ≥ u,

where p = (p1, p2, ..., pn) is the vector of the transmitter powers, u = N(γ1g1 ,
γ2
g2
, ..., γngn )

the vector of SINR target normalized by the noise level N and the gain of each link gi,
and F is a zero-diagonal matrix with off-diagonal elements equal to the cross-link power
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gains gij (defined as the channel gain from the transmitter of link i to the receiver of
link j), normalized by the SINR target and the power gain of each link gi, fij =

γigij
gi

.

The problem at hand consists in finding whether there exists a strictly positive
power vector p > 0 satisfying the SINR requirements of all links. The answer to
this question comes from the Perron-Frobenius theorem stating that if the maximum
modulus eigenvalue of F is less than 1, then the network is feasible. Namely, there
exists a power vector p > 0 satisfying the above constraints, and p∗ = (I − F)−1u is
Pareto-optimal, i.e., any other solution would require at least as much power from every
transmitter.

An autonomous and iterative distributed power control scheme is the DPC (Dis-
tributed Power Control) algorithm proposed by Foschini and Miljanic [52, 53]. In its
simplest form, the algorithm updates the transmission power levels at each link l itera-
tively, according to the equation

pl(n+ 1) =
γl

SINRl(n)
pl(n) =

γl
gl
il(n),

where SINRl(n) and il(n) are the SINR and interference level as measured at link l’s
receiver on update n.

The advantages of the DPC scheme include its completely autonomous operation,
without any other need for interlink communications. There is need only for intra-link
communications, in the sense that each receiver should notify its transmitter about the
level of interference or its SINR with the means of a reverse channel, or by piggy-backing
in the reverse traffic direction. Moreover, it converges geometrically fast to the (Pareto)
optimal solution p if the network is feasible, and the link gains do not vary with time.

Due to its simplicity and optimality, DPC has become popular and a number of
extensions have been proposed, regarding asynchronous updates [91], time-varying link
gains [71] and convergence of time-average SINR values. Moreover, in [72], an enhanced
DPC scheme is proposed that speeds up DPC convergence based on the optimal control
and Lyapunov stability analysis techniques; this scheme is then generalized in [73] for
Rayleigh fading links, focusing on the per slot values of the SINR and the outage
probability (i.e. how often SINR falls below the SINR target). In [103], the authors
explore the benefits of such an algorithm in an infinite network using recent results
from percolation theory. The outcome is that such a DPC algorithm can improve the
connectivity (or equivalently the power consumption or link capacity) on the average,
but no gains are provided when comparing to the maximum power vector.

3.2.1 Admission Control

The previously described distributed power control lacks admission control, and thus
can perform poorly in a real network, where links join and leave at random times,
especially as congestion rises up. In particular, as new links join the network and
power up, they can cause deep drops to SINRs of the preexisting links, below the
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target. In a feasible network, these dips will be transient but can cause severe QoS
degradation for non-negligible time lengths, something unacceptable for many types of
services and networks. In an infeasible network on the other hand, the power levels tend
to diverge towards infinity and the SINRs diverge below the target value, which means
that connections will be involuntarily dropped.

Aiming to add admission control and protect active connections during the tran-
sients, the DPC with Active Link Protection (DPC/ALP) scheme [10, 11] modifies the
original DPC iteration by dividing the links into two classes: the active links, which
follow the DPC iteration modified with an enhanced target fγ , and the new links, that
power up geometrically fast but bounded by rate f . In this scheme f > 1 is a network-
wide constant, with two-fold purpose: first, it raises the SINR target of the active links
in order to provide a cushion for absorbing the dips caused by the new links’ power up,
and second, it limits the rate of increase of power of the new links, so that the SINR
dips they cause to the active links are contained. In fact, DPC/ALP scheme provides
absolute performance guarantees in the sense that the SINR of the active links never
falls below the original (non-raised) target. Based on this protection scheme for active
link protection, the authors propose distributed and autonomous schemes where new
links voluntarily drop out of the network, as when powering up they sense their SINR
saturating below their target values.

In [9], a probing scheme is studied, where a new link before actually gaining admis-
sion, decides on the congestion of a wireless channel by performing only a few power-up
steps. Such a scheme is particularly useful in selecting optimally among multiple wireless
channel that are available to join. [149] investigates probing mechanisms for admission
control in DPC without ALP. The idea is that a new link transmits with a constant
but low power during probing so as to minimally disturb the active links; by measuring
the interference and making the assumption that no more links in the neighborhood
attempt to join the network, it can decide whether is admissible or not on a particular
channel, and moreover select among multiple channels if available.

3.2.2 Power Control for Elastic Traffic

Data or packet traffic differs in the sense that packets arrivals are usually intermittent
(bursty nature), can be buffered for short periods of time (delay-tolerant) without severe
QoS degradation as in the case of voice. Also, their rate can often adapt to the available
rate (elastic). These parameters add essentially new degrees of freedom and permit
to the transmitter to exercise opportunistic control, riding on the fluctuations of the
wireless channel that arise due to the varying interference, or channel fading due to
mobility, instead of fighting them trying to maintain a constant packet flow.

The schemes presented so far attempt to maintain a constant SINR, so that a con-
stant flow of traffic (mainly voice) is maintained. Thus, new power control schemes
suitably designed to take advantage of the special nature of packet traffic are needed.
Power control algorithms for data inspired from and by modifying the continuous traffic
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schemes have been presented.

In particular, [81] proposes an autonomous and distributed scheme that attempts
to maintain a target SINR and uses Kalman filtering techniques in order to predict in-
terference evolution and adjust correctly the transmission power. Similarly, a follow-up
work [82] considers the augmented problem of joint power control and link adaptation.
In [122], the power control problem for elastic traffic is formulated with the notion of
utility functions and the issue of fairness at MAC layer among flows is studied. The au-
thors present a distributed iterative power update solution that converges geometrically
fast using the so-called adjoint network, where the receivers transmit to the transmitters
pilot tones to implement a gradient descent method.

A technique that has been used in power control for data traffic is Dynamic Program-
ming. In [12], the authors present a formulation that studies each link autonomously
operating in a randomly fluctuating interference environment. A key element of the
model is that interference from other links is assumed to be non-responsive to the link’s
transmitter actions, a simplification that reduces the complexity of the system, and
permits the design of autonomous so-called Power-Controlled Multiple Access (PCMA)
algorithms. The Dynamic Programming formulation permits temporary packet buffer-
ing in the transmitter’s queue, and balances the buffering delay against the transmission
cost, leading to schemes with a notion of back-pressure. Taking advantage of the fluc-
tuating wireless channel, the transmitter has the option to postpone transmissions,
whenever the channel is found to be in a degraded state, for a later time when the
channel will be in a good state. This intuitively permits the successful transmission at a
low power level. As however packets accumulate in the buffer, their increased buffering
cost push the transmitter towards utilizing higher transmission powers and operating
under a wider range of interference.

The resulting PCMA schemes feature a power vs. interference dependence which
exhibits a phased behavior: for low interference, transmission power is increasing so
as to maintain a high throughput over the wireless channel, whereas for high values
of interference, the transmitter gradually shuts down, as (successful) transmission over
a degraded wireless channel becomes prohibitively expensive. The same basic model
has been also extended to link adaptation [13], where the issue is to jointly select
the transmission power and an appropriate modulation-coding scheme. Similarly, DP
formulations have been considered jointly optimizing power control with (i) cache/buffer
management with respect to prefetching data over a fluctuating wireless link [56], (ii)
playout buffer control in media streaming for multimedia communications [85].

3.2.3 Message Passing for Power Control

In the paper [116], the authors use a message-passing approach in order to to solve the
scheduling/power-control problem in a distributed fashion with polynomial complexity.
This consists in a departure from the typical approach of formulating the network re-
source allocation problem as a convex optimization problem with cross-layer solutions
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based on primal-dual algorithms for convex optimization [31, 141]. The network is
modeled as a line-graph, with K-hop interference (if a node is transmitting, only links
whose receivers are at most K-hop away from the node will be interfered with), while
each node can transmit at one of L discrete power levels. The link rate Rl for each
link is assumed to correspond to the formula for a Gaussian channel, which depends on
the SINR ratio (and, therefore, to the power allocation). The optimization problem of
maximizing the link rates is formulated as a max-product problem, and is then solved
using a distributed message passing algorithm.

In [69], the problem of joint rate control and power control is considered in wireless
ad hoc networks. The authors present an optimization model based on Network Utility
Maximization and decompose the primal optimization problem into three subproblems
with Lagrange dual decomposition theory. A distributed joint rate control and power
control algorithm with message passing is thus obtained.

3.3 Routing

In this section, we are interested in the problem of routing. The main challenge is to
achieve routing with constraints such as very low control overhead, very low memory
or CPU, while still being able to track changes in large networks. These constraints are
even more critical in wireless networks, as wireless link quality varies and nodes may
move frequently.

3.3.1 Multi-hop Routing Algorithms and Protocols

The protocols can be classified essentially in two main categories : proactive protocols
and reactive protocols. Each approach has its own advantages and their relative per-
formance depends on the network topology, mobility of the nodes, as well as the traffic
patterns.

Proactive protocols maintain a routing table with paths to every destination in the
network. For this purpose the protocol needs to continuously exchange information
between nodes about the network topology. The downside of this approach is the
overhead which is generated by the protocol. However MANET protocols optimize
the bandwidth utilization. On the other hand, there is the advantage that routes are
available instantly when a they are needed. An example of a proactive routing protocol
is OLSR (Optimized Link State Routing) [38].

Reactive protocols operate on-demand, i.e., routes are calculated according to user
demands and the routing tables which are maintained are incomplete. This reduces
the protocol overhead in case only a few routes in the network are in use, at the cost
of additional delay. An example of a routing protocol using the reactive approach is
AODV (Ad hoc On-Demand Distance Vector Routing) [105].
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Another category of algorithms outsources path discovery and maintenance: nodes
somehow receive information about appropriate paths, and are just responsible for dis-
covering their immediate neighborhood (and of course also for forwarding along indi-
cated paths) [133]. This is for example the case for source routing algorithms, which
remotely install path information as needed by data. Another example of such an ap-
proach is geocast algorithms, which rely on obtaining up-to-date geographic information
(via GPS for instance) in order to decide which neighbor is closest to the destination,
which should thus be the next hop. In case of specific data traffic patterns, different
specialized approaches can be taken. For instance, if nodes just need reachability to
a gateway, or a data sink, only some paths need to be known. Tree-based algorithms
thus establish parent-child relationships between nodes from the vicinity of the gateway
towards further away from the gateway, building a tree that can convey data from any
node in the network towards the root of the tree: the gateway [135].

Other recent attempts to provide low overhead routing are based on distributed
hash tables (DHT). In this case, each node maintains a path to the node with the
lexicographically greatest identity lower than its own, as well as a path to the node with
the lexicographically lowest identity greater than its own [22]. Nodes thus self-organize
into a virtual ID ring, along which data can be conveyed towards any destination node.
Another such example is ant-based routing [27], whereby a path to a destination is
discovered by mimicking ant behavior. Data to be conveyed is sent out in various
random directions, and once it reaches destination, an acknowledgment is sent to the
source, leaving pheromones traces on its way back. Further data packets sent to the
destination then choose the path (hop by hop) which has the most pheromone traces.

Many multi-hop ad hoc wireless routing algorithms rely on distributing the same
piece of information to every node in the network, an operation that is generally called
flooding. Thus, in order to reduce the amount of control overhead, elaborate flooding
schemes are used, which are quite central to the overall performance. This section
reviews existing algorithms in this area. The most naive flooding algorithm works this
way: the first time it receives it, each node repeats the information to be flooded. This
simple rule ensures that each node in the network will receive this information. However,
in many cases, this results in most nodes receiving the information several times, which
may be considered wasteful and particularly costly multi-hop ad hoc wireless networks.

An example of a more elaborate flooding scheme is Connected Dominating Set (CDS)
flooding, whereby nodes in the network elect a connected backbone consisting in only a
subset of nodes in the network, while offering full radio coverage of the whole network
(i.e. a node in the network is either a member of the backbone or within one hop
of the backbone). Thus, if only the backbone nodes repeat the information to be
flooded, the whole network is covered with less retransmissions than with the naive
flooding algorithm. There are several types of CDS flooding algorithms [90], more or
less complex to compute, and yielding more or less retransmissions per flood. A typical
distinction is made between source-independent CDS flooding algorithms that compute
a common backbone, used for every flooding operation, whatever the source of the
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flood, and source-dependent CDS flooding algorithms that compute several different
backbones, that are used depending on the source of flood. Another distinction is
typically made between self-elected CDS flooding algorithms which have nodes from
the backbone elect themselves as being part of the backbone(s), and neighbor-selected
CDS flooding algorithms which have nodes from the backbone be selected by their
neighbors to be part of the backbone.

An easily implementable example of a CDS flooding algorithm is Multi-Point Relay
(MPR) flooding, which is source-dependent and neighbor-selected [1]. MPR flooding
identifies a subset of links in the network, that are essential for information dissemination
throughout the network. In fact, this subset of links can also be used to reduce path
update information while still providing reachability to every node in the network, while
still retaining the shortest possible paths. The MPR mechanism is used in the OLSR
routing protocol [38].

3.4 Cross-Layer Algorithms

3.4.1 Backpressure Algorithm

In analogy with max-weight scheduling for input-queued switches and single-hop wireless
networks discussed previously, the back-pressure algorithm can be applied to multi-
hop networks. As shown in [132], this policy then achieves maximum throughput.In
the multi-hop network, the max-weight scheduling approaches discussed in previous
sections, including message passing algorithms, can be adapted with somewhat different
weights (based on queue sizes) as described in the following.

The back-pressure network control policy combines scheduling, routing and flow con-
trol policy, and has been shown to achieve the maximum end-to-end network through-
put. More specifically, if the traffic loads are such that the network as a system is
stabilizable, then the back-pressure policy will transfer the traffic loads to their des-
tinations while maintaining bounded node buffers. First, the backpressure algorithm
applied in a multi-hop network of switches are presented. This case is identical to mul-
tihop wireless networks. We then describe the state-of-the-art on back-pressure inspired
algorithms in the context of a wireless network with time-varying connectivity. We also
review the related literature for the case of elastic traffic with arbitrary arrival rates
and dwell on the issue of devising distributed algorithms for the scheduling part of the
back-pressure policy in wireless networks.

Consider a network interconnecting many IQ switches. The adaptation consists in
taking for the weight of queue q, used in the max-weight matching computation at each
switch,the new weight:

w(q) = max{0;x(q)− x(d[q]),

instead of simply w(q) = x(q) as in single-hop networks. Here, d[q] is the downstream
queue where the packets from queue q are routed after being served. This optimal
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MWM-based policy is referred as back-pressure policy since a large queue tends to
prevent the service to its own upstream queue, similarly to a back-pressure signal. The
implementation of the such policy can be performed in a distributed fashion; however,
in this case, the implementation requires an exchange of information among neighbor
switches. Some other possible solutions have been studied in [6]. In addition, all the
results discussed so far assume that queues can grow unlimited. It is possible to modify
the back-pressure policy also to deal with finite queue size, as shown in [57].

Wireless Networks

We describe the back-pressure algorithm and its various extensions in the context of
wireless networks. The defining characteristic of wireless networks is the need for more
sophisticated network control at the access layer due to the fact that concurrent trans-
missions are often prohibited because of co-channel interference.

The back-pressure policy, also known as Maximum Differential Backlog (MDB) pol-
icy or Dynamic Backpressure Algorithm, was introduced in [132] as a scheduling algo-
rithm that stabilizes a constrained queueing network and guarantees maximum achiev-
able throughput. This work was inspired by the need to perform optimal resource
allocation in multi-hop radio networks. In these systems, in contrast to the single-hop
networks, the end-to-end (source to destination) transmission depends on the provided
link (node to node) rates by intermediate nodes which act as relays. In addition, the
scarce frequency spectrum often causes neighboring node transmissions to potentially
interfere with each other. Furthermore, the channel capacity is time - varying, due to
node mobility, multi-path, shadowing and other network state related effects, and data
arrivals are random and not a priori known. These issues result in various operating
interdependencies across different nodes and also in functional coupling among the var-
ious protocol layers. The lack of a central coordinator - controller, which is usually
the case in this class of networks, further complicates the optimal resource allocation
problem in wireless networks.

Early solutions to the resource allocation problem considered mainly random access
methods. However, a different line of resource allocation that ensures effective resource
utilization is that of a scheduling mechanism should define deterministically the set of
nodes that are allowed to concurrently transmit. Such a mechanism should optimize a
specific performance criterion, e.g. throughput, and at the same time, ensure system
stability. The notion of stability can be simply defined as the requirement that the
amount of data which is awaiting for transmission in every node, also referred to as
backlog, must remain bounded. This data is stored in separate queues in every node
which are usually of finite and limited size and might overflow if appropriate care is not
taken by the scheduling and resource allocation mechanism.

The back-pressure policy provides a scheduled link activation scheme. The basic
idea is that the selection of the links to be activated relies on the queue length in
every node and the current network topology state. In particular, a central network
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controller calculates the differential backlogs between also transmitter-receiver pairs
and subsequently activates those with the largest backlog difference. For a coherent
definition, x(d[q]) = 0 when q is an egress queue of the network rates allocated to each
link are derived from the solution of an optimization problem with the objective to
maximize the queue- length weighted sum of the end-to-end rates. It is proved that this
algorithm is throughput optimal, i.e., it provides the maximum achievable throughput
rate, while at the same time guarantees network stability. The algorithm is dynamic
and provides online optimal routing and resource allocation decisions as response to
variations in topology state and arrival rates. Furthermore, the algorithm does not
require the a priori knowledge of arrival rates or the topology state probabilities and
thus it is suitable for time-varying wireless networks.

However, there are several issues to be clarified regarding the applicability of this
mechanism. First, routing and resource allocation decisions assume that all queue length
information is concentrated at a central controller which determines the scheduling
policy. This opposes to the requirement for decentralized operation of the wireless
multi-hop networks. Additionally, even if the necessary information is available, the
computation of the link activation set can be an extremely complex procedure for online
implementation. Finally, the algorithm requires synchronization of link transmissions,
which is a very restrictive assumption in the case of multi-hop networks. Since the
seminal work of Tassiulas and Ephremides, many researchers studied the back-pressure
algorithm and proposed improvements and extensions [129, 131, 86, 87, 58, 143, 126].
Additionally, as was already stated in [132], this model and the proposed solutions are
appropriate for a variety of similar problems such as the concurrency and locking control
in databases, parallel processing methods, and high speed data packet switches. These
are some of the systems that can be modeled as constrained networks of nodes which
necessitate effective scheduling.

We will briefly describe the algorithm, considering a network as described in Sec-
tion 2.1. The nodes transmit and receive data and must cooperate by forwarding each
other’s packets toward their destination. The network is assumed to operate in slotted
time fashion. Let µ(t) = µf

ij(t) represent the matrix of transmission rates offered over
each link (i; j) for flow f during time slot t.

Each node i maintains a set of queues, one for each flow f , in order to store data
that arrive either from other nodes, or data which is produced locally, from node i and
is destined to node c. Let Uf

i (t) represent the current backlog, i.e., the unfinished work
regarding flow f data that are stored in a queue at node i. This backlog (queue length)
evolves over time according to:

Uf
i (t+ 1) ≤ max{Uf

i (t)−
∑
b

µf
ib(t); 0}g +Af

i (t) +
∑
a

µf
ai,

where Af
i (t) is the data of flow f that enters the network from node i,

∑
a µ

f
ai is the

aggregate data rate that enters node i from other nodes, and µf
ib(t) is the aggregate

outgoing rate from node i.
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Assume first that the algorithm is implemented by a central controller. At every
time slot, the controller observes the queue backlog matrix U(t) = (Uf

i (t)) whose entries
are the backlogs in each node i and for each flow f . It also observes the topology state
S(t). Then, it performs the following actions for routing and resource allocation [58].

Resource Allocation

For each link (i, j), define the optimal flow (destination) fij(t) as the commodity that
maximizes the differential backlog:

f∗
ij(t) = argmax{Uf

i (t)− Uf
j (t)}.

Calculate the corresponding optimal weight which is the difference of the backlog values:

W ∗
ij(t) = max{U

f∗
ij(t)i

i (t)− U
f∗
ij(t)i

j (t); 0}.

Use the optimal flows and the associated weights to define the optimal control action
I∗(t). This is the policy that is derived by the solution of the following optimization
problem for resource allocation:

max
∑
(i,j)

W ∗
ij(t)Cij(I(t);S(t)),

subject to: I(t) ∈ Is(t).

Routing

For each link (i, j) such thatW ∗
ij(t) > 0, allocate a transmission rate of µij = Cij(I(t);S(t))

to data of flow f∗
ij(t).

The policy comprises functionalities from different network protocol layers. The
determination of the optimal commodity for every node and the calculation of the re-
spective link rates are issues that are related to the access layer. Additionally, various
physical layer parameters, such as the transmission power, the coding scheme and the
allocated frequency subchannels (OFDM) or time slots (TDMA), are regulated to pro-
vide these optimal link rates. Finally, once every link rate ij is determined, it must
be apportioned to the different sessions that traverse this link. This is a routing de-
cision and hence is related to the network layer. Thus, the back-pressure algorithm is
a cross-layer mechanism that requires joint coordinated operation of various network
layers. This scheme allows maximum achievable throughput if two basic assumptions
are satisfied: availability of the necessary information and admissibility of arrival rates.

3.4.2 Network Utility Maximization

The Network Utility Maximization (NUM) based approach has recently received sig-
nificant attention in the research literature on distributed network control algorithms,
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largely because of its ability to decompose the optimization problem into a layered set
of solvable local problems that enable providing fairness between flows thus optimizing
overall network performance [126, 143]. The leading approach to modeling and solving
the NUM problem for multi-hop wireless networks enables development of decentralized
cross-layer network control algorithms [58, 84, 44, 143, 35].

The key idea of considering a set of network control algorithms as a distributed so-
lution for a global network utility optimization problem is analyzed in [36] where a com-
prehensive survey on the methodologies for NUM problem decomposition is presented.
Decomposition into algorithms for distributed software agents is discussed both in ver-
tical and horizontal direction across protocol stack. In general, there are three kinds of
optimization driven network control algorithms: Primal, Dual and Primal- Dual, which
derive their names from the particular formulations of the underlying NUM problem. In
the area of throughput-oriented multi-hop wireless network the most popular cross-layer
approaches are based on using queuing dynamics as a network congestion signal.

The principles of optimization-driven algorithms directly depend on the particular
NUM problem definition. The most common formulation of the NUM problem used for
designing network control algorithms is limited to the case of concave utility functions
of rate and a convex capacity region. It is proven in [78] that in this case, the dynamic
control algorithms achieve a unique stable equilibrium being the optimal solution of
the NUM problem. The basic formulation of the utility maximization problem may be
found in [78, 84], and can be stated as follows:

maximize
∑
j∈F

Uf (yf ), subject to y ∈ Λ,

where f is a flow indicator taken from the set of competing flows F , y is the vector of
optimization variables (typically a vector of flow rates) and Lambda is the corresponding
capacity region - a set of arrival rates (typically data rates) for which there exist a control
algorithm stabilizing the system [58].

The utility optimization problem is usually solved by using the concept of convex
duality and the subgradient search method [126]. Designing a NUM-based solution
for a specific network problem requires selecting of an appropriate congestion measure
and defining an appropriate utility function. In most cases rates play a role of primal
variables while the dual variables are interpreted as network congestion prices (shadow
prices). It should be pointed out that from the perspective of global utility of a net-
work serving both TCP and non-adaptive streaming media traffic (with strict delay
constraints), the delay- aware NUM problem can no longer be regarded as the sending
rate optimization problem.

Most papers regarding multi-hop wireless networks treat the model of constraint level
NUM formulation [143] in which the optimization goal is to maximize utility subject
to stability and the constraints are a convex set representing stability region. Together
with a utility definition, constraints form the main part of a primal NUM problem.
They influence the dual variables dynamics and consequently determine behavior of the
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distributed cross-layer control algorithms.

Usually, the practical goal of NUM-based optimization is to construct implementable
algorithms in which flow sources can independently calculate optimal values of their pri-
mal variables (in most cases directly corresponding to their rates) taking into account
relatively small amount of information about congestion in the network. The major-
ity of theoretical papers follows the node-based formulation of the utility maximization
problem [100, 58]. In contrast to the results of the node-based formulation, the applica-
bility of algorithms derived from the link-based NUM formulation is limited to the case
of fixed routing, which is naturally not suitable for wireless environments [87]. Many
other variants of NUM-derived optimization-driven policies can be found in the recent
literature, mostly referring to the case of elastic trafic control with primal variables
corresponding to exogenous data rates [128, 101, 84, 80].

Network Utility Maximization and Back-pressure Policy in Wireless Net-
works

In the context of wireless networks, most of the decentralized scheduling algorithms
presented in the literature are motivated by the backpressure principle. NUM-derived
routing and scheduling components of network control policies are strictly related to each
other and expressed as a NUM dual problem [101, 86]. For example, the optimization-
driven solution presented in [109] (called Throughput Optimal Resource Allocation Al-
gorithm) is based on routing driven by the maximal differential backlog and backpressure-
based scheduling. In general, the flow control algorithm and the routing algorithms can
work in a distributed manner using only local information, but the problem of dis-
tributed scheduling and resource allocation is hard to implement at reasonably low
complexity, unless the rate region has the special simplified structure [112, 144].

Typically, a routing component of a distributed network control scheme has small
complexity and can be performed using only local information [86] (assuming the fact
that multipath routes are already provided for given ow or destination). On the other
hand, a scheduling algorithm is highly complex - it is a NP-hard problem , since it is re-
ducible to the Weighted Maximum Independent Set problem. In addition, backpressure-
based scheduling is difficult to implement in a distributed system.

A classification of three types of NUM-driven distributed scheduling algorithms for
wireless networks is provided in [143]]: weight approximation (related to so called im-
perfect scheduling [84], including maximal and greedy scheduling algorithms) constant-
time random access policies based on queue-length [76] and algorithms based on infre-
quent computation of max-weight schedule [109].
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3.4.3 Interference Coordination in Cellular Networks

The work [115] considers a class of interference coordination and resource allocation
problems for wireless links where the goal is to maximize the sum of functions of indi-
vidual link rates. Such problems arise in the context of fractional frequency reuse (FFR)
for macro-cellular networks and dynamic interference management in femtocells. The
resulting optimization problems are typically hard to solve optimally even using central-
ized algorithms but are an essential computational step in implementing rate-fair and
queue stabilizing scheduling policies in wireless networks. The authors propose a belief
propagation framework to solve such problems approximately, in a distributed manner
with low communication overhead. Their methods can be seen as a generalization of
belief-propagation scheduling methods [16, 125] to soft interference models with larger
class of scheduling vectors.

The problem considered is a wireless scheduling problem with n links. The trans-
mitter of each link j must select some scheduling vector xij ∈ ℜnx , with nx parameters
related to link i. The scheduling vectors result in an interference vector zi ∈ ℜnz at
the receiver of each link. The interference is assumed to be a linear function of the
scheduling vectors of the other links, zi =

∑n
j=1Aijxj, for some matrices Aij ∈ ℜnz×nx .

Let x and z be the column vectors with entries xj and zi, and z = Ax where A is the
block matrix with entries, Aij . A is called the interference matrix. Associated with
each link i, is some utility function (see [78, 126] for a discussion of utility functions in
wireless networks) fi(xi, zi) of the scheduling vector xi and interference vector zi. The
scheduling problem is to maximize the overall utility:

max
x

F (x); F (x) =
n∑

i=1

fi(xi, zi).

The authors of [115] propose an approximate optimization algorithm, which is based
on the standard belief propagation approach, but solves the problem more efficiently
by addressing two key issues that arise in its implementation in this context: high
computational complexity and messaging overhead (since in standard belief propagation
beliefs must be passed as unicast messages between individual nodes, instead of a single
broadcast message as permitted by the wireless medium).

More precisely, to apply standard belief propagation to the mentioned optimization
problem, dene the probability distribution:

p(x) =
1

Z
exp(uF (x)) =

1

Z

n∏
i=1

exp(ufi(xi, zi)),

with u > 0 and Z a normalization constant. Belief propagation can be seen as a
method to estimate the marginal distributions of the distribution p(x) with respect to
the variables xj , and thus the marginal expectations x̂j = E(xj). It follows from large
deviations theory [40] that as u → ∞, under suitable conditions, p(x) concentrates
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around the maxima of F (x) and limu→∞ x̂ = argmaxx F (x). Therefore, belief propaga-
tion which computes the marginal expectations can be used to obtain a good estimate
for the optimization problem at hand. To improve the overhead and complexity of the
algorithm, a Gaussian and first order approximation (similar to [18, 19, 63, 99]) is used
instead of exact belief computations for those links that are classified as weak (where
the classification of links as strong or weak is a parameter which can be used to trade-off
between accuracy and complexity) [115].

3.4.4 Randomized and Gossip algorithms

Varioius random-access algorithms aiming at throughput optimality have been proposed
in the literature (see [65, 88, 127]), where the access probabilities are determined as a
function of the queue-sizes by means of solving an optimization problem in a distributed
manner Queue-based approaches involve the distributed implementation of the max-
weight algorithm. The work [98] provided a totally distributed, simple gossip algorithm
to find an approximate max-weight schedule. This algorithm is throughput-optimal, and
like the standard MW algorithm it does not require information about arrival rates.

The authors of [123] proposed an almost throughput-optimal scheduling algorithm
with constant amount of information exchange per node. The work [113] designed a
random-access algorithm for contention resolution in a network of queues, inspired by
Metropolis-Hastings sampling method, of the classical maximum weight algorithm with
weight being an appropriate function of the queue size. The novelty in establishing
the efficiency of the algorithm is an adiabatic-like theorem for the underlying queueing
network.

Focusing on a specific interference model, [45] developped distributed cross-layer
algorithms with polynomial communication and computation complexity in the net-
work size, that achieve throughput optimality and fair allocation of network resources
amongst the users.

3.4.5 Low Delay Scheduling

The max-weight policy achieves maximal throughput and results in low (i.e., poly-
nomial) delay under “friendly” arrival traffic. However, this policy needs to find a
maximum weight schedule at each time step, which can be computationally intractable.
This difficulty suggests the need for alternative, low-complexity and high-throughput
policies.

Towards this purpose, [130] proposed a simple throughput-optimal randomized pol-
icy for switch scheduling that requires only a polynomial amount of computation at
each time slot. This policy can also be implemented in a distributed manner, using a
gossip mechanism [98]. However this policy induces super-polynomial average delay.

This result is proven in the work [118], which additionally shows that it is not
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possible to design a policy with simultaneously low complexity, high throughput, and
low delay for a general network. It is shown that, in both a combinatorial model
(involving independent set constraints) and an SINR model is a very small fraction of
the network’s capacity, there does not exist a low-delay policy whose computation per
time step scales polynomially with the number of queues (unless P=NP).
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Chapter 4

Inference in Networked
Environments

4.1 Probabilistic Inference in Sensor Networks

The problem of probabilistic inference corresponds to the computation of the posterior
probability of a set of random variables, given the values of another subset. In gen-
eral, the problem becomes intractable (NP-hard) when the number of variables is large.
When there are conditional independences between various random variables, the joint
probability distribution can be factorized as a product of simpler functions, and there-
fore the problem of inference can be solved with reduced complexity. Graphical models
encode such conditional independences in graphs (e.g., Bayesian networks, Markov ran-
dom fields, factor graphs). For example, in Markov random fields, vertices represent
variables of interest and edges correspond to correlations between them. The inference
problem can be thus solved efficiently in singly connected graphs (trees or forests) us-
ing message passing algorithms. When the graph has loops message passing schemes
can also be used, but then the algorithms are not guaranteed to converge. However,
such algorithms have been applied with great success in loopy graphs in order to obtain
approximate posterior distributions.

In the special case of Gaussian models (graphical models with jointly Gaussian vari-
ables), the problem of inference reduces to computing the posterior mean and variance.
Therefore, the problem is linear and takes a simplified form. Message passing algorithms
have been studied in this context [138], and it is shown that when MP converges the
computed mean is correct but not the covariances. The work [108] proposes a finite-time
convergent algorithm which solves the problem exactly (with complexity depending on
the graph topology).

Advances in hardware and software are leading to sensor network applications with
increasingly large numbers of nodes. Various problems that arise in sensor network
applications, ranging from estimation to hypothesis testing (e.g., determining whether
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Figure 4.1: Graphical models: an example of a factor graph. Factors denote random
variable interactions/dependences.

or not a fire has occurred), are particular instances of probabilistic inference. As a result,
various research papers have established the utility of formulating such problems in the
context of sensor networks in terms of graphical models (for instance [28, 29, 30, 104]),
thus giving rise to message-passing algorithms, in which in this case any given node
passes messages to its neighbors that represent statistical summaries of local information
relevant to a global computation.

Randomized message-passing algorithms for sensor networks have been explored for
creating redundant representations of sensor data [41] and computing global functions of
measurements in a distributed way [42]. For statistical inference, [30] studied the use of
standard BP in the context of sensor networks. The work [120] is based on reweighted
belief propagation and implements an architecture for such algorithms in real sensor
networks.

4.2 Compressed Sensing

Compressed sensing, also known as compressive sensing, is a technique for finding sparse
solutions to under-determined linear systems. The traditional approach of reconstruct-
ing signals or images from measured data follows the well-known Shannon sampling
theorem, which states that the sampling rate must be twice the highest frequency. This
principle underlies nearly all signal acquisition protocols used in consumer audio and
visual electronics, medical imaging devices, etc. Compressed Sensing is a recently de-
veloped sensing/sampling method that departs from these conventional approaches; its
theory asserts that one can recover certain signals and images from far fewer samples
or measurements (see [25] for a survey).

To illustrate the problem, consider a network of n nodes [70], each having a piece of
information or data xj , j = 1, ..., n, which could correspond e.g. to sensor measurements.
The networked data vector may be very extremely large, and hence a decentralized com-
pression strategy that should be utilized. Compressed sensing involves a compression of
the form y = Ax, where A is a k × n sensing matrix with far fewer rows than columns
(i.e., k << n). The compressed data vector y is of size k, and therefore it is much
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easier to store, transmit, and retrieve compared to the uncompressed networked data.
The theory of compressed sensing guarantees that, for certain matrices A, x can be
accurately recovered from y whenever x itself is compressible in some domain (e.g.,
frequency, wavelet, etc).

The compressed sensing methodology was initially developed in the papers [23, 24,
43], which generated considerable research interest. Compressive Sensing is based on the
empirical observation that many types of real-world signals and images have a sparse
expansion in terms of a suitable basis. Compressed sensing techniques have started
to be applied in the context of sensor networks, e.g. for data aggregation or efficient
data dissemination (see [110, 111, 66, 70, 140, 94]), throughput improvement [89] and
information theoretic bounds [2], etc. Belief propagation algorithms have also been
succesfully applied in problems arising in this context (see for instance [14, 15, 62, 114]).

The paper [79] considers the question of determining a real-valued function on the
space of permutations of n elements with very limited observations. Such questions
are motivated by applications like elections, web-page ranking, revenue maximization
etc., we consider the question of inferring popular rankings using constrained data. The
problem is related to compressed sensing in the sense that the goal is to recover a sparse
function (or vector) based on few samples. The paper proposes an optimal algorithm of
inferring a probability distribution over the group of permutations using its first order
marginals.

4.3 Clustering

Data Clustering is concerned with structuring data items into clusters, enforcing the
similarity of items belonging to a same cluster and their dissimilarity with respect
to items in other clusters. It consists a fundamental task in data mining, aiming at
identifying significant underlying patterns in data [68]. Such patterns may refer to
statistical distributions followed by data or simply to certain distinct classes (clusters)
to which the data can be categorized. Clustering is widely recognized as means to
provide a synopsis, that is a compressed version of the data volume at hand. Since the
transmission of huge amount of raw streaming data is prohibitively expensive, clustering
is an approach that can assist with overcoming this problem. This synoptic view of
data shall then be used in decision making that comes after change detection, pattern
recognition and feature extraction.

Mining streaming data that are generated continuously at high rates is an area of
data mining with many unresolved challenges. This area has recently spurred the inter-
est of the community [48], [102], [8], [74] due to the diverse range of real life applications
where such problems arise. Sensor network data emerging from continuous measure-
ments, online Internet traffic and web usage logs monitoring, streaming video from
surveillance cameras and RFID data are some examples where information naturally
becomes available to the decision maker in sequential and distributed fashion through
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data streams.

Distributed streaming data management possesses some distinct challenges which
arise due to the sequential, online in which data from distributed sources become avail-
able to the decision maker. One could argue that the decision maker could wait until
all data reach him and then apply a conventional clustering or other approach to make
a decision. Or, that she/he could simply wait long enough so as to have a larger portion
of the data available and make a more informed decision. There are two objections to
that. First, in distributed data processing, the transmission of entire streaming data
to a central site is infeasible, since it will dramatically increase the network communi-
cation cost. Therefore, a local clustering can assist with providing a compact version
of data generated at each of the remote sites. Second, in streaming data, it is crucial
for the decision maker to be able to make a decision online, precisely at the time the
last segment of data arrives. Identifying a change in patterns of data should involve
a series of reaction measures that will follow decision making. For example, in video
surveillance, identifying a change in the received video segments should mobilize certain
mechanisms for immediate reaction. Hence it would not be meaningful for the decision
maker to wait much due to the incurred delay in decision making. Moreover, at each
time instant, the local sites (and decision maker) may not have access to the full amount
of previously received data due to storage constraints. Although storage space becomes
cheaper and more available as a resource, it is evident that data volume grows gigantic,
and it is many more orders of magnitude higher than available storage space, especially
when considered over a certain time horizon. In light of the above, the goal of the local
node and the decision maker at the end of each time slot is to maintain a set of salient
data items that best represent data received up to that slot. These items will be fed
as input to the next slot, they will be updated with the new arriving data and will be
used in subsequent decision making.

The approaches that tackle the problem of stream clustering can be categorized
into: i) one-pass methods, that assume a unique underlying model of streaming data.
These approaches cannot study the evolution of data distribution. ii) evolving clustering
methods that take into account the behavior of data as it may evolve over time. One-
pass clustering methods use a divide-and-conquer method that achieves a constant factor
approximation using a small amount of storage space [60], [33], [59]. Every time a new
chunk of data arrives, a local clustering is performed to generate the cluster centers out
of chunk data. Since all original data items have been processed, clustering is applied
to all intermediate medians so that the k final medians are defined.

A number of clustering algorithms have been developed to deal with the evolution
of cluster structure. In [4], a stream clustering algorithm is proposed, which includes
two clustering phases. At the online phase, the proposed approach periodically stores
detailed summary statistics, while at the off-line phase, the decision maker uses these
statistics to provide a description of clusters in the data stream. The main drawback of
this algorithm is that the number of micro-clusters needs to be predefined. HPStream [5]
incorporates a fading cluster structure and a projection-based clustering methodology
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to deal with the problem of high-dimensionality in data streams.

The Denstream [26] is based on DBSCAN [46], an algorithm that forms local clusters
progressively by detecting and connecting dense data item neighborhoods. Cluster
adjustment involves detection of data items that are neighbors to the newly inserted
data, re-computation of their neighborhoods [47] and respective micro-clusters [26], and
re-assignment of neighborhoods and micro-clusters to clusters if deemed necessary [47].
In Denstream, incremental computation is further enhanced through the treatment of
(potential) outlier micro-clusters. The algorithm is a two-phase clustering approach.
During the online phase micro-cluster are maintained while the final clusters are defined
(offline) on demand by the user. An EM-based clustering approach for distributed data
streams was presented in [7]. The remote site define their clustering model based on the
idea of test-and-cluster while the coordinator combine all Gaussian models from each
site directly, and the Gaussian mixture model components represent the distribution of
overall distributed data streams.

4.3.1 Affinity Propagation algorithm

Affinity propagation (AP) is a clustering method proposed in [51]. It belongs to the
class of message passing methods and it is used on a given data set that is all available
to the decision maker at one time interval, so as to identify a set representative items
(exemplars) out of the data set. Initially, all data items are considered equally probable
to be exemplars of the data set. Real-valued messages are exchanged among data items,
until a set of representative items together with the respective clusters emerges. These
messages are updated at each iteration and they reflect the current affinity that a data
item has to select another item as an exemplar at that iteration. The goal of the AP
algorithm is to identify a set of exemplars and come up with an assignment of each data
item to one of the exemplars such that the sum of similarities between data items and
exemplars is maximized.

Assume thatX = {x1, x2, . . . , xn} is a set of distinct data items and let S(i, j) denote
the similarity between the data items xi and xj , with i ̸= j. The AP algorithm searches
for a mapping ϕ which assigns each data item xi to its nearest data item, referred to
as exemplar of xi (i.e. ϕ(xi)). This mapping should maximize an appropriately chosen
energy function defined as:

E [ϕ] =
n∑

i=1

S(i, ϕ(xi))−
n∑

i=1

χi[ϕ] (4.1)

with χi[ϕ] = ∞, if ϕ(ϕ(xi)) ̸= ϕ(xi) and 0 otherwise. The first term in eq. 4.1
denotes the overall similarity of the data items to their exemplars, while the second
term expresses the constraint that if a data item is selected as an exemplar by some
data items, it should be its own exemplar.

The optimization problem defined by eq. 4.1 is solved using a message passing
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algorithm. The AP algorithm takes as input the real-valued similarities, S(i, j), which
describe how well the j-th item is suited to serve as exemplar for the i-th item. For
i = j, the similarity of a item i, S(i, i) indicates how likely the i-th item is to be chosen
as an exemplar, and it is further called preference. Usually, similarity is set to a negative
squared error S(i, j) = −||xi−xj ||2. The number of selected exemplars (i.e. the defined
clusters) is influenced by the preference values, but it also comes out of the message
passing procedure. There are two kinds of exchanged messages between data items [51]:

1. A Responsibility message, r(i, k) that a data item i sends to candidate exemplar
k. This message shows the accumulated evidence for how well item k serves as
exemplar for item i. Its value is iteratively adjusted as follows:

r(i, k) = S(i, k)− max
k′,k′ ̸=k

{α(i, k′) + S(i, k′)} (4.2)

If k = i, the responsibility message is adjusted by:

r(k, k) = S(k, k)− max
k′,k′ ̸=k

{S(k, k′)} (4.3)

2. An Availability message, α(i, k), that a candidate exemplar k sends to data item
i. This message captures evidence as to how appropriate it would be for item i to
select item k as its exemplar. The value of α(i, k) is updated as:

α(i, k) = min

0, r(k, k) +
∑

i′,i′ /∈i,k

max{0, r(i′, k)}

 (4.4)

For k = i, the availability message reflects accumulated evidence that item k is
an exemplar and is adjusted by:

α(k, k) =
∑

i′,i′ ̸=k

max{0, r(i′, k)} . (4.5)

At each iteration, the assignments of items to exemplars (clusters) are defined as,

ϕ(xi) = argmax
k

{r(i, k) + α(i, k)}

where ϕ(xi) denotes the exemplar for data item xi. The message passing procedure
stops after a specific number of iterations, or after cluster structure does not significantly
change for a given number of iterations.

The paper [147] extended Affinity Propagation to perform online clustering of data
stream, showing that AP performs better than K-centers clustering in sufficiently com-
plex problems. [148] presented a version of the AP algorithm that is closer to handling
data streaming. According to their approach, as data flows, data items are compared
one-by-one to the exemplars and they are assigned to their nearest one if a distance
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threshold condition is satisfied. Otherwise, data are considered outliers and they are
put in a reservoir. A cluster redefinition is triggered if the number of outliers exceeds
a heuristic (user-defined) reservoir size or if a change in data distribution is detected.
That is, the quality of clustering depends decisively on user defined thresholds. More-
over, at each time instant, there exists a number of data items in the reservoir that are
similarly handled as outliers. The clustering algorithm runs anew to define a cluster-
ing of all data items arrived until the current time item only if a restart condition is
satisfied.

4.3.2 Clustering Streaming Data with Belief Propagation

The authors of [67] propose StreamAP a variation of the initially proposed AP clustering
algorithm, that is capable of handling sequences of data in an online fashion under
the limited memory constraints imposed by streaming applications. According to this
approach, data arrive and are processed in batches. At each epoch, a synopsis of data is
defined through their cluster representatives (exemplars) and statistics (weight of cluster
and variance). Both the current batch of data and the representatives of previously
processed data items are used in the clustering procedure.

The preference of an exemplar ek at epoch i+1 will be defined based on its preference
in the previous epoch i and the statistics of its cluster in i. Specifically, the preference
of ek are updated as follows:

Si+1(ek, ek) = Si(ek, ek) ·

(
1− w(ek, Ti)∑

j w(ej , Ti)

)
− var(C(ek), Ti) (4.6)

where var(C(ek), Ti) =
D̄(C(ek),Ti)
w(ek,Ti)

is the weighted variance of cluster C(ek) that captures
dissimilarities between the exemplar and the other data items in its cluster. At each
epoch, the variance of a cluster changes as its structure changes, i.e. as data items can
be added or forgotten. Thus, each of the previously defined exemplars gains advantage
over the other data items that is analogous to the weight of the data items that have
selected it, while it undergoes a penalty related to the variance of its cluster. The
preferences of the data items generated at the current epoch i+1 are defined as follows:
∀ di+1

j ∈ bi+1, j = 1, . . . ,M ,

Si+1(d
i+1
j , di+1

j ) =

∑
x∈(bi+1∪Ei),x ̸=di+1

j
Si+1(x, d

i+1
j )

|bi+1 ∪ Ei|
(4.7)

where |bi+1∪Ei| is the number of data under analysis (i.e. exemplars from the previous
epoch and the current set of arrived data items) in epoch i+ 1.

Specifically, the proposed algorithm, StreamAP [67] involves the following steps:

STEP1: The first batch of data arrives at epoch 0 and the AP algorithm (presented
in Section 4.3.1) is used to initialize the clustering process.
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While the stream flows,
STEP2: For each exemplar, ek of the i-th epoch,

• Vector [ ek, w(ek, Ti), D̄(C(ek), Ti) ] is forwarded to the next epoch.

• The preferences of defined exemplars are updated based on equation (4.6).

STEP3: At the next epoch i+ 1, a new batch of data, bi+1 is received. The currently
received batch of data and the set of weighted exemplars Ei received from previous
epoch define the new set of data considered for clustering, referred to as bi+1 ∪ Ei.

The similarity matrix of data items in bi+1 ∪ Ei is updated. Specifically:

• ∀ dj ∈ bi+1, preferences Si+1(dj , dj) are updated as in (4.7).

• ∀, di, dj ∈ (bi+1 ∪Ei), similarities Si+1(di, dj) are are appropriately adjusted [67].

STEP4: The extended version of AP clustering algorithm is applied to bi+1 ∪ Ei.
Then the values of messages exchanged between data items in bi+1 ∪ Ei are computed
as in equations (4.2) and (4.4).

The described approach provides a mechanism that efficiently summarizes the most
significant information from previously processed data and transfers this information to
the next epoch of the clustering process. Thus, it enables online adaptive (re)definition
of clusters and monitoring of their evolution while new batches of data arrive.

The main steps of the proposed distributed stream clustering approach can be sum-
marized as follows:

While the stream flows,

1. StreamAP runs at remote sites, {si}ni=1. Let Ct
i be the clustering model of si at

epoch t.

2. The remote sites transmit their clusterings {Ct
i}ni=1 to CS (central site).

3. The central site receives the stream of local clusterings (exemplars) and runs
StreamAP to update the global clustering defined in epoch {t− 1} with the new
arrived local clusters. Let Ĉt be the global clustering at epoch t and {get1, . . . , getm}
be the respective set of selected exemplars. We note that the global exemplars
could be exemplars defined in previous epochs or one of the exemplars arrived
from the remote sites.

4. The weight factor of global exemplars at CS is defined as fw(geti) =
w(geti,t)∑
k w(geti,t)

. It

indicates the global significance of each exemplar geti with respect to the weight
of points that have selected it as their exemplar.

5. CS provides feedback to remote sites, forwarding them the global clustering with
the respective weight factors, that is the vector [(get1, fw(ge

t
1)), . . . , (ge

t
m, fw(getm))].

August 15, 2011 FP7-265496-The STAMINA Consortium Page 40 of 54



D3.1 State-of-the-art on methods for distributed and autonomic resource
management and inference in networked environments

6. Once a remote site, si, receives feedback from CS it updates the weights of ex-
emplars that belongs to the intersection of its local clustering Ct

i with the global
clustering. That is,
∀ leij ∈ Ct

i , if le
i
j ∈ Ĉt ∩ Ct

i then

w(leij , t) = w(leij , t) · (1 + fw(getk)), where getk ≡ leij .
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