TECHNICAL UNIVERSITY OF CRETE
SCHOOL OF ELECTRICAL AND COMPUTER ENGINEERING

NMOAYTEXNEIO KPHTHXZ
TECHNICAL UNIVERSITY OF CRETE

Clustering of Inference Algorithms in
Communication Networks

by Emmanowil Kariotakis

A THESIS SUBMITTED IN PARTIAL FULFILLMENT OF THE
REQUIREMENTS FOR THE DIPLOMA DEGREE OF

ELECTRICAL AND COMPUTER ENGINEERING

September, 2022

THESIS COMMITTEE
Professor Aggelos Bletsas, Thesis Supervisor
Professor Michail Zervakis
Professor George N. Karystinos



Abstract

This work offers an algorithmic framework for in-network inference, using message passing among
ambiently powered wireless sensor network (WSN) terminals. The stochastic nature of ambient
energy harvesting dictates intermittent operation of each WSN terminal and as such, the message
passing inference algorithms should be robust to asynchronous operation. A version of Gaussian
Belief Algorithm (GBP) is described, which can be reduced to an affine fixed point (AFP) problem,
used to solve linear systems of equations. To achieve this, we have to cluster the Probabilistic
Graphical Model (PGM) behind GBP, in order to map it to the WSN terminals. We propose
two different clustering approaches, namely edge and node clustering. For the first approach, we
explain the reasons why a previous method does not produce the expected results and we offer
another method, which performs better. We also explain limitations of edge-based clustering. On
the other hand, node clustering has a clear metric for performance, which is relevant to the number
of edges connecting the different clusters. For this approach, we utilize three different clustering
algorithms, the k-means, the spectral clustering and an autonomous, in-network clustering algo-
rithm. Furthermore, we show in both theory and simulation that there is strong connection between
spectral radius and the convergence rate of AFP problems with probabilistic asynchronous schedul-
ing. The latter corroborates known theory for synchronous scheduling. Interestingly, it is shown
through simulations that different clustering offers similar convergence rate, when probabilistic
asynchronous scheduling is utilized with carefully selected probabilities that accelerate convergence
rate in the mean sense. Finally, we show an existing distinction between convergence rate and
energy consumption of the network and we present experimental results comparing the different
clustering methods. In most cases, spectral clustering outperforms the rest, with reduced energy
consumption (by a factor of 2 compared to k-means in specific cases).
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Chapter 1

Introduction

Recent advances on powerful message passing algorithms (e.g. sum-product, max-product), also
known as belief propagation [1, 2, 3], have offered concrete examples on how decision making and
inference can be facilitated through communication at carefully crafted graphs. These algorithms
have been the focus of much research; multiple extensions have been proposed and have been
applied successfully to a variety of domains.

More importantly, recent advances on backscatter (or simple scatter) radio sensor networks,
have demonstrated feasibility of yWatt power for low-cost, joint sensing and wireless networking
[4,5,6,7,8,9, 10, 11]; all is needed at the transmitter side are a radio frequency (RF) transistor,
an antenna and a low-cost microcontroller unit (MCU). As described in previous work [12, 13], it is
possible to build ultra-low power wireless sensor networks (WSN) that have no central processing
unit in order to make autonomous, in-network decisions, solely powered by the environment. This
is possible due to the network’s asynchronous scheduling [12, 13].

Message passing algorithms exploit the factorization of the joint probability distribution (for
discrete variables) or density function (for continuous variables) to a product of factors and the cor-
responding encoding of conditional (in)dependencies between variables into a carefully constructed
probabilistic graphical model (PGM). The sum-product (max-product) message passing algorithm
runs in these PGMs and offers the marginal densities (maximum aposteriori probability values) of
the random variables.

Our goal is to take advantage of the WSNs’ and the algorithms’ distributed nature and carefully
map the nodes of the PGMs used in such algorithms to the WSN terminals, in order to minimize
the required computation and communication load across different WSN terminals or minimize the
convergence time, and exploit the power of the aforementioned algorithms and make in-network
decisions. More specifically, we utilize Gaussian Belief Propagation algorithm [14] in order to
solve linear systems of equations. The matrices that are used in our experiments are provided in
Appendix A.



1.1 WSN as an Inference Platform

In this section we are going to formulate the aforementioned mapping. At the end of the chapter
there is a detailed explanation of the used notation.

Consider an ambiently powered WSN with N (physical) terminals. In addition let x(©) ¢ R";
our goal is to utilize the network in order to calculate the update:

O = f (x0) = [ (x5 7) o (5 0)] =12 (1.1)

where XE%_D denotes a subset of elements {x,(cl_l)} of x(=1), according to the set of indices J;,

f:R™ — R™ is a real mapping and f, : RI7l — R is that real valued function the is used to update

element a:g_l). On top of that, assume that at each iteration, WSN terminal ¢ is responsible for

updating a unique subset of the elements {w(l_l)} of x(=1)_ denoted by x%_l), where ﬂf\;1 =0

and UZ]\LI Z; = {1,...,n}, utilizing the appropriate subset of functions {f;(-)}, 7 € Z;. In other
words, each WSN terminal is responsible for updating a subset of the variables, all variables are
allocated to specific WSN terminals and no variable is allocated to more than one WSN terminal.
Given that each function f;(-) might require variables that are allocated to different WSN terminals,
communication between the WSN nodes is required; before any computations, the required values
must firstly be transmitted between the WSN nodes as messages. An example of such a mapping is
presented in Figure 1.1, where we can see the Graphical Model, the Wireless Sensor Network and
the final mapping that has been done.

However, such message passing may fail, simply because the WSN terminal does not have suf-
ficient energy; thus the necessary message passing is interrupted probabilistically. As a result,
some subsets of x!~Y may not be updated at iteration (1); this is what we refer to as asynchrony.
Considering this asynchronous operation, messages between variable or factor nodes, that belong
to different WSN terminals, may fail to be transmitted or received due to energy outage of a WSN
°ut denote the prob-

terminal or because of a failure in transmission between WSN terminals. Let p
ability of terminal ¢ being in energy outage, pgfns denote the probability of successful transmission

between terminals 7 and j and finally, pio the probability of successful communication between

and j, which is pj5™™ = it = (1—pout)(1— p?“t)pgffns. For simplicity, we assume that messages
between WSN terminals fail to communicate only due to energy outage, i.e. pffns =1, hence,

comm A _comm __ 1— out 1— out 1.2

bi; = Dji = ( i )( p; )- (1.2)

We also assume that messages My, —a; are stored in node variables x; and that the probability of
a messages being sent from g; to z; equals to the probability from z; to g;, i.e. pg,—z;, = Pz;—g;-

Thesis Outline

In Chapter 2 we provide the basic algorithm that we use throughout this work and some conver-
gence conditions for it, in Chapter 3 we present some clustering methods that are used in order to



run this algorithm in communication networks. In Chapter 4 we state two optimization problems,
on which we provide solutions, and we present experimental results of those problems. Finally, in
Chapter 5 we state the main contributions and propose future directions of our work.
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Figure 1.1: An example of mapping a PGM to a WSN.



Notation

Scalars, vectors, matrices and sets are denoted using lower-case, bold lower-case, bold upper-case
and calligraphic upper-case letters, respectively. For a vector x, x; denotes the i-th entry. For a ma-
trix A, A;; denotes the element of its i-th row and j-th column. The notations A > 0 and A = 0 in-
dicate that A is positive definite and positive semi-definite, respectively. AT denotes the transpose
of A and p(A) denotes the spectral radius of matrix A, namely p(A) = max{|A1], |[A2],...,|Am|},
where A1, ..., Ay are the eigenvalues of A. In an iterative process x() = f(x(lfl)), x(®) denotes
the value of x at iteration (I). diag{x} denotes the diagonal matrix, whose diagonal entries are
the elements of x. O denotes the matrix whose all entries are zero, the identity matrix is denoted
by I and 1 denotes a vector of all ones. x7 denotes a subset of the elements of x according to
the set of indices Z, namely x7 C (x1,x2,...,2,). For a set B, the notation B\i denotes all the
elements in B except i. The notation a o< b denotes that a is proportional to b. N (x; u, C) denotes
that a random variable follows the Gaussian distribution with mean g and covariance matrix C.
R(A) and N(A) denote the rangespace and nullspace of matrix A, respectively. dim ) denotes the
dimension of vector space V, namely the number of vectors in any of its bases.



Chapter 2

Algorithms

In this Chapter at first we are going to set the basis for Probabilistic Graphical Models and explain
what Inference is. Later, we are going to present the Gausstan Belief Propagation algorithm and
its application on solving linear systems of equations.

2.1 Inference Algorithms and Probabilistic Graphical Models

2.1.1 Inference Algorithms

Inference is the procedure of learning about the generically hidden state of the world that we care
about from available observations.

Consider a collection of random variables x = (z1,...,2xy) and the observations about them be
presented by random variables y = (y1,...,yn). Let each of these random variables x;, 1 <i < N,
take on a value in A and each observation variable y;, 1 < ¢ < N, take on a value in ). Given
observations y, our goal is to say something about possible realizations of x [15]. Given this setup,
there are two primary computation problems of interest:

1. Calculating posterior beliefs,

_pxy) _ p(x,y)
p(xly) = 2y S PO (2.1)

In general computing the denominator of Equation 2.1 is expensive. If we are thinking of N
variables then this starts scaling like |X"|. That is because, without any additional structure,
a distribution over N variables, with each variable taking on values in X, requires storing a
table of size |X'|"V, where each entry contains the probability of a particular realization. Thus,
computing posterior has complexity exponential in the number of variables V.



2. Calculating the mazimum a posteriori (MAP) estimate,

x € argmax p(x|y)
xeXN

_ p(x,y)
= argmax
xexN DY)

= argmax p(x,y)
xeXxXN

(2.2)

As before, without any additional structure, the above optimization problem requires search-
ing over the entire space X'V, resulting in an exponential complexity in the number of variables
N.

Suppose that the N random variables are now independent, i.e.

p(x1, ... xn) =p(x1) ... plzN). (2.3)

Then posterior belief calculation can be done separately for each variable. Computing the posterior
belief of a particular variable has complexity |X|. Similarly, MAP estimation can be done by finding
each variable’s assignment that maximizes its own probability. This is done for N variables, so the
computational complexity of MAP estimation drops to N - |X|.

Thus, independence or some form of factorization enables efficient computation of both posterior
beliefs and MAP estimation. By exploiting factorizations of joint probability distributions and
representing these factorizations via graphical models, we can achieve huge computational efficiency
gains.

2.1.2 Probabilistic Graphical Models

Probabilistic Graphical Models use a graph-based representation as the basis of compactly encoding
a complex distribution over a high-dimensional space [15].

The three main types of graphical models are [16]:

1. Directed Graphical Models (or Directed Acyclic Graphs (DAGs) or “Bayesian Networks”)
A directed graphical model is a graph G = (V, ) which consists of nodes V, which represent
random variables, and directed edges £ C V x V. The notation (i,j) € £ means that there is
a directed edge from i to j. By choosing a topological ordering of the node (i.e. an ordering
where any node i comes after all of its parents), then the graph G implies the conditional
independence

i L x|z, (2.4)

where v; is the set of nodes that are not parents of ¢ but they appear in the topological
ordering before i. Hence, DAGs define families of distributions which factor by functions of



nodes and their parents. In particular, we assign to each node 7 a random variable x; and a
non-negative-valued function f;(z;, ;) such that,

Z fz(muxm) = 1a
r; €X

1 /i@ zn) = p1,... 2n),

where m; denotes the set of parents of node i. The graph is acyclic, thus we must have
fi(xivxm‘) = p(xl’xm)

Figure 2.1: An example of a directed acyclic graph representing a distribution with 6 random
variables.

2. Undirected Graphical Models or “Markov Random Fields”
An undirected graphical model is a graph G = (V,€) which consists of nodes V, which
represent random variables, and undirected edges £ C V x V. These graphs define a family
of probability distributions which satisfy the following graph separation property,

xa L zplre, (2.5)

whenever there is no path from any node in A to any node in B which does not pass through
any node in C. Unlike directed graphical models, undirected graphical models do not have
a natural factorization into a product of conditional probabilities. Instead, we represent the
distribution as a product of functions called potentials, times a normalization constant. Given
the set of variables z1,...,zxy and a set C of maximal cliques, we can define the following
representation of the joint distribution,

p(x) o< [ ¢(=c) (2:6)

=~ [T vt 27)

cecC

where Z is called the partition function and is chosen such that it normalizes the probabilities,

z2 =311 ¢(=e). (2.8)

x CeC

10



Figure 2.2: An example of a Markov random field representing a distribution with 5 random
variables.

3. Factor Graphs [17]
A factor graph consists of a vector of random variables x = (z1,...,2,) and a graph
G =V, &, F), which in addition of variable nodes it consists of factor nodes F. The joint
probability distribution associated to a factor graph is given by

plar, .. mn) o [T g5(X5), (2.9)
jed
where J is a discrete index set, X is a subset of {z1,...,z,} and ¢;(X}) is a function having

the elements of X; as arguments.

The factor graph is a bipartite graph between variable nodes and factor node, i.e. there are
no edges connecting a variable node with another variable node or a factor node with another
factor node, that expresses the structure of the factorization 2.9. A factor graph has a variable
node for each variable x;, a factor node for each local function g; and an edge that connects
a variable node to a factor node if and only if z; is an argument of g;.

For better understanding of the factor graphs, we provide an example. Let p be a probability
density function that can be expressed as the product

p(x1, 2, 3, T4) X g1(T1, 23, 24) - g2(x2, T3, T4) (2.10)

of two factors, so that J = {1,2}, X; = {1,290, z3} and X2 = {x2,x3,24}. The factor graph
that corresponds to p is shown in Figure 2.3.

Factor graphs are very useful in our work, since our main application runs the Gaussian Belief
Propagation algorithm on that specific type of graphical models.

2.2 Gaussian Belief Propagation (GBP)

Gaussian Belief Propagation [14] is a special case of the sum-product algorithm (or belief prop-
agation) where the distributions are Gaussian. The sum-product algorithm is a message passing
algorithm that operates in undirected graphical models or factor graphs. It was firstly introduces
by R. G. Gallager [3] during the 1960s and it is still one of the most famous inference algorithms.
Given a probability distribution function, sum-product computes -either exactly or approximately-

11
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Figure 2.3: A factor graph for the product p(z1,x2,x3,z4) x g1(x1, 3, 24) - go(x2, T3, 24).
The variable nodes are represented with circles and the factor node with squares.

g2

various marginal distribution functions using message passing between the graph’s nodes and fol-
lowing a few simple computational rules [17, 18].

2.2.1 Gaussian Belief Propagation under High-Order Factorization and Asyn-
chronous Scheduling

Consider a Gaussian random vector x = [r1,29,...,2,]" € R™. Its probability density function
can be written as
_ 1 1 T 4—1
p(x) = WWGXP{—Q(X—M) A (X—u)} (2.11)
1
scexp {50 A x -0}, (2.12)

denoted as x ~ N (g, A), with mean u = E[x] and covariance matrix A = E[(x —u)(x — ) ']. This
form of representation is call the covariance form. Another very useful form is the information
form, where the probability density function can be written as

1
p(x) ox exp {2XTJX + hTX} , (2.13)

denoted as x ~ N~!(h,J), with potential h and information (or precision) matrix J. Note that
J=A"'~0and h=Jpu.
Conventionally, Gaussian BP is performed under a pairwise factorization of the joint Gaussian pdf

p(x) oc [[ @i (i) [ ®ij (v ), (2.14)
i i#

where ®; (z;) is a function only depending on x; and ®;; (x;,x;) is a function depending on z; and

Zj.

Following the work in [19], the joint Gaussian pdf can be written as

p(x) o< [ [ fi (=) [ 95 (%), (2.15)
‘ =

=1

12



where f;(z;) is a function of z; and g;(X}) is a function of a set of variables X; C {z1,x2,...,2,}. If
at least one function g;(X;) contains more than two variables, it is referred to as a high- order factor-
ization of the joint Gaussian pdf. We can consider a high-order factorization with J = A + ETZE
and h = AE+ET Zu, where A £ diag(n1,m2, - .. ,M), & = diag(C1, (o, - - ., Cm) With m; >0, ¢ > 0,
EeR™" ¢ cR” and u € R™. Under this factorization, the joint Gaussian pdf can be rewritten
as

p(x) x exp {;XT (A + ETEE) X+ (A£ + ETEU)T x}
x exp{—; (x—ﬁ)TA(x—ﬁ)}exp{—; (BEx—u) T (Ex - u)}
x Hexp {—;m (x; — &)2} H exp {—;Q (8j.x — uj)Q} , (2.16)
i=1 Jj=1

where E;. denotes the j-th row of E. Based on Equations 2.15 and 2.16, we have

i) x xp { -l - 6} (2.17)
2
0i(2) o exp {56 | 3 S — g (2.18)
kEVj

where X; £ {xy|Ej; # 0} and V; = {k|z) € X;}, which means that X; is the set of variables that
are connected to factor j and V; is the set of indices of those variables. We can also define G,
which is the set of indices of factors {g; };":1 connected directly to variable x; in the factor graph.
Since we examine GBP on factor graphs, where we have only factor-to-variable node connections
and variable-to-factor node connections, the expressions of GBP under high-order factorization
only require factor-to-variable messages, myj)_mi (x;), and variable-to-factor messages, mgi)ﬁgj (),
at each iteration (/). The message update rules of the algorithm under synchronous scheduling are

+00
glj)_m (x;) o</ H mxlk_l)g (x) dXj\z; (2.19)
> keV;\i
m-sflz)ﬁgg (':UZ) X fl xl H mgk—>xl xl)' (220)
keGi\j

(D)

By inserting the expression of mz; 4 (x;) in 2.20 into 2.19, we get

“+00
mgj)%xl(:c,) OC/ gj(Xj) H fk a:k H mgk/%m a:k) dX]\a:, (2.21)
- kev;\i k' €Gi\j

1)

Without loss of generality, we assume that the factor-to-variable messages my’;_m(xk) are of

Gaussian form with méiji)mi (xg) ~ N <$k, Mgixi)xza a 11) >, where ugﬁ;i’zi and Véiji)xi their mean

gk/ —x;

and precision, respectively. Thus, substituting the expressions of f;(x;) and g;(X;) presented in

13



Eq. 2.17 and 2.18 and the Gaussian form of mglgi)xi (zx) in Eq. 2.21 we get that the analytical
expression of factor-to-variable node messages

2
l e 1
mgj)ﬁxi (w;) / exp —=Gj Z EjpTr — Uy
o 2 keV;
l l l
H eXp 5 T]k + Z ék/i}xk "L‘i + nkgk + Z Vék/i?xk M‘gkllﬁ)zk Lk dX]\x“
keV;\i k' eGp\k k'€Gr\j

(2.22)

which are proved to maintain their Gaussian form [19], with mglj)ﬁzi (x;)) ~ N (xz-; uélj)ﬁxi, 1/ Vé?—%)
Their mean and precision are given by

——1 -1 -1
— Z = i ‘—‘jk <77k:fk + Zk’egk\] Vék/gxkﬂék/—Zxk)
=g —
91 (-1 ’
0 keVj\i M + Zk’egk\y Vg —op
Hoy e it + > SN >0,k € Vi
K €G\k
0, otherwise
(2.23)
=2
l =2
E(IJ)_WH = = y (224)

1 - -1 \7!
Cj + Zkevj\z‘ “?k (77/6 + Zk'egk\j ’/ka—mk)
respectively.

From the equations above it can be seen that in order to fully describe each message mélj)ﬁxi (z;)

at iteration (/) only two values are required: its mean uglj)_m and its precision Vé?_mi. Also, it can

be seen that the calculation of each z/éllj)ﬁmi only requires other precision parameters u!gi)ﬁxp. On

the other hand, in order to compute ug?_m, both different precisions Véi)_mp and means ,u(gk)_mp are

required.

Using the updated message mélj)ﬁxi and fi(z;), the BP belief, b (x;), of z; at iteration (1) can
be computed as

(93Z x fi(z;) H mgkﬁxl x;). (2.25)

keg;

By inserting the expressions of f;(x;) (Equation 2.17) and mgk)ﬁxi (z;) into Equation 2.25, we obtain

1
b () o exp 5 (m Z vélk)_mi a? 4+ | ik + Z ngﬁxngk_m Tip . (2.26)

14



(2

As it is proven again in [19], the BP beliefs are valid Gaussian pdfs, with b0 (z;) ~ N (:ni; GZ@, U(l)>,
where
l l
o &+ Xyeg Vi gy
“ = 0 ’
ni + Zkegi Vgp—a;
1
UZ@ _ Ummt (2.28)
ni + Zkegi Vgr—i

(2.27)

0) e e (i-1)

Assuming that vy, are initialized in a way that guarantees convergence we can replace vy, , sz,

with vy, in Equation 2.23. Then if p® stacks all uélj)ﬁxi at iteration (/), GBP can be reduced

to the synchronous affine fixed point problem:
p = Apt= 4 ¢, (2.29)
where A is an |€] x |£] matrix such that Ap~Y is a column vector containing elements
253 Eik Xwreg\ gk/ﬁxkﬂglk/l—)wk

B . * \
Qi = Zkevj\z nk+zk/egk\g - , if Nk + Zk/egk\j Vo1 —ay, > 0,Vk € VJ\Z
0 , otherwise

(2.30)
and c is a column vector containing elements
Eg ~3k7lkfk

8, = — 2 keV\i TS, 7 s o et Yok Vo—a, > 0, Yk € Vi\i (2.31)

0 , otherwise

As we will prove, the elements of matrix A can be found using the following,

_ E;ilEjkV;k/azk 5 if e + Zkleg)g\] V;k/ﬁxk > O,Vk' S V]\Z
A(ij, k') = M+ Lpreg\i Vagn—e,  and k € V;\i and k' € Gi\j (2.32)
0 , otherwise.

That is because,

.. (1 Eji “]k g 1= —
A5 = Z Z A(ij, kk Mgk/igxk = Z Z Z Kt ugk/i)x,c
kK

keV;\i k'€Gi\j "k +Zk”egk\a Gt =Tk

(1) — -y o (2:33)
_ Z Z 'i “Jkygk/%xkﬂgklﬁrk _ Z —ji “jk’ Zk’egk\] gk/—m:k/‘gkl—ﬂ"k
keV;\i k'€Gi\j Nk + Zkﬂggk\J !t —>T kEV;\i Mk + Zk"Egk\] G =T,

The expressions of GBP under high-order factorization can be updated utilizing asynchronous
scheduling. The asynchronous updates can become very useful, as we are going to see in Section
2.3, because they can converge even in cases that synchronous ones do not.
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2.2.2 Solving Systems of Linear Equations
Our goal is to solve systems of linear equations
Mx = s, (2.34)

where x € R", M € R™*" with m > n, a full rank matrix, and s € R™, for which the least squares
solution is [20]

x = (MTM>_1 M. (2.35)

Setting A = 0pxn, 2=M, X =1, £ =0 and u = s, we get

J=A+E'ZE=J=M"M, (2.36)
h=A6+E Su=h=M's. (2.37)
We have also that
-1
h=Jp=M's=M"My= pu= (MTM) M. (2.38)

Hence, Gaussian Belief Propagation can be utilized for the following distribution:
p(x) =N (x;p,A)
-1 -1
p(x) =N (x; (MTM> Ms, (MTM) >

1
X exp {—2XTMTMX + STMX} , (2.39)

whose inference of mean value will yield the desired solution of the problem. Thus, the GBP can
be seen as an algorithm that solves the set of linear equations h = Ju, as well.

The BP message parameters’ initialization under high-order convex decomposition are set to
ug(,?in = EJZZ-CJ- for all (i,5) € £ and u(® = 0.

2.2.3 Message Passing Probabilities of GBP in WSNs

As we have seen in GBP, messages from factor node g; to variable node z; depend on the messages
that were sent to the neighboring variable nodes of the factor node g;. This can be formulated as

my) o, = f (mél;i)xka Vk € V;\ i, VK € Gy \j> : (2.40)
We define ¢y, and c;; as the WSN terminals that g; and x; belong to, respectively, and

Cw‘ = Cy, U ey, U {ka ’Vk S Vj \Z} (2.41)
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the set of WSN terminals that g;, x; and variable nodes with indices k € V; \ 7 belong to. Then
we have the following equation for the probability of message my; ., being updated correctly,

d
prete = 11 (1 =) - pee (2.42)
CECiJ‘
and for p‘;?ns =1, Vi, j, we have
prete = 11 (1=92). (2.43)
CECLJ'
update

Now, we can create the vector p containing elements P, —a; for all (i,7) € £ arranged first on i
and then on j, i.e. containing one element for each edge of the graph. If we diagonalize this matrix,
we get the expected value of the matrix ¥, i.e. diag(p) = P = E[®Y)], as it will be defined in

Section 2.3.

For better understanding we provide the following example. Let’s say we have the following
factor graph with the variables {z1, z2, 23} and the factors {g1, g2, g3, 94}

g1

g5

g2

Figure 2.4

There can be many ways to cluster this PGM into 3 WSN terminals. In the next figure we can see
one of them.

g1 WSN node 1

ey WSN node 2
Tp p—— g3 }—— @ gs
WSN node 3

g4

Figure 2.5
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We have that mg?%m =f (m(gﬁiil,mégjg), hence probability of update of még)_mg is,

phrdate = (1— p)(1 - p)piE™ = (1 - p2")(1 - p5™).

2.3 Affine Updates Convergence

In the previous section we saw that GBP can be reduced to the synchronous affine fixed point
problem 2.29, u(l) = Au(l_l) 4+ c¢. Due to that result, the need of studying the convergence of
the affine fixed point problem arose. We are going to present both synchronous and asynchronous
problems.

2.3.1 Affine Fixed Point (AFP) Problem

Let the real vectors x(9), b € R™ and the real square matrix A € R™ ™. We can from the following
recursion

xU = Ax=D 4 b, 1=1,2,... (2.44)

The solution of this problem is called the fized point and is denoted by x* £ lim;_,. x(—1 =
lim;_ o x®.

Each element of the Equation 2.44 can be expressed as
n
o =N agel T o, =120 k=12, (2.45)
j=1

0

where z,” and by, denote the k-th element of x® and b, respectively, and a;; the element of the i-th
row and j-th column of A. The update of 33,(;) requires all variables ZL‘;Z_I), with respective a; # 0,
from the previous iteration (I — 1) to be known. This constraint results to synchronous scheduling,
since no output update is possible for any element of the vector x at a specific iteration, before all

necessary input is available for all variables.

This strict constraint can be relaxed. In particular, we can assume that at iteration (1) not all
elements of x(™1) are readily available for the computation of the corresponding elements of the
update vector x(!). Then, without waiting for all elements to be updated, we keep the corresponding
values of the previous iteration and we update the vector x(). This results to what we will call
asynchronous scheduling.

The notation from seminal work in [12, 13, 19] is adopted to formally formulate the above. At
each iteration (1), we introduce the functions w,(j), Vk e {1,2,...,n},

U

1, if a3 is updated at iteration (1),
(0 _ { k15 UD 1) (2.46)

0, otherwise.
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Let () the binary vector obtained if we stack all {wg)} , ke {1,2,...,n}, at iteration (I), and

v 2 diag{'z[)(l)} the corresponding diagonal matrix with ¥ at its diagonal. This asynchronous
formulation alters the Equation 2.44, which becomes

<) = @0 (Ax(D 4 b) 4 (1- @ 0) <0

(2.47)

- (\IN)A i . \Il“)) x(=D ¢ gOp,
Notice that if ¥ = I, VI, i.e. ¢,(€l) = 1, VI and Vk, the asynchronous update of Equation 2.47
reduces to the synchronous one of Equation 2.44.

Based on seminal work in [12, 13], we assume that the aforementioned functions 1/1,?) are
Bernoulli random variables, independent across the different iterations (I) but possibly depen-
dent and not identically distributed across k, with parameters py, Yk € {1,2,...,n}. As a result,
we can define the expected value of matrices (), E[@()] 2 P = diag{p}, where p = E[tp?)], a
quantity that as we will see plays a major role in the convergence of recursion in Equation 2.47.

2.3.2 Convergence Conditions

2.3.2.1 Convergence of Synchronous AFP Problem

The convergence of the synchronous affine fixed point problem of Equation 2.44 has been studied
thoroughly in the literature. According to [20, 21], the convergence of the aforementioned update
is determined by the spectral radius of matrix A. More specifically, it is shown that a necessary
and sufficient condition in order for Equation 2.44 to converge is

p(A) < 1. (2.48)

2.3.2.2 Convergence of Asynchronous AFP Problem

Much research has also been conducted on the convergence properties of the asynchronous affine
update of Equation 2.47. In particular, seminal works in [22, 23, 24], which approach the problem
from a state-space recursions’ perspective, and [19], which studies the convergence of an asyn-
chronous variant of Gaussian Belief Propagation, offer sufficient conditions for mean convergence
which are directly applicable to out model.

It can be shown that a sufficient condition for convergence in a mean sense is [19, 22, 23]
p(A) <1 and p(S)<1, (2.49)
where

A=PA-I)+I and S=AxA+(I-P)eP)J(A-1)®(A-1)), (2.50)

with J =31 | (e;el!) ® (ejell) = diag(vec(I)) € R"**n? e; € R™ the i-th standard vector that has

% %

1 at the i-th index and 0 elsewhere and ® the Kronecker product.

19



A convergent synchronous AFP problem may diverge with aynchronicity, and conversely, a
divergent asynchronous AFP problem may converge simply by the use of asynchronicity. The main
difference lies in the notion of convergence. The asynchronous case considers the average behavior
and focuses on a mean sense of convergence. The notion of convergence is more relaxed in the
asynchronous case and therefore the condition is more relaxed, too [22].

It is also important to note that probabilities of update play an important role in the convergence
of asynchronous AFP problem. Namely, the asynchronous system can converge for some set of
probabilities, and it may diverge for some set of others. In fact, the rate of convergence can also
be increased with the optimal selection of the probabilities similar to other randomized algorithms.
These observations will become more clear in Chapter 4.
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Chapter 3

Clustering Methods

3.1 k-Means

k-means algorithm was initially introduced by Macqueen in 1967 [25], and is an algorithm that
separates a given set of points in a metric space to k distinct clusters. The goal of k-means is to
cluster a data set into k groups, so that the sum of distances between each data point and the
center of its group is minimized.

In particular, suppose we have the set S € RY and let k € Z*, the number of desired clusters.
Define C = {C,,Cy,...,C} to be a clustering partition of S, i.e. C; C S, with C; # 0, Vi =
{1,2,...,k}, Ule C; =S and ﬂle C,; = (). Formally, the objective is to solve the optimization
problem

k
argénin f(Cop) = Z Z d(z, pi)

i=1 xcC;

k
st. | JCi=8, (3.1)
=1

k
()Ci=0,
=1

where p; is the average of all points within C; and is called centroid.
The Voronoi Region corresponding to a point p; € RY is the set of all points closest to g, or

V() ={y e RY : d(y,p:) < d(y,p;), Vi # i}

In Algorithm 1 we describe the steps of k-means that solves Problem 3.1. The k-means algorithm
is based on the following two observations:

e Suppose we have some fixed partition of set S and we want to pick the best points for
minimizing the cost. Clearly, these points are the ones that minimize the distance within

each C;, i.e. the pu;’s.
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e Suppose we have k fixed points z1, z9, ..., 2z, and we want to find the best partition of S into
k parts. Then this partition well be defining each C; to be all of the points in the Voronoi
Region of z;, or C; =V (z;) N S.

Algorithm 1: k-Means

Initialize ugo), ugo), e 7u’(€0)

while f(C, ) > e do
fori=1,2,...,k do

C; = V([l,l) ns
Hi = |Cll\ ZXGCZ X
end

3.2 Spectral Clustering

Spectral clustering has become a very popular clustering algorithm. It is simple to implement, can
be solved efficiently by standard linear algebra software, and very often outperforms traditional
clustering algorithms such as the k-means algorithm. On the first glance spectral clustering appears
slightly mysterious, and it is not obvious to see why it works at all and what it really does. In this
section, we will give some intuition on these questions. We will first focus on the math with respect
to breaking data into two clusters and later we will generalize it for more clusters. We will only be
going through unnormalized spectral clustering. For more information on other spectral clustering
methods, see [26]. There are also normalized spectral clustering algorithms originally proposed by
[27] and [28].

3.2.1 Spectral Clustering with 2 Clusters

3.2.1.1 Definitions

Let G = (V,€) be an undirected, weighted graph, with vertex set V = {v1,...,v,}, with |[V| = n.
Define the Weight Matriz, W, of G, to be an n x n matrix where w;; represents the weight between
vertex v; and vertex v;. We make the assumptions about these weights that w;; > 0, w;; = 0 and

w;; = wj;. Given some v; € V, define the weighted degree of v;, as the sum of weights connected
directly to v;,

d(’l)l) = di = Zwij. (3.2)
j=1

Also, define the Degree Matriz, D, of G, as the following diagonal matrix

D = diag{dy,ds, ..., dp}. (3.3)
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Then the Laplacian Matriz, L, of G,

di,  ifi=j
L=D-W=L;; = —uw;, ifi#jandv;isadjacent tov; . (3.4)
0, otherwise

Suppose that A, B C V and define W(A, B) the sum of the weights connecting A and B,

WAB) = > wy. (3.5)

i€A,jEB
Definition 3.1. Given A C V, define the cut of A to be,

cut(A) = W(A, A), (3.6)

where A is the complement of A in V.

Note that cut(A) = cut(A).

We are thinking about how to “best” break a graph into k clusters. One strategy is to minimize
the sum of the weights that we cut through between points when separating the graph. Perhaps,
we could try finding the minimum cut(.A):

argmin  cut(A). (3.7)
ACY

It turns out this is easy to solve computationally, but unfortunately, in practice, this tends to
separate outliers from the rest of the graph, or simply just separats only one node, that is connected
with one edge with the rest of the graph.

We want to try to make cut(.A) small but also keep the cardinality of the two components
balanced.

Definition 3.2. We can define the RatioCut of A to be:

; 1 1 1 1
Rath’ut(.A) = CUt(A) . (W + W) = C'LLt(.A) : (W + Tl——’.A’> (3.8)

Note that <ﬁ + ﬁ) achieves minimum when |A| ~ 5. This ratio can be changed if other
cluster balance is preferred.

So, we could try to find the

argmin  RatioCut(A). (3.9)
ACY
Now we have got something that sounds more reasonable, but unfortunately for us, this problem
is NP-hard. It turns out though that we can work around this issue. With a slight relaxation of
this problem, we’ll be able to take advantage of the eigenvalues and eigenvectors of the Laplacian
to help us. In order to show that, we need to present some more theory.
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3.2.1.2 Basic Properties
Given a subset of vertices A C V, we define the indicator vector 14 = (f1,..., fn) € R” as the
vector with entries f; = 1 if v; € A and f; = 0 otherwise.

According to [26], the following hold:

Proposition 3.1. The matrix L satisfies the following properties:
1. For every vector f € R"™ we have
1 n
fTLf = 3 > wii(fi — £)% (3.10)
i,j=1
2. L is positive semi-definite, thus it is also symmetric.

3. The smallest eigenvalue of L is 0 and the corresponding eigenvector is the constant one
vector, 1.

4. L has n non-negative, real-valued eigenvalues, 0 = A1 < Ay < ... < A\,
Proof. See Appendix B.2. |

Definition 3.3. Let A € R™*™. The spectrum of A, denoted by o(A), corresponds to the
set of the distinct eigenvalues of A, namely o(A) = {A1, A2, ..., Ax}.

Definition 3.4. Suppose A € R"*™ and A\ € o(A) is an eigenvalue of A.

e The geometric multiplicity of X is equal to dimN (A — MI). In other words, it is
the dimension of the span of eigenvectors corresponding to the eigenvalue A, i.e. the
maximal number of linearly independent eigenvectors associated with .

e The algebraic multiplicity of A is the number of times the eigenvalue ) is repeated as a
root of the characteristic polynomial det(sI — A), i.e. the number of times it appears
in the spectrum of A.

e If the algebraic multiplicity of X is equal to the geometric multiplicity of A, then A is
called a semisimple eigenvalue of A.

Because L is diagonalizable, it turns out that the algebraic multiplicity and the geometric
multiplicity are equal, so in this section we will just use the term multiplicity.
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Theorem 3.1 (Number of connected components and the spectrum of L). Let G be an
undirected graph with non-negative weights. Then the multiplicity k, of the eigenvalue 0 of

L, equals the number of connected components Aq, ..., A; in the graph. The eigenspace of
eigenvalue 0 is spanned by the indicator vectors 1 4,,...,1 4, of those components.
Proof. See Appendix B.1. |

Now, we can write the eigenvalues of L as:
0:)\1:‘--:)\k<)\k+1S)\k+2§--'§/\na

where k is the number of connected components of G.

Definition 3.5. Given a graph G and its Laplacian Matrix L, we define:

o the Fiedler Value of L, or algebraic connectivity of the graph G, to be the first non-zero
eigenvalue

e and Fiedler Vector its corresponding eigenvector.

Given a subset A C V, we define the vector f4 = ((f4)1,...,(fa)n)" € R™ with entries

(£4); = V|A|/’A|_ ifUz‘e-/é_t
A VA ifvie A

Proposition 3.2. The vector f 4 satisfies the following properties:
1. RatioCut(A) =1 .f}Lfy,
2. f4 1L 1,,

3. [1£]12 = n.
Proof. See Appendix B.3. |

3.2.1.3 As an Optimization Problem

Our goal is to solve the optimization problem (3.9),

argmin  RatioCut(A). (3.11)
ACY
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We can now rephrase the RatioCut problem that can be equivalently rewritten as,

argmin fILfA
ACY

st. f4 11, (3.12)
[fall = V7.

This is a discrete optimization problem as the entries of the solution vector f4 are only allowed to
take two particular values, and of course it is still NP-hard. The most obvious relaxation in this
setting is to discard the discreteness condition and instead allow f; to take arbitrary values in R.
This leads to the relaxed optimization problem,

argmin f'Lf
feR™

st. 11, (3.13)
£ = v

By the Rayleigh-Ritz theorem [29], it can be seen immediately that the solution of this problem
is given by the vector f which is the eigenvector corresponding to the second smallest eigenvalue
of L (recall that the smallest eigenvalue of L is 0 with eigenvector 1). So we can approximate
a minimizer of RatioCut by the Fiedler vector of L. However, in order to obtain a partition of
the graph we need to retransform the real-valued solution vector f of the relaxed problem into a
discrete indicator vector. The simplest way to do this is to use the sign of f as indicator function,
that is to choose

UiG.A, iffiZ()
UiG.A, iff}<:0

However, in particular in the case of k > 2 treated below, this heuristic is too simple. What most
spectral clustering algorithms do instead is to consider the coordinates f; as points in R and cluster
them into two groups C, C by the k-means clustering algorithm. Then we carry over the resulting
clustering to the underlying data points, that is we choose

1)1'6./4,7 ﬁ(ﬁ eC
UiE.A, iff%G(f

This is the unnormalized spectral clustering algorithm for the case of k = 2.
3.2.2 Generalized Spectral Clustering

In this section we are going to generalize the Spectral Clustering, for more than 2 clusters.

3.2.2.1 Modified Definitions

The relaxation of the RatioCut minimization problem in the case of a general value k, follows a
similar principle as the one above, but we first have to extend the definition of RatioCut to k
dimensions.
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Definition 3.6. We can define the RatioCut of A, in k dimensions, to be:

, cut(A;)
RatioCut(Aq, ..., Ax) = :
(A1 ) ; A
Given a partition V into k sets Ay, As, ..., Ay, we define k indicator vectors h; = (hy j, ..

by,

1
v; € A;
hij; = { lA;7 T

0, otherwise

for i = 1,2,...,n, and define the matrix H € R™** to be
H=[h hy - hy.

Note that H is an orthogonal matrix by construction, that is H' H = I,,.

3.2.2.2 Basic Properties

Proposition 3.3. The vectors h; and the matrix H satisfy the following properties:

T - cut(Ay)
1. b/ Lh; = “4A0,
2. (HTLH);; = h] Lh;,

3. RatioCut(Ay, ..., Ay) = Tr(H'LH).
Proof. See Appendix B.4.

3.2.2.3 As an Optimization Problem

Our goal is to solve the k-dimension optimization problem,

argmin  RatioCut(Ay,..., A).
Ai,. Ag

We can now rephrase the RatioCut problem that can be equivalently rewritten as,
argmin Tr(HTLH)
Aty Ag
st. HH=I,.
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Similar to above, we now relax the problem by allowing the entries of the matrix H to take arbitrary
real values. Then the relaxed optimization problem becomes,
argmin  Tr(H'LH)
HeRnxk (3.19)
st. HH=I,.

Again, a version of the Rayleigh-Ritz theorem [29], tells us that the solution is given by choosing H
as the matrix which contains the first k eigenvectors of L as columns. Again we need to reconvert
the real valued solution matrix to a discrete partition. The standard way is to use the k-means
algorithm on the rows of H. This leads to the general unnormalized spectral clustering algorithm
(Algorithm 2).

Algorithm 2: Unnormalized Spectral Clustering
Input: Similarity Matrix, S € R™*"
Number of Clusters, k

e Construct a similarity graph, as described below. Let W be its weighted adjacency matrix.

e Compute the unnormalized Laplacian L.

Compute the first & eigenvectors uy, ..., u; of L.

Let U € R"*F be the matrix containing the vectors uy, ..., u; as columns.

Fori=1,...,n, let y; € R¥ be the vector corresponding to the i-th row of U.

Cluster the vectors (y;)i=1,..n € R* with the k-means algorithm into clusters Cy, ..., Cg.

Output: Clusters Ay,..., Ay with A; = {j|y; € C;}.

The similarity matrix is a symmetric and non-negative matrix, with elements the pairwise
similarities of our data. When we have a graph that we want to cluster, and not data points that
should be used to construct the graph, the similarity matrix is the same with the adjacency matrix
of our graph. Then giving as input to Algorithm 2 the adjacency matrix, we can construct the
similarity graph by adding edges to connect nodes for which the corresponding value of adjacency
matrix is nonzero. For other methods, where we have data points as input, see [26].

3.3 Mapping PGMs to WSN Terminals

A natural question that arises is how to map the PGMs to the different WSN terminals. In this
work we consider two different approaches with one of them being more useful in our setting, as
detailed below.

The two approaches are:

e Fdge Clustering: First cluster the edges of the PGM and then cluster its nodes.
e Node Clustering: First cluster the nodes of the PGM and then cluster its edges.
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3.3.1 Edge Clustering

At first, we tried to cluster different parts of vector w, as in [12], which has one element for each
edge of the graph.

3.3.1.1 Previous Method

In [12] the method that is being used is the following. Let

S=|:| eB™" (3:20)
s,

denote the binary matrix whose entries are 1 when the corresponding element of matrix A (as
defined in Equations 2.29 and 2.32) is nonzero and 0 otherwise, namely

1, A;; #0,

Sii = 3.21
" {O, otherwise, ( )

where s denotes the i-th row of S. Hence, vectors s; are indicative of which elements of x the
update of z; requires.

Considering all the above, in order to find clusters C; and as a result the appropriate assignment
to the WSN terminals, they utilize k-means algorithm to the rows of S, (s1,s2,...,s,), using the
¢1-norm as the distance metric d(-, -), namely

dx,y) £ |x—ylli, xyeB" (3.22)

Since the vectors s; are binary, then ¢1-norm is equivalent to the Hamming distance, namely the
number of different bits of two vectors.

3.3.1.2 Owur Method

Our method, based on this approach, is the following. Let’s say that the number of factor nodes
in a factor graph, is m. An m x m matrix F is created,

F=|:]| eR™m

Each element F; ; corresponds to the number of common neighboring variable nodes between factor
nodes i and j. The reason why this matrix is useful is that when a factor node sends a message
to a variable node, it needs the messages that are sent from other factor nodes to its neighboring
variable nodes, except the variable node to which it sends the message.
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Random Clustering (k=2)

k-Means Clustering (k=2)

k-Means Clustering (k=2)

g g g
X7 6X8 X7 6X8 X7 6X8
9 9 9 9 9 9
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5 g, 9% 5 g, "9 5 g, "%
95 ¢ X 9 X 9 X
1 2 %y 2 %4 2
94 94 94
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(a) Randomly

Random Clustering (k=3)

(b) Previous Method

k-Means Clustering (k=3)

(¢) Our Method

k-Means Clustering (k=3)

9% 9% 9%
X7 XB X7 XB X7 XB
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o T 3 o TN 3 T 3
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Xg Xg Xg

(d) Randomly

Random Clustering (k=4)

(e) Previous Method

k-Means Clustering (k=4)

(f) Our Method

k-Means Clustering (k=4)

g g g
)(7 6X8 )(7 6X8 x7 6X8
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95 X X 95 L X. 95 X
1 2 1 2 %4 2
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Xg Xg Xg

(g) Randomly

(h) Previous Method

(i) Our Method

Figure 3.1: Edge Clustering Results for the graph that is created when GBP is used to solve a
linear system of equations Mx = s, for M = M.
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(e) Previous Method

k-Means Clustering (k=4)

(f) Our Method

k-Means Clustering (k=4)
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(g) Randomly
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Figure 3.2: Kdge Clustering Results for the graph that is created when GBP is used to solve a
linear system of equations Mx = s, for M = M.
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Considering the above, in order to find clusters C; and as a result the appropriate assignment
to k WSN terminals, we utilize k-means algorithm, with squared Fuclidean distance, to the rows
of F, (f1,...,f,). After the clustering of the factor nodes, we cluster the edges of the graph based
on which factor node they are connected to.

3.3.1.3 Comparison of Methods

In Figures 3.1 and 3.2 we can see the results of the different clustering methods, compared also
with results of a randomly performed clustering, for two different matrices M, as they are defined
in Appendix A.

As we can see, k-means as in [12] creates very big clusters with almost all elements of the graph.
That is because A is a matrix that has lots of rows with all their elements equal to 0, which means
that they all have 0 distance from each other, thus they are being clustered together. Also, we
can see some cases that there are clusters that are empty, which is not preferred for our setting,
because we are going to have WSN terminals that are inactive.

Although our method produced more balanced results than the previous one, there is one more
step that needs to be defined to complete the mapping. We have to not only map the edges of the
PGM but also its nodes. For nodes that connect edges that belong to the same cluster, this step is
easy, we just cluster them in the same cluster with the edges. On the other hand, for nodes that
connect edges that belong in different clusters, this procedure becomes more tricky, as we have to
decide the cluster of the node, among all the different clusters its connected edges belong to, and
furthermore to decide which edges are going to be unclustered so that they can send the required
messages between the WSN terminals. Hence, we turned down this approach and we utilized the
second one to our problem.

3.3.2 Node Clustering

To avoid the problems that we faced using the Edge Clustering, we used the Node Clustering. Here,
we used two different clustering algorithms. The k-means algorithm and the spectral clustering.
The two algorithms are used with different types of inputs.

e To use the k-means algorithm, we have to create a data matrix from the given graph, to give
it as input to the algorithm. The procedure is as follows. Using the adjacency matrix of the
factor graph, we can create the distance matrix D, where D; ; is the length of the shortest path
between node i and node j. This matrix has size (n+m) x (n+m) and each row corresponds
to a node of the factor graph. Thus, we can cluster the rows of D, (di,...,dn+m), to k
clusters, using the k-means algorithm with squared Euclidean distance metric.

e In the case of spectral clustering, we can directly use the adjacency matrix of the graph, as
described in Section 3.2.2.3.

We use the above clustering techniques to cluster the nodes of the graph. Then, the edges which
connect two nodes of the same cluster are also clustered to that cluster and the edges that connect
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Figure 3.3: Node Clustering Results for the graph that is created when GBP is used to solve a
linear system of equations Mx = s, for M = M.
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Figure 3.4: Node Clustering Results for the graph that is created when GBP is used to solve a
linear system of equations Mx = s, for M = Mo.
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Figure 3.5: Node Clustering Results for the graph that is created when GBP is used to solve a
linear system of equations Mx = s, for M = Ms.
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Figure 3.6: Node Clustering Results for the graph that is created when GBP is used to solve a
linear system of equations Mx = s, for M = My.
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nodes of different clusters, stay unclustered. Those unclustered edges are the ones that connect the
clusters between them and send the required messages along the WSN terminals.

In Figures 3.3, 3.4, 3.5 and 3.6 we can see the results of clustering the nodes randomly and with
k-means and spectral clustering, for various values of k.

To compare the clustering results, we have to define what we consider as “better”. This com-
parison is going to become more clear in Chapter 4, but for now, we are going to consider better
the clustering which has less edges connecting different clusters. Hence, we can see that k-means
and spectral clustering perform better than random clustering. Also, spectral clustering performs
slightly better than k-means.

3.4 Autonomous Clustering

In this section we will consider the problem of clustering in autonomous (ad-hoc) networks and we
will present an application of asynchronous graph updates, as proposed in [24]. For this purpose
we will combine the well-known spectral clustering [28], with the node clustering method and the
polynomial filtering proposed in the following.

3.4.1 Polynomial Filtering

0)

Given a Laplacian matrix L and an initial vector x(9, we have the following synchronous affine

updates:
x) = Lx(=1), (3.23)

Vectors x() € RN, where N is the number of nodes in the graph, have an element for each node.
We will use nbr(i) to denote the neighbors of the i*® node. Since L is a local operator, i.e. L;;j =0
when the nodes i and j are not neighbors, a single update can be performed by message passing
only between neighboring nodes [24]. That is,

V= S Lyl vk (3.24)
jenbr(k)

Equation 3.23 has a non-zero fixed point if and only if matrix L has an eigenvalue equal to 1, which
is also semisimple and the rest eigenvalues have a magnitude strictly less than 1 [20]. These affine
update can converge only to the eigenspace of the unitary eigenvalues of the Laplacian matrix.
For the reason that algebraic connectivity Ao of a graph is not equal to 1 in nearly every practical
example, the affine updates of Equation 3.23 are not directly applicable to our problem.

In order to approach this problem, we will use the r*" order polynomial of matrix L,

h(L) = Z hnL™, (3.25)
n=0
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for some set of coefficients h,,’s. Now, we can consider the affine updates on h(L), as follows:
x® = p(@L)x=Y. (3.26)

The corresponding asynchronous updates are:

x = gO (h(L)x(l_1)> + (I - \I'(l)) x(=1) = (\If(l)h(L) +I- \I:(”> x(=1), (3.27)
with W, as defined in Section 2.3.

Polynomials of a matrix are very useful because of the following two reasons. Firstly, the
computation of (h(L)x); requires the i*" node to retrieve information only from its r-hop neighbors,
so if the polynomial is of low order, i.e. 7 has a small value, then h(L)x can be computed locally.
Secondly, L and h(L) have the same eigenvectors, that is,

h(L) = Vh(A)VE, (3.28)

Therefore, a carefully constructed polynomial can manipulate the eigenvalues of L in such a way
that asynchronous iterations on A(L) can be guaranteed to converge to a desired eigenspace of L
even though iterations on L itself fail to do so.

Theorem 3.2. [24] Let \; denote the eigenvalues of a given matrix L. For a specific target
eigenvalue )\;, assume that a polynomial h(-) satisfies the following conditions:

h()\]) =1 and ‘h()\z)| <1V 75 )\j. (329)

Then, asynchronous updates on h(L) as in Equation 3.27 converge to an eigenvector of L
with eigenvalue \; for any amount of asynchronicity 0 < dr < 1°.

“p = ??% r‘lp)] = Nopro JIT/”T, where pr and 0% denote the mean and the variance of the random

)l
quantity 7', which is the number of nodes to be updated at each iteration. o7 = 0 if and only if all the nodes
are updated in each iteration, and dr = 1 if and only if exactly one node is updated in each iteration.

Theorem 3.2 tells that an arbitrary eigenvector of the graph can be computed in a decentralized
manner, if a low order polynomial satisfying Equation 3.29 is constructed.

3.4.1.1 The Optimal Polynomial

In this section we consider the construction of the polynomial that has the largest gap between
the unit eigenvalue and the rest [24]. In order to represent the condition 3.29 in the matrix-vector
form we will use a vector of length r + 1 to denote the polynomial in Equation 3.25, that is,
h = [hg---h,]". Also, let ® be a Vandermonde matrix constructed with the eigenvalues of L in
the following form:

1 A A2
1 A A2 . )

S 2 e RVx(D), (3.30)
1 Ay A% - AR
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In the case of repeated eigenvalues, the repeated rows of the matrix ® are removed. Let ¢; denote

the row of ® corresponding to the target eigenvalue );, and let <i>j denote the remaining rows of
P.

In order to find the optimal 7" order polynomial satisfying conditions in Theorem 3.2, we
consider the following optimization problem:

maﬁ( C
®,h] < (1-0)1

where c is a scalar representing the gap between the unit eigenvalue and the rest.

First of all notice that the constraints in the optimization problem 3.31 are linear due to the
fact that ® and h are real valued. The objective function is linear as well. Hence, it is a linear
programming problem that can be solved efficiently given the eigenvalue matrix ®.

The constraints of the problem enforce the polynomial to satisfy the desired condition in The-
orem 3.2, while the objective function maximizes the distance between the unit and non-unit
eigenvalues of h(L). Therefore, the formulation in the problem searches for the polynomial that
yields the fastest rate of convergence among all polynomials of order r satisfying its constraints.
Hence, we will refer to the solution of the optimization problem 3.31 as the optimal polynomial.

3.4.1.2 Spectrum-Blind Construction of Suboptimal Polynomials

The locality of the updates needs only to be compromised marginally [24], as the following theorem
shows that r = 2 is sufficient to satisfy the condition in 3.29.

Theorem 3.3. [24] Assume that the matrix L has real eigenvalues )\; € R. For a given target
eigenvalue \;, the condition in 3.29 is satisfied by the following second order polynomial:

h(A) =1 —2¢e(X — X;)?/s7, (3.32)
for any € in 0 < € < 1 and s; satisfying the following:

> :— Ail. :
Sj Z 121%)](\[ [Ai = Aj (3.33)

Notice that in Equation 3.32 there is a free parameter, €, which can be tuned to increase the
gap between the eigenvalues. Thus, the polynomial given in Equation 3.32 is not guaranteed to
be optimal in general. It merely shows that a second order polynomial satisfying condition 3.29
always exists, which also implies the feasibility of 3.31 in the case of r = 2, or larger.

Although the solution of 3.31 provides the optimal polynomial, it requires the knowledge of
all the eigenvalues of L. Such information is not available and difficult to obtain in general. By
compromising the optimality, we can construct second order polynomials satisfying 3.29 without
the knowledge of all eigenvalues of L, except the target eigenvalue A;.

39



First of all notice that a value for the coefficient s; can be found using only the minimum and
the maximum eigenvalues of the operator,

Sj = max{)\max — )\j, )‘j — )\mjn} (334)

In fact s; can be satisfied by using an appropriate upper bound for Ay.x and lower bound for
Amin- We can use the largest degree dmax of the graph, to select s; for the following operators.

o The Laplacian: the eigenvalues are bounded as 0 < \; < 2d,.x. Hence,
55 = duna + |\ + d- (3.35)
o The Adjacency: the eigenvalues are bounded as —dpax < \; < dmax- Hence,
85 = dmax + |Aj]- (3.36)
e The Normalized Laplacian: the eigenvalues are bounded as 0 < A\; < 2. Hence,

sj=1+|\ —1]. (3.37)

Thus, the polynomial in Equation 3.32 can be constructed using only the target eigenvalue A;.

3.4.2 Implementation

As explained in Section 3.2, given a graph, the second smallest eigenvalue of its graph Laplacian,
A2, is known as the algebraic connectivity of the graph [30]. Roughly speaking, graphs with larger
A2 tend to be more “connected” than others. Furthermore, the corresponding eigenvector v, also
known as the Fiedler vector, can be utilized to cluster the graph into two partitions. The vector y
computed as

y = sign(va), (3.38)

indicates the corresponding clustering of nodes.

In order to compute the eigenvector vy of the Laplacian, we utilize the idea of asynchronous
polynomial filtering. For this purpose Ao will be selected as the target eigenvalue. As a result,
nodes will be able to identify the cluster they belong to in an autonomous manner. In this work
we make the standing assumption that the algebraic connectivity Ao is known. Such an assumption
is plausible for static networks since it can be inferred in a distributed way by several algorithms
[31, 32, 33, 34].

The implementation that we use is not the same as the communication protocol that is described
in Algorithm 1 in [24]. Our implementation is based on the asynchronous scheduling that is
described in Section 3 and in [12, 13, 19], in the contrary that here x represents node and not edge
values.

At first, we randomly cluster the nodes of the graph to the WSN terminals. Then, we assign
probabilities of update for each node based on the terminal they belong to and its probability of
being in energy outage. Finally, we perform affine updates utilizing synchronous and asynchronous
scheduling, as in Equations 3.26 and 3.27, respectively.
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3.4.3 Results

For the matrices M in Appendix A, we run the autonomous clustering for 4 different schedulings.

(i) For p1 = pa = 1, i.e. synchronous scheduling.

(ii) For p; = 0.4958, pe = 0.8295, where p; and po are the probabilities of terminals 1 and 2,
respectively, not being in energy outage.

(iii) For p; = p2 = 0.5.
(iv) For ép =1, i.e. only one element of x is being updated in each iteration.

Experimental results of convergence rate of the algorithm can be seen in Figure 3.7 and the clustered
graphs in Figure 3.8
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Figure 3.7: Convergence rate of Autonomous Clustering for the graph that is created when GBP
is used to solve a linear system of equations Mx = s, which are obtained by averaging over 10
independent experiments. In the figures we can see the average fraction of incorrect signs of the
computed vector from the Fiedler vector.
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Chapter 4

Simulations

Following Section 2.2.2; our task is to solve the linear system of equations
Mx =s. (4.1)

In all the experiments we assume that s = 1 (all one vector) and M is one of the matrices that
are provided in Appendix A. As described in the aforementioned Section, it is possible to find the
solution of 4.1,

-1
x = (MTM> M's, (4.2)
inferring the expected value of the distribution
1
p(x) x exp {—2XTMTMX + STMX} , (4.3)

using Gaussian Belief Propagation.

4.1 Minimization of Convergence Time

4.1.1 Minimization using Clustering

In this section, we present experimental results of the convergence rate of Gaussian Belief Propa-
gation when it is utilized to solve linear systems of equations. We want to compare its performance
when the produced graph that GBP uses, is clustered using random clustering, k-means, spectral
clustering and autonomous clustering.

We present experimental results for GBP solving a linear system of equations in an asynchronous
manner. In particular, we plot the estimation of the per iteration expected value ||E[e(]||s using
20 independent experiments. At iteration (), the error e is defined as

e 2 el (4.4)
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where € is the vector that is constructed if we stack all belief means, according to Equation 2.27
and x 2 (M"M) 1M s, the least squares solution of the system.

More specifically, Figures 4.1, 4.2, 4.3 and 4.4 present results for random clustering, k-means,
spectral clustering and autonomous clustering when we have 2, 3 or 4 WSN terminals. In these
figures all the terminals have equal probabilities of update (p = 0.5), in order to have comparable
results.

We see that clustering the nodes of the PGMs with different clustering methods can heavily alter
the behavior of the algorithm. For instance, notice in Figures 4.1, 4.2, 4.3 and 4.4 that k-means,
spectral and autonomous clustering experiments converge much faster than random clustering.
Especially, in most cases, spectral clustering creates a mapping with which GBP has a much faster
convergence. This is something that needs further theoretical examination.
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Figure 4.1: M;
Convergence of asynchronous Gaussian Belief Propagation for different clustering methods and
different number of clusters. In particular, we present results for WSNs with terminals which have
probabilities of update equal to 0.5.
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Figure 4.2: M;
Convergence of asynchronous Gaussian Belief Propagation for different clustering methods and
different number of clusters. In particular, we present results for WSNs with terminals which have
probabilities of update equal to 0.5.
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Figure 4.3: M3
Convergence of asynchronous Gaussian Belief Propagation for different clustering methods and
different number of clusters. In particular, we present results for WSNs with terminals which have
probabilities of update equal to 0.5.
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Figure 4.4: My
Convergence of asynchronous Gaussian Belief Propagation for different clustering methods and
different number of clusters. In particular, we present results for WSNs with terminals which have
probabilities of update equal to 0.5.
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4.1.2 Minimization using Spectral Radius

Intuitively, there should be a link between the spectral radius of the iteration matrices A and A
(as defined in Section 2.3), for the synchronous and asynchronous cases, respectively, and the rate
of convergence. In the following, we present proofs for a special case of matrices, those with all
their eigenvectors independent (which is something that holds for most of the matrices). Generally,
for various matrices, we observe the same thing experimentally, which is something that holds for
the matrix S, too. Matrices A, A and S are defined in Section 2.3.

4.1.2.1 Theory

Theorem 4.1. (Synchronous Case)
Suppose that the n x n matrix A has n linearly independent eigenvectors, then the Syn-
chronous Affine Updates converge faster to the fixed point, for smaller spectral radius, p(A).

Proof. See Appendix B.5. |

Theorem 4.2. (Asynchronous Case)
Suppose that the n x n matrix A has n linearly independent eigenvectors, then the Asyn-

chronous Affine Updates converge faster to the fixed point, for smaller spectral radius, p(A).

Proof. See Appendix B.6. |

In Theorem 4.2 the convergence of the asynchronous case considers the average behavior of
the affine updates, as the norm of the expected value of the error is the quantity that is being ob-
served. The concept of the different notion in convergence, between synchronous and asynchronous
scheduling, is further described in Section 2.3.

4.1.2.2 Numerical Results

The above theoretical results can be shown experimentally, too. For synchronous scheduling, we
can see in Figure 4.5, that the affine updates,

x = Ax(=D 4 p, (4.5)

converge faster to the fixed point, for smaller spectral radius, p(A), confirming Theorem 4.1. As
in the synchronous case, in Figure 4.6 we can also see that in the asynchronous case the affine
updates,

<0 = ($OA 41— w0) x) £ g Op, (4.6)
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where E [\I!(l)] = P, Vi, converge faster to the fixed point, for smaller spectral radius, p(A),

confirming Theorem 4.2. Furthermore, we can see that the same holds for p(S), something that we
have not proven theoretically yet.

Convergence of Synchronous Affine Updates
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Figure 4.5: Convergence rate of the synchronous affine fixed point problem for different values of
p(A), for random matrices A.
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Figure 4.6: Mean 100 experiments of the convergence rate of asynchronous affine fixed point problem
for different values of p(A) and for different values of p(S), for two different matrices P.
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4.1.2.3 A Solution to the Problem

The problem we want to solve is that of minimizing the convergence time of the affine updates of
asynchronous scheduling. As we have seen, to do that we can minimize the spectral radius, p(A).
Thus, we want to find the proper combination of probabilities of update, for each cluster of nodes,

such that we get the minimal p(A).

We can approximate the solution of this problem experimentally. To do this, we get possible
combinations of probabilities of update, based on the number of clusters we have. After that
we compute p(A), and find the combination of probabilities that minimizes it. In Figures 4.9,
4.10, we can see the values of p(A) and p(S), for the matrix A that is generated using matrices
M1, My, M3 and My, as they are defined in Appendix A, when GBP is used to solve a linear
system of equations. All possible combinations of probabilities of update are examined, using the
values in vector [0.1 : 0.1 : 1], for different values of k. Also, in Figures 4.7, 4.8, we can see similar
results but for terminals that have equal probabilities, to get a clearer result. As we can see the

minima of p(A) and p(S) are different in some cases, but mostly close to each other.

In all of the experiments performed, first we clustered the generated graph using spectral clus-
tering. The clustering is required to compute the probabilities of update for each edge of the graph,
which are used in matrix P.
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Figure 4.7: Experimental computation of p(A) and p(S), for the matrix A that is generated using
matrix M;. Here we present the results only for clusters with equal probabilities of update, using
the values in vector [0.1: 0.1 : 1], for different values of k.
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Figure 4.9: Experimental computation of p(A) and p(S), for the matrix A that is generated using
the matrix M; and possible combinations of probabilities of update. All possible combinations of
probabilities of update are examined, using the values in vector [0.1 : 0.1 : 1], for different values
of k.

53



0.8
0.1 0.3 0.5 0.7 0.9 0.1 0.3 05 0.7 09 0.1 0.3 05 0.7 09 0.1 0.3 0.5 0.7 09 0.1 0.3 0.5 0.7 0.9 0.1 0.3 0.5 0.7 0.9 0.1 0.3 0.5 0.7 0.9 0.1 0.3 05 0.7 09 0.1 0.3 0.5 0.7 0.9 0.1 0.3 0.5 0.7 0.9
0.1 0.1 0.1 0.1 0.1 0.2 0.2 0.2 0.2 0.2 0.3 0.3 0.3 0.3 0.3 0.4 0.4 04 04 04 05 05 0.5 0.5 05 0.6 0.6 0.6 0.6 0.6 0.7 0.7 0.7 0.7 0.7 0.8 0.8 0.8 0.8 0.8 0.9 09 09 09 09 1.0 1.0 1.0 1.0 1.0
[p1;p2]
(a) M2

0.95 ' m// “j“

09—

0.85—

0.8
0.1 0.3 0507 09 01 03050709 01030507 09010305 0.7090103050.709 01030507 0901030507090103050709 010305070901 03050709
0.4 04 04 04 04 05 05 05 05 05 06 06 06 06 0.6 0.7 0.7 0.7 0.7 0.7 0.8 0.8 0.8 0.8 0.8 0.9 0.9 0.9 0.9 0.9 1.0 1.0 1.0 1.0 1.0

0.1 0.1 0.1 0.1 0.1 0.2 0.2 0.2 0.2 0.2 0.3 0.3 0.3 0.3 0.3
[p15p2]
(b) Ms
P 1
. A A A A AN AN A
/\ | \ [ i
0.95 — ! \ N | | il
i R A [ [ & A H N
[ \ \ /A
[ | \ | N/
09— A f | \ | IR /
A—h—h | | & [\
S \ \ ‘ \ [
0.85 — | \ | \ |
| \
| \ |
‘ \ \
08— | |
| | |
S I I S A O S O S A O
0.1 0.3 0.5 0.7 0.9 0.1 0.3 0.5 0.7 0.9 0.1 0.3 0.5 0.7 0.9 0.1 0.3 0.5 0.7 0.9

0.75
0.1 0.3 0507 09 0.1 03 05 0.7 09 0.1 0.3 05 0.7 09 0.1 0.3 05 0.7 09 0.1 0.3 0.5 0.7 09 0.1 0.3 0.5 0.7 0.9
0.1 0.1 0.1 0.1 0102 02020202 03030303 03040404 04040505050505 06060606 060.70.7070.70.70.8 0.8 080808 0909090909 1.01.010 1.0 1.0

[p1;p2]
(C) M4

Figure 4.10: Experimental computation of p(A) and p(S), for the matrix A that is generated using
matrice My, Mg and My. Here all possible combinations of probabilities of update are examined,

using the values in vector [0.1: 0.1 : 1], for k = 2 clusters.
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4.1.2.4 Simulations with Gaussian Belief Propagation

In this section, we present for one more time experimental results of the convergence rate of Gaussian
Belief Propagation when it is utilized to solve linear systems of equations. We want to compare
its performance when the produced graph that GBP uses, is clustered using random clustering,
k-means, spectral clustering and autonomous clustering.

We present experimental results for GBP solving a linear system of equations in an asynchronous
manner. In particular, we plot the estimation of the per iteration expected value ||E[e(]||s using
20 independent experiments, with the error e as defined in Equation 4.4.

In Figures 4.11, 4.12, 4.13 and 4.14 we present results for random clustering, k-means, spectral
clustering and autonomous clustering when we have 2, 3 or 4 WSN terminals. We used as prob-
abilities of update of each WSN terminal, the experimental values of the optimal probabilities as
they can be seen in Figures 4.7 and 4.8, in the previous section. The values that are used in our
experiments are presented in Table 4.1.

k=2|k=3|k=4
M, | 07 0.7 0.8
M, | 08 0.8 0.8
Ms | 09 0.9 0.9
My 1 1 1

Table 4.1: Optimal probabilities of update, as obtained from experimental results in Figures 4.7
and 4.8.

We can see in Figures 4.11, 4.12, 4.13 and 4.14 that for the optimal probabilities of update, we
have faster convergence than we had before with p = 0.5 for all terminals. The amazing result here
is that for those probabilities we have about the same convergence rate even in the case of random
clustering! Again, this is something that needs further theoretical examination.
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Figure 4.11: M,
Convergence of asynchronous Gaussian Belief Propagation for different clustering methods and
different number of clusters. In particular, we present results for WSNs with terminals which have
probabilities of update equal to the optimal probabilities that can be found in Figures 4.7 and 4.8.
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Figure 4.12: My
Convergence of asynchronous Gaussian Belief Propagation for different clustering methods and
different number of clusters. In particular, we present results for WSNs with terminals which have
probabilities of update equal to the optimal probabilities that can be found in Figures 4.7 and 4.8.
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Figure 4.13: M3
Convergence of asynchronous Gaussian Belief Propagation for different clustering methods and
different number of clusters. In particular, we present results for WSNs with terminals which have
probabilities of update equal to the optimal probabilities that can be found in Figures 4.7 and 4.8.
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Figure 4.14: My
Convergence of asynchronous Gaussian Belief Propagation for different clustering methods and
different number of clusters. In particular, we present results for WSNs with terminals which have
probabilities of update equal to the optimal probabilities that can be found in Figures 4.7 and 4.8.
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4.2 Minimization of Energy Consumption

We can define the following optimization problem

min  Energy Consumption (47)
st. p(A)<1 and p(S)<1 '

Each WSN terminal consists of a Silab’s Thunderboard Sense 2 (EFR32MG12 IC) embedded
module, and according to previous work of our group [35], the cost of each operation (sum/product)
is much smaller than the communication cost:

e Operation Cost ~ 1nJoule,

e Communication Cost ~ 6.5 mJoule.
The number of operations that are being done are almost the same for every run of the algorithm
(almost, because they depend on the random quantity ¥) and independent of the clustering. On
the other hand, the number of messages that are being sent between WSN terminals are different
for each clustering and depend on the number of edges that connect the WSN terminals. Thus, we

should minimize the Communication Energy Consumption, i.e. the number of edges that connect
the WSN terminals, which is minimized by minimizing the RatioCut.

Hence, problem 4.7 is equivalent to

min Communication Energy Consumption

_ , (4.8)
st. p(A)<1l and p(S)<1
which is equivalent to
min Connecting Edges (4.9)
st. p(A)<1 and p(S)<1’ '
which is equivalent to
min RatioCut
(4.10)

st. p(A)<1 and p(S)<1’

As we saw in Section 3.2, the minimization of RatioCut is a problem that can be solved using
spectral clustering. In our problem we have also the constraint of p(A) < 1 and p(S) < 1. Thus,
to use spectral clustering, we can relax our problem by removing the constraints. Then, we have

two possible cases for the probabilities of update of each WSN terminal.

e We can have fixed probabilities for each terminal. In that case, after the clustering is per-

formed, we can just check if the constraints p(A) < 1 and p(S) < 1, are fulfilled.

e We might not have fixed probabilities for each terminal. Then we have to set their values.
In that case, after the clustering is performed, we can select a set of probabilities which suits
our constraints, as we are going to see in Section 4.1.
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We want to see the total energy that is consumed by GBP in solving linear systems of equations,
until we reach a certain threshold in the error between the least squares solution of the system
and the computed solution. We run 20 experiments, with equal probabilities of update for all
terminals (p = 0.5), to make it comparable for the different number of clusters, k& = 2,3,4, and
threshold = 107°. In Figure 4.15 we can see the mean value of energy consumption for random
clustering, k-means, spectral clustering and autonomous clustering.
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Figure 4.15: Experimental computation of energy that is consumed by GBP in solving a linear
system of equations Mx =s. Specifically, we run 20 experiments, with equal probabilities of
update for all terminals (p = 0.5), for k = 2, 3,4, threshold = 1075 and for 4 different matrices M.

Afterwards, we used the probabilities that minimize p(A), which can be found from Figures 4.7
and 4.8. Again, we run 20 experiments, for k = 2, 3,4 and threshold = 10~°. In Figure 4.16 we can
see the mean value of energy consumption for random clustering, k-means, spectral clustering and
autonomous clustering.

As we can see in Figures 4.15 and 4.16, in most cases, when the number of clusters gets bigger,
the energy consumption also increases. We can see that for spectral clustering, for Mo and My
energy consumption is almost equal between k = 3 and k = 4. Also, in most experiments spectral
clustering performs better than the others, and autonomous clustering has a performance close to
both k-means and spectral clustering.
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Figure 4.16: Experimental computation of energy that is consumed by GBP in solving a linear
system of equations Mx = s. Specifically, we run 20 experiments, with the optimal probabilities of
update, as they can be found from Figures 4.7 and 4.8, for k = 2,3, 4, threshold = 107> and for 4
different matrices M.
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Chapter 5

Conclusions and Future Work

In this work our goal is to map the Probabilistic Graphical Models (PGM) to Wireless Sensor
Networks’ (WSN) terminals, in order to solve the affine fixed point problem

x = Ax=D 1+ b (5.1)

in a distributed manner, without any cloud/edge computing support. Since WSNs may not have
sufficient power for the computations and some nodes may fail to operate, asynchronous scheduling
needs to be utilized.

We considered a famous inference algorithm, Gaussian Belief Propagation (GBP), which can
be modeled using Equation 5.1. We used this algorithm to solve linear systems of equations. To
do so in an asynchronous manner and in form of an actual WSN, we had to map the produced
graph to the nodes of the network. Thus, we presented two different approaches of clustering; the
edge clustering and the node clustering, with the latter prevailing. Afterwards, we presented an
autonomous, in-network clustering that reaches the performance of k-means and spectral clustering.
Furthermore, we showed that non-random mappings achieve better performance in terms of energy
consumption, especially when the PGM is clustered by the spectral clustering algorithm. Finally,
we provided a strong relation between spectral radius and convergence rate and showed that when
we choose the right set of probabilities of update, for the WSN terminals, we achieve the fastest
convergence to the fixed point, independently of the clustering!

One interesting future direction of this work is to generalize the autonomous clustering algorithm
to more than 2 clusters and also to find a way to compute the algebraic connectivity Ay in an
asynchronous manner. Another direction could be to integrate the matrix A in the clustering
procedure, as the affine updates are based on this matrix and its non-zero elements. In addition,
more inference algorithms could be studied such as Kalman filtering, which can be viewed as a
special case of GBP in Hidden Markov Networks (HMNs), or the Viterbi algorithm for sequence
detection in communication problems, which can be viewed as a special case of max-product in
HMNs, or Expectation-Maximization and many more.

63



Appendix A

Matrix M

In this Appendix we present the matrices M that were used in our experiments, in order to solve
the linear system of equations Mx = s, with s = 1 (all one vector). Also, in Figures A.1, A.2, A.3
and A.4 we can see the graph that is being generated from each matrix.
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Appendix B

Proofs

B.1 Proof of Theorem 3.1

(The proof is based on [26].)
We start with the case of kK = 1, that is the graph is connected. Assume that f is an eigenvector
with eigenvalue 0. Then we know that,

0=fLf = wi;(fi—f;)"

ij=1

As the weights w;; are non-negative, this sum can only vanish if all terms w;;(f; — f;)* are equal
to zero. Thus, if two vertices v; and v; are connected (i.e., w;; > 0), then f; needs to equal to f;.
With this argument we can see that f needs to be constant for all vertices which can be connected
by a path in the graph. Moreover, as all vertices of a connected component in an undirected graph
can be connected by a path, f needs to be constant on the whole connected component. In a graph
consisting of only one connected component, we only have the constant one vector 1 as eigenvector
with eigenvalue 0, which obviously is the indicator vector of the connected component.

Now consider the case of k connected components. Without loss of generality we assume that
the vertices are ordered according to the connected components they belong to. In this case, the
weight matrix W has a block diagonal form, and the same is true for the matrix L:

Ly 0 --- O
L= F’ L
: . .0

Note that each of the blocks L; is a proper graph Laplacian on its own, namely the Laplacian
corresponding to the subgraph of the i-th connected component. As it is the case for all block
diagonal matrices, we know that the spectrum of L is given by the union of the spectra of L;, and
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that the corresponding eigenvectors of L are the eigenvectors of L;, filled with 0 at the positions
of the other blocks. As each L; is a graph Laplacian of a connected graph, we know that every
L; has eigenvalue 0 with multiplicity 1, and the corresponding eigenvector is the constant one
vector on the i-th connected component. Thus, the matrix L has as many eigenvalues 0 as there
are connected components, and the corresponding eigenvectors are the indicator vectors of the
connected components.

B.2 Proof of Proposition 3.1

(The proof is based on [26].)

(1) By the definition of d;,

FILE = Df —£TWE =D diff — > fifjwi
=1 1,7=1

n

de2 QZfzfjw2]+de2 :%Zwij(fi_ij'

i,j=1 1,j=1

(2) L is symmetric as the sum of 2 symmetric matrices and positive semi-definite as we shown,
for Property (1), that fTLf > 0, Vf € R".

(3) If L has an eigendecomposition LV = VA, columns in V are eigenvectors, and A is a diagonal
matrix with the eigenvalues. We can easily rewrite the eigendecomposition as VLV = A,
with each element of A, \; = ’UZT Lv, = A\ = viT Luv; > 0, because L is positive semi-definite.

Because the sum of all rows of L is 0 (Equation 3.2), the rows are linearly dependent, thus
the matrix is not full rank. So, there should be at least one eigenvalue that is 0. Also, from
Equation 3.2, it follows that the corresponding eigenvector is the constant one vector, 1.

(4) A direct consequence of Properties (1) - (3).

B.3 Proof of Proposition 3.2

(The proof is based on [36].)

(1) We proved that

1 n

T 2

£ Lf= 5'2 Cwii(fi — f7)°
i,j=1

thus,

fLf4 = = wa (F4)i — (£2);)%,

1,5=1
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It is clear that, when v;,v; € A or v;,v; € A, it holds that (f4); — (£4); = 0.
So we can write,

n n

fALf A = % > wig((fa)i — (£4)))* + % Yo wig((Ea)i - (£)))

i,j v €AV EA ij v €AV EA

<¢:§ - WD
ot () it -t
o [ )

| Al |A|> <n — Al | JA[+n—|A] )
= cut — 4+ 2+ — . — 1
cut(A) - (A| + 2+ A cut(A) A + A +

= cut(A) - (A\ 1+’A’—|—1>:n-cut( )(,jlﬂju)

=n - RatioCut(A)

= RatioCut(A) = % fLLf 4.
(2)
|A| |A| |A| - |AJ]2 |Al - |A|? - -
fi-1,=1A A — = =/|A|-|A| —1/|A] - |A
aet = AN - 1AL = S =V - a1
fi-1l,=0&1f,411,.
(3)
- Al |A| -
407 = «4’ + A A+ Al =n
14> =D (Fa)F = ||]A] ||\A\ Al + [A]

=1
B.4 Proof of Proposition 3.3

(The proof is based on [36].)

(1) We have proved that f'Lf = %Z” w;j(fi — fj)? for any f. Thus we know that h] Lh; =
%Z” wij(hig — hj7l)2. By construction of hy, if 4,5 € A; or 4,5 € A, then h;; — hj; = 0.
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Hence,

1 1
thth = 5 Z wij(hi,l — 0)2 + 5 Z wm(O — hj,l)2
i€AjEA i€ A jEA

2 2
1 1 1 1
5 T () o e ()
2 €A jEA, Al 2 €Ay jEA, Al

_ % ((%) ccut(A)) +% (@) - cut(A)
cut(A;

|A|

= h/Lh; =

(2) Obvious.

(8) RatioCut(Ar,..., Ay) = ¥I, “H4) = ¥ b/ Lh, = SF | (H'LG); = Ti(H'LG).

B.5 Proof of Theorem 4.1

(The proof is based on [36].)
Suppose that A is an n X n matrix with n linearly independent eigenvectors, and the synchronous
affine updates,

x® = Ax(+=D 1 p, (B.1)
If x®) — x* for k — oo, then x* satisfies x* = Ax* + b, hence,

xF) —x* = A (x(kfl) — x*) . (B.2)

We define the error e®) £ x(*) — x* and we have,
e) = AelF—1), (B.3)

Since eigenvectors are linearly independent, they form a basis and thus we can write e(® =

> i, a;z;, where z; are the eigenvectors with associated eigenvalues \; of A. Then
n n n
e(l) = A (Z a/izi> = Z aiAZi = Zai)\iziy
i=1 i=1 i=1
n n n n
6(2) = A2 (Z aizi> =A (Z aiAzZ-) = Zai)\iAzi = Z ai)\?zi,
i=1 i=1 i=1 =1

e(k) = Ak (zn: aizi) = zn: aiAkzi = Zn: ai)\fzi. (B.4)
i=1 =1 =1
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Suppose that p(A) = |A\,| > |Ni|, Vi=1,...,n —1, then

n—1 n—1 ) k
e®) — an/\:szn + Zai)\fzi = )\,’2 (anzn + Z a; <))\\;> zz-) . (B.5)

i=1 i=1

k
Given that < 1, for large k we have that (i‘—;) ~ (0, hence

Ai
An
e® ~ X\eq,z,. (B.6)

Now for the norm of the error, for large k, we have that

1™ = I Ananzall < [Xianl||zall, (B.7)
z, is an eigenvector of A, so ||z,|| = 1. Hence,
1™l < [Xran| < Mal*lan] = €M) < p(A)Fan]. (B.8)

Thus, for smaller spectral radius, p(A), we have faster convergence.

B.6 Proof of Theorem 4.2

Suppose that A is an n X n matrix with n linearly independent eigenvectors, and the asynchronous
affine updates,

<®) — k) ( Axk=D 4 b) (1= w0)xt=D)

- (\Il(k)A +I- x11<k>) x=1) 4 wk)p

= BWx*ED) L Wy for B®) = WA 41— k), (B.9)
If x() — x* for k — oo, then x* satisfies x* = B¥)x* + (b, hence,

x*) — x* =B (x(k_l) - x*) (B.10)
We define the error e® £ x*) — x* and we have,
e — Bk gk—1)
= Ele®™] = EB®e 1] = EB®E[e* Y], (B® e*Y independent)

= Ele®] = (PA-I)+1)-E[e* V], (EB®]=PA-1)+1I)
= Ele®] = A -Ele* V], (A=PA-1I)+1)) (B.11)

We can write e(® = Z?:l a;z;, where z; are the eigenvectors with associated eigenvalues \; of A.
Then

EleV] = A -Ee”]=A-E [Z aizi] =E [Z a;Az;| =E
i=1 i=1
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E[e(2)] =A?. E[e(o)] =A’.E Zaizi =E ZaiAQZi] =E [Z ai)\?zi] ,
Li=1 i Li=1 i=1

=E

E[e(k)] — Ak . E[e(o)] — Ak . E Zaizi — E ZaiAkZi
Li=1 i Li=1

Zai)\fzi] . (B.12)
i=1

Suppose that p(A) = |\, > [N, Vi=1,...,n — 1, then

n—1 n—I1 k
s
(k)] — k E Aoz | = E [ A\E E e . B.1
EleW] =E |ay A}z, + 2 a; 1Zz] [ ol anzy + 2 a; " Z; (B.13)
A i k
Given that <1 for large k we have that (ﬁ) ~ 0, hence

Ele®] ~ E [A’;anzn} = N a2, (B.14)

Now for the norm of the error, for large k£, we have that

[ [e®]|| = IXsanzall < [\:anllizall, (B.15)
z,, is an eigenvector of A, so ||z,| = 1. Hence,
HIE [e(k)] H <IN an| < Pal¥lan] = HE [e<k>] H < p(A)¥|an]. (B.16)

Thus, for smaller spectral radius, p(A), we have faster convergence.
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