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This dissertation discusses the performance and convergence of a family of algo-

rithms for distributed iterative approximate statistical inference called expectation

propagation algorithms [I, 2]. Notable examples of expectation propagation in-
clude the turbo decoder[3, 1, 5, 6, 7], Gallager’s algorithm for the soft decoding of
LDPC codes[3, 9, 10], the Kalman filter [1 1], the forward backward algorithm][12],
and belief propagation [13, 11]. These algorithms were heuristically proposed and

neither their convergence behavior nor the mechanism behind their good perfor-
mance is well understood. After covering special cases in which the algorithms
can be shown to converge to the optimal values, we provide a novel performance
framework which shows that the stationary points of the expectation propagation
algorithms solve a constrained maximum likelihood optimization problem. We also
show that the stationary points of expectation propagation are critical points of
a constrained statistics based Bethe free energy. We then discuss duality and the
relationship between the two generic optimality frameworks. Continuing on, we
next study the mechanism of convergence behind expectation propagation, and
discover that it may be interpreted both as a nonlinear block Gauss Seidel method
[15, 16], on the gradient of the Lagrangian as well as a variant of Dykstra’s algo-

rithm [17] with iterated Bregman projections|18]. Some limited convergence results



are provided via the nonlinear block Gauss Seidel interpretation. Throughout the
dissertation, we take care to apply the abstract theory to particular well known
members of the expectation propagation family, most notably the belief propaga-
tion decoder and the turbo decoder. The dissertation concludes with a discussion

of several avenues that the work therein has opened up for further research.
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Chapter 1

Introduction

Methods for approximate distributed statistical inference have become of increased
interest in engineering in the past decades due to increasing performance demands
and the desire to accurately estimate and decode data using algorithms which re-
quire a limited amount of delay and computation complexity. Within the context
of digital communications especially, the high cost of bandwidth and the increasing
data rate needs of users have driven researchers to search for means of increasing
spectral efficiency through better error control coding. Again within that arena,
the turbo decoder|3, 1, 5, 6, 7], one such method for approximate distributed statis-
tical inference, met with great success, bringing spectral efficiencies closer than ever
before to the theoretical limits set out by Shannon[21]. The discovery of the equiv-
alence of turbo decoding with belief propagation and the subsequence rebirth and
increased interest in the soft iterative decoding of low density parity check (LDPC)
codes[s, 9, 10], another method for approximate statistical inference, also provided
communications engineers with decoding algorithms that were implementable in
hardware that could achieve performance very near to theoretical limits. Turbo
equalization [25, 26, 27] and synchronization [28, 29, 30], again algorithms for
distributed approximate statistical inference, allowed receiver designers to cope
with the non-idealities of real fading channels. Within the signal processing for
communications and wireless communications research communities, the increased
research focus on sensor networks also warranted attention to distributed, but
coupled, estimation problems in which the capability for better performance via

collaboration amongst the sensors on a joint estimation problem begs for a dis-



tributed computationally efficient algorithm for statistical inference which makes
efficient use of communications resources. Indeed, it has become clear, certainly in
the context of signal processing for communications, that systems designers need
in their arsenal decoding and estimation algorithms which are distributed, require
a small amount of iterative processing, and achieve performance comparable to
theoretical limits.

The academic community has answered this need with the outpouring of algo-
rithms, and generalizations of algorithms, and generalizations of generalizations of
algorithms promising approximate distributed decoding and/or estimation usually
justified by empirical simulation based evidence. However, the sense in which these
algorithms are “approximate”, that is, the sense of optimality of their outputs, is
in many cases unknown. Furthermore, in the case of iterative algorithms, it is
often unclear if and when the algorithms will converge. Again, some of the best
examples are the turbo decoder, the turbo equalizer/synchronizer, and the belief
propagation decoder. These algorithms were proposed heuristically, with their per-
formance and convergence behavior being characterized in an “on average” manner
via Monte Carlo simulation. Naturally, since their inception, countless theoreti-
cians have attempted to prove convergence properties of these algorithms, but this
too has proven to be a daunting task, partially because the sense of optimality is
unknown.

In this dissertation, we will analyze the performance and convergence of a fam-
ily of such iterative algorithms for approximate distributed statistical inference,
called expectation propagation[!, 2]. Notable members of this family include the
turbo decoder([3, 1, 5, 6, 7], Gallager’s algorithm for the soft decoding of LDPC

codes[3, 9, 10], the Kalman filter [11], the forward backward algorithm[I2], and



belief propagation [13, 14]. Members of this family of algorithms whose perfor-
mance and convergence behavior is already well understood include the Kalman
filter and the forward backward algorithm for the maximum a posteriori decoding
of convolutional codes. After introducing the family of algorithms in Chapter 2 and
discussing various members of the family, we will begin our analysis in Section 3 by
covering some special cases in which these algorithms can be proven to converge to
the maximum a posteriori parameters. Then, in Chapter 4 we extend and develop
some results concerning the optimality of any expectation propagation algorithm.
Some of the most important ideas in the dissertation occur in Section 4.2, where
we show that expectation propagation is an iterative method seeking a solution of
a constrained maximum likelihood estimation problem. Chapter 5 is then devoted
to convergence frameworks which may be applied to the dynamics of expectation
propagation. We make some novel connections in this chapter between expecta-
tion propagation and the Gauss Seidel iteration [16, 15] and between expectation
propagation and Dykstra’s algorithm [17] for Bregman projections on convex sets
[18]. Throughout the dissertation, we take care to apply our general theory to par-
ticular well known members of the family of expectation propagation algorithms
such as the turbo decoder and belief propagation. The theoretical tools necessary
for the work contained in this dissertation stretch across several disciplines, and
thus we have included the fundamental results that we used (often without proof)

and references to appropriate material in the appendices.

1.1 Orientation and Organization for the Non-Specialist

A great many of the ideas in this dissertation have to do with connections between

bodies of theoretical work. A diagram highlighting some of the connections we
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Figure 1.1: A visual organization of many of the concepts in this dissertation.
Bolded lines and shapes indicate work that we innovated in developing this disser-
tation. A line connects two ovals if we develop theory in this dissertation relating
the ideas which the two ovals represent. Different, but related bodies of theory
are drawn separately and connections between these bodies are shown via lines.
Containment of one oval within another oval indicates that the idea represented

by the latter is a special case of the idea represented by the former.



will discuss is shown in Figure 1.1. Items which we innovated in creating this
dissertation and the research leading up to it have bolded lines, while items which
we cover but we did not innovate have thinner lines. The dashed lines represent
work we developed at the same time as other researchers.

In Chapter 2 we will discuss a family of algorithms, expectation propagation
(situated in the center of Figure 1.1), that attempt to infer some unknown para-
meters from some observations given a model for the observations which depends
on the parameters. Within the context of the family of algorithms, we wish to
determine some well known algorithms which fall into this family, and which of
those algorithms are special cases of other algorithms. This gives rise to the con-
tainment within the expectation propagation oval in Figure 1.1 of several other
algorithms and families of algorithms. Out of the family of expectation propa-
gation algorithms, we will select a special subfamily which satisfies a couple of
assumptions which we call reciprocity and sufficiency. These assumptions allow
for further analysis, and include all interesting algorithms falling within the expec-
tation propagation family developed to date.

Next, we will turn our attention in Chapters 3 and 4 to the performance that
these algorithms can attain by studying their stationary points, which are the lo-
cations at which their values would not change if we initialized the algorithms at
them. We develop two novel optimality frameworks (depicted to the right and to
the left of the expectation propagation oval in Figure 1.1) which apply to expec-
tation propagation algorithms under the sufficiency and reciprocity assumptions.
One of these frameworks we totally innovate, and the other we develop by ex-
tending existing results for belief propagation to the wider class of expectation

propagation algorithms with sufficiency and reciprocity.



In Chapter 5, we investigate convergence frameworks for the expectation prop-
agation algorithms by relating them to iterative methods developed for other, more
mathematically abstract problems. The Gauss Seidel method, shown in the upper
left corner of Figure 1.1 is an iterative numerical method for solving a system of
equations. We show in Section 5.1 that expectation propagation under the suffi-
ciency and reciprocity assumption may be seen as particular instances of the Gauss
Seidel method. This fact allows us to apply convergence theory for Gauss Seidel
iterations to the expectation propagation algorithms. Dykstra’s algorithm, shown
in the upper right corner of Figure 1.1 is a broad family of algorithms made from
projections (i.e. minimization of distance like quantities) on convex sets. We show
in Section 5.2 how expectation propagation may be related to Dykstra’s algorithm

with Bregman projections under the reciprocity and sufficiency assumptions.

1.2 Basic Notation and Preliminaries

To aid the reader, we have used typed typographical notation in this dissertation
which is described in Table 1.1. We will attempt to further aid the reader by
providing a key to the new notation introduced in each chapter.

Of central interest in this dissertation will be problems of statistical inference
of some random parameters 8 € © from some random observations r € ). The

parameter space © will be the Cartesian product of N subsets of the real numbers

O:=0; x---x0y, ©;CRVie{l,... N}

so that @ is a vector

0:2[91,...,91\]], 91€@1V1€{1,,N}



Table 1.1: Typographical notation used in this dissertation.
A | set

R | set of real numbers
x | deterministic scalar variable
X | deterministic vector
A | deterministic matrix
i | integer counting index
r | random scalar
P. | cumulative distribution function for x
p. | probability density function for x
E,. | expectation with respect to the pdf p,
P | probability
x | random vector
f | scalar valued function
g | vector valued function

9D | a functional




Similarly, the received space will be the Cartesian product of L subsets of the real
numbers

Y=V x-W, ViCRVie{l,...,L}

so that r is a vector
ri=[r,...,r), redVie{l,... L}

Specified will be a joint probability model for r and 6, so that we have a proba-
bility measure which assigns probabilities P[(r,0) € A] for sets A C )Y x ©. We
will represent this probability model in terms of a joint probability density func-
tion, p,¢(r, @), which is the Radon Nikodym derivative of the probability measure
P[(r,0) € A] with respect to a reference measure drdf. The reference measure
will be a suitable product measure of two measures dr and d@ whose support will
contain ) and © respectively. In fact, due to the Cartesian product nature of the
received and parameter spaces, Y =) X --- x Y and © = O X --- X Oy, we will

choose dr and d@ to be product measures themselves, so that

L
dr = H dr,
i=1

and
N
do = ] dos
i=1

Due to the fact that the component spaces are subsets of the real numbers R for
each i € {1,...,L}, we will choose dr; to be Lebesgue measure if V; is uncountable,
or dry to be a counting measure with support ); if ); is countable (finite or
countably infinite). Similarly, for each i € {1,... N}, df; will be Lebesgue measure
if ©; is uncountable and will be a counting measure with support ©; if ©; is

countable. We will then be able to calculate probabilities using

P[(r,0) € A] = Apr79(r,0)drd0



Chapter 2

Expectation Propagation

Expectation propagation, first proposed in [I, 2], defines a family of algorithms
for approximate Bayesian statistical inference which exploit structure in the joint
probability density function p, ¢(r, @) for r and 6. In particular, it is assumed that

the pyo(r, @) factors multiplicatively

M

Prﬂ(r, 0) X Hfa,r(ea)7 Oa C (7] (2.1)

a=1
where the factors f, , implicitly are functions of r and have range [0, co) and where
0. is a vector formed by taking a subset of the elements of 8. Expectation prop-

agation aims at iteratively approximating the joint density as the product of M

minimal standard exponential family densities

M

pr,B(ra 0) ~ H ga)\a(ea)

a=1
The minimal standard exponential family densities g, x,(6a) are the Radon Nikodym
derivative of a standard exponential family measure with respect to the reference
measure d@, formed by the product of measures df; for each 6; appearing in 0,.
These standard exponential family densities may be parameterized in terms of a

vector of real valued parameters A, and sufficient statistics t,(6,) as

ga,)\a(ea> ‘= eXp (ta(0a> : Aa - ¢ta(Aa))

where 9 is defined as

b (M) = log ( [ exie.0.) Aa>dea) 2.2)



Table 2.1: The notation introduced in Section 2, part 1.

=

a time index

a sample of an element of the vector of observations
a sample value of an element in the vector of parameters
a sample value of the vector of observations

a sample value of the vector of parameters

an element of the vector of observations

an element of the vector of parameters

the number of parameters

the number of observations

the parameter space

the observation space

the observations

the parameters

the joint pdf of the observations and parameters

an index to the factors

the number of factors

a factor function

an approximating factor

the partition function

the supporting measure

the parameters of a minimal standard exponential family

the sufficient statistics of a minimal standard exponential family

10
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Table 2.2: The notation introduced in Section 2, part 2.

P the probability operator
D the Kullback Leibler divergence

v,q,t,u | some pdfs

[ the induced (change of variables) Radon Nikodym derivative

The g, », are iteratively refined in order to approximate f, », by minimizing the
Kullback Leibler distance

fa,r(ea) ch)\c (06) ch)\c (Oc)

ga, = argmin® i

M
o / fur(0a) [ [ €er.(6c)d0 / [Tecx(6:)d6
S} O c=1 ’

(2.3)

c#a

This minimization has a unique solution due to the log convexity of the Kullback
Leibler distance in the second argument and the minimality of each of the repre-
sentations of the standard exponential families g, »,. The minima may be found

by taking derivatives with respect to A, to get
Va9 = Eq [ta(ea)] - E, [ta(oa)] (2'4)

where the probability density functions v(6) and q(0) are

fa,r(0a> H gc, e (Oc)
v(8) = 7
/@ fa,r<0a) H e, A (ec)de

c#a

and

M
[Teex(60)
c=1

)=—5
/@ ];[ 8, <0c)d0

Next, another g, », is selected to refine, usually according to some iteration order,

q(6

and the algorithm continues until it converges.
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The family of algorithms may then be summarized by the following
e initialize A, for all a € {1,... M}
e repeat 1 and 2 until convergence

1. select a A, to refine for some a € {1,...,M}

2. update A, according to

far(02) [ [ 8er(6e) T (60)

c#a

/@fa,r(ea>ch,>\c(0C)d0 /ﬁ[gc,}\c<96)d0

c#a

Ay < argmin®
Aa

The order according to which A, is selected in step 1, which we call scheduling,

varies in implementations. Several possibilities include

e parallel scheduling In this case, we update all of the parameters in parallel,
so that if we denote the value Af to be the value of A, at time instant

ke {0,1,...,00} we have

1:a,r(aat) H gc,}\}c‘<0c) ga,Aa(ga) H gc)\}c‘ (Oc)

AEH — arg min ® 7o o7

Aa
[ £urt00 T ese(0140 | [ o (0 T see(6:)40
[C) [C]

c#a c#a

for all a € {1,...,M}.

e serial scheduling In this case, we update each of the parameters in serial,
so that if we denote the value Af to be the value of A, at iteration k €
{0,1,...,00} we have

AL = argmin® (v]q)
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with
farx(6a) H 8 autt (6) H gc,Ai(OC)

V(O) — c<a c>a

/@ fa,r(0a> H gc,)\lé""l (06) H gc,)xlc‘ (ec)de

c<a c>a

and
ga)\a(ea) H 8c Akt (00) H gc,)\}é(ec)
q(0>::: c<a c>a

/@ gor (02) [T 2o (00) [ £one(6)d0

c<a c>a

for all a € {1,...,M}.

e random scheduling Here, we decide which A, to update by drawing a

uniformly from the set {1,... M}.

We will be primarily interested in studying the performance and convergence

under the parallel and serial schedules in the remainder of the thesis.

2.1 Examples of Expectation Propagation

To provide motivation, and to allow for continued pragmatic application of the
ideas throughout the remainder of the dissertation, we discuss in the next few
examples some well known members of the expectation propagation family of al-

gorithms, as well as introduce some new ones.

2.1.1 Parallel Turbo Decoding
A parallel turbo encoder is depicted in Figure 2.1. A block of message bits
‘E = [517' e 7€N] S {071}N

is encoded by a rate Ry recursive systematic convolutional code to get a binary

sequence ¢(&) € {0, 1}% Then £ is interleaved by permuting the order of the



Table 2.3: Notation used in connection with the turbo decoder, part 1.

&, W,z
3
3
Ro
Ry
N
rs
To
I
ry
Iy

ry

o NN X

Ci

Po

P1

random binary vectors

a bit in a random message

a random binary message

the rate of the first component code

the rate of the second component code

the turbo block length

sample rec’vd inf. from systematic bits

sample rec’vd inf. from parity check bits of 1 component code
sample rec’vd inf. from parity check bits of 2 component code
rec’vd inf. from systematic bits

rec’vd inf. from parity check bits of 1 component code
sample rec’vd inf. from parity check bits of 2 component code
the interleaver

a bit of the output of the first encoder

a bit of the output of the second encoder

output of the first encoder

output of the second encoder

function producing parity check bits of first code

function producing parity check bits of second code

a log likelihood ratio

log coordinates of the first decoder’s likelihood function

log coordinates of the second decoder’s likelihood function

14



Table 2.4: Notation used in connection with the turbo decoder, part 2.

(81

B

)

Q >

< % w o

sign

Peo
Po

Diag

extrinsic information from first decoder

extrinsic information from second decoder

log coordinate of likelihood function

log coordinates of likelihood function

vector of log likelihood ratios

codebook

indicator function

log coordinates of a pmf

matrix of all binary words

set of all pmfs on binary words of appropriate length

set of pmfs which factor into product of bitwise marginals
expectation coordinates for a pmf

function returning the sign of a real number

the Fisher information matrix

a matrix of all zeros

likelihood func. of 1 component decoder weighted by priors
likelihood func. of 2 component decoder weighted by priors
posterior density formed from the sum of the extr. inf.s
bitwise probabilities associated log-pmf 0

2 bit joint probabilities associated log-pmf

creates diagonal matrix from vector

vector of all ones

the identity matrix

15
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Encoder 0 _ | Systematic _ | Memoryless
ncoder > and Parity g — > (rs,T0)
Y Check
™
Select Memoryless
Encoder 1 > Parity > > I

Figure 2.1: Parallel Concatenation of two convolutional codes with interleavers.

bits with some permutation 7 and encoded by a second (possibly different) rate
Ry recursive systematic convolutional code to get a binary sequence x(w(£)) €
{0, 1}% Systematic codes have the property that the message bits € must appear
at fixed locations in the encoded messages ¢ and x, and the remaining (non-
systematic) bits in ¢ and x are called parity check bits. Some subset of bits
among the systematic bits &, the parity check bits ¢y(&) from the first encoder, and
the parity check bits ¢;(7(&€)) are then selected for transmission via a puncturing
pattern, and then transmitted over a memoryless channel to yield the observations
ry, I, and ry at the receiver, respectively.

The optimal bit by bit decoder, in terms of minimizing the probability of bit

error for each bit[31], would base its decisions on the a posteriori probability ratios

P[§1 = 1|I‘57 Io, I‘1] B E{E{O,l}“lﬁizl prs,ro,r1|§(rs> To, I‘1|£) Hl;[zl ]P)[SJ]
P§; = 0[ry, 1o, 1] £ {01346 =0 Proror1[€(Ts, To, T1]€) H?=1 Pl&;s]

where it has been assumed that the prior density P[€] for € has the bits & inde-

(2.5)
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k
A
- lnc. pri. unc. pos. unc. pos.
Code 0 Code 1
SISO SISO
Decoder Decoder
T 0
>rcod. pri. cod. pos. | cOd. pri. cod. pos.
Iy r]

Figure 2.2: The Parallel Concatenated Turbo Decoder.

pendent, so that
M
Plg] = [ [ Ples]
j=1
Unfortunately, due to the random interleaver 7r, the complexity of the decoder
(2.5) grows exponentially in the block length N, and thus is not computationally
feasible[32]. Given only rg and rg, however, the forward backward algorithm [12]
can calculate bitwise a posteriori probabilities for & with computational complexity
growing only linearly in the block length N. Furthermore, given only ry, the forward
backward algorithm can calculate the bitwise a posteriori probabilities for & with
computational complexity growing only linearly in the block length. The turbo
decoder, depicted in Figure 2.2 and introduced in [3], then makes use of the com-
putational efficiency of these two component decoders to iteratively approximate
(2.5).
In order to describe the operation of the turbo decoder, we must first split the

bitwise a posteriori probability ratios for the two component decoders into two
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parts

]P)[gi = 1|r5,r0] _ (P[fi = 1]) de{o,l}N\gi:I pr&rolﬁ(rSv r0|£) H?:l,j;ﬁi P[&J‘]
P[§1 = 0|I‘5, I'O] P[fl = 0] 256{0,1}"\&:0 prs7r0|£(rs, To, I'1|£) H?:l,jyéi ]P)[SJ]

N J/
-~

=t1(§1=1)/t:(£:=0)

(2.6)
The term on the right is labelled the extrinsic information ratio and determines a
probability mass function t(§) := H?Zl t;(&;) such that t;(1) +t5(0) = 1. The idea
behind turbo decoding is to use this extrinsic information as a pseudo prior in the

second component decoder, by replacing P[£] in

Pl& = 1r] _ (P[fi = ”) (266{071}%:1 Pruje(r1lé) HLJ#MJ) (2.7)
P& =01/ \ Eeeqoye=o Prite(r1l€) [T s PIE) ,

i=ui(§=1)/ui(£&:=0)
with t(§) from (2.6) to get u(§) == H?Zl u;j(&;). Then P[] in (2.6) is replaced by

P[¢; = Olry] a

(.

u(&), which then defines a new t(£) which is used to get a new u(§), and so on as

the process iterates. Succinctly, this may be written as

M
ti (& =1) - de{o,l}"l&:l Prorolé (T's: Tol€) Hj:l,j;éi u;(€5)

(2.8)
66 =00 PecqopaoProrole(Ts, To, T1l€) TTj_1 545 u (&)
M
ui (& =1) - > ecionye—1 Prije(T1€) TT5oy 51 t5(&5) (2.9)
uz (6 = 0) 256{0,1}1“\51:0 Pryje(T1]€) H?:l,j;éi t5(§5)
The authors of [3, 1] then noted that this iteration was capable of deliver-

ing performance very near the theoretical limits on the performance of optimal
decoding for simple component codes and reasonably large block lengths.

The publication most often credited for realizing that turbo decoding was an
instance of a more abstract belief propagation algorithm (which, in turn in an
instance of our expectation propagation algorithm) is [33].

To recognize turbo decoding as an instance of expectation propagation first
identify the parameters 8 := &, the parameter space © = {0,1}", and the obser-

vations r := [rs, 1o, r1]. Owing to the memoryless nature of the channel, we have
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a factorization of the likelihood function

pr\9<r|0) - Prs,ro\e(rsa I'0|0) Prﬂe(rl |0)

fo(6) f1(6)

The next step is to recognize that the family of wordwise probability mass functions
on & which factor into the product of their marginals are a minimal standard

exponential family with sufficient statistics t(6) = t(§) := &

where the parameters

are the vector of log bitwise probability ratios.

The approximating exponential densities are then

g0(0) = exp(0 - Ao — (o))

and
g1(0) :=exp(0 - Ay — (A1)
In this case the refinement (2.4) from expectation propagation takes the form

fee@ eprs,roW(rSa I'0|0) exp(B " — 1/}t()‘1))d0
Joco Prorolo(Ts, To|0) exp(0 - Ay — ¥ (A;))dO
Joco 0exp(6 - (Ao + A1) — ¥(Xo) — 1(A1))dO

= fge@ exp(0 - (Ao + A1) — (X)) — ¥(A1))dO (2.10)

The ith element of these vectors may be recognized as the probability, according
to the appropriate measure, that the ith bit of & is equal to one. Forming the

probability ratio from this bitwise probability, and identifying

EEZ—Z(I)H = exp(Ao)
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Figure 2.3: The serially concatenated turbo encoder.

and

{%} = exp(A1)

we get an equivalent condition to (2.10)

2 ¢le,=1 Prorole(Ts, T0l€) TT5—; u;(&5) _ ti(? = )Ul(? =1) Vie{l,...,N}

ZQ&:O prs,rolﬁ(rsa rO‘&) Hl_-\jlzl uj (fJ) ti( ;

From which we see that performing the turbo step (2.8) is equivalent to refining Ag

according to expectation propagation. A nearly identical progression of steps then
shows that performing the turbo step (2.9) is equivalent to refining A; according

to expectation propagation.

2.1.2 Serial Turbo Decoding

A serial turbo encoder[5, 34, 6, 7] is depicted in (2.3). A block of message bits

§:=1&,....&l €{0,1}"

is encoded with a convolutional encoder to get (&) € {0, 1}%, which is then
interleaved and encoded with another convolutional encoder to get x (7 ({(€))).
The output of this second encoder is then modulated and passed over a memoryless
channel to get r.

The optimal bit by bit decoder in the sense of minimizing the probability

of selecting the wrong bit would base its decisions on the a posteriori bitwise
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probability ratios

P[¢; = 1]r] _ 25\51:1 Prix (TIx (7 (C())))PlE]
Plgs = 0[r] X gje—0 Prix(rIx (7 (C(£))))PIE]

(2.11)

Once again, due to the interleaver, the complexity of a decoder calculating (2.11)
grows exponentially in the block length. On the other hand, due to the convolu-
tional structure of the component codes, soft decoding only one of the component
codes has complexity which is only linear in the block length. The serial turbo
decoder aims to exploit this by inferring ¢ by exchanging information between the
component decoders until convergence, and then inferring & from . The update

equations take a similar form to that for the parallel turbo decoder

LG=1 Xeigm Ll T 51 15(6) (2.12)
t:(G: = 0) chi:o 1e(€) H?:l,j;ﬁi u;(G5)
where 1¢(+) is the indicator function for the outer codebook, and,
ui (¢ =1) - ZCICizl Prlx(r‘X(ﬂ'(C))) H?:l,j;éi t5(¢5) (2.13)
Us(G =0) X e =0 Peix (TIX (7 () Ty s t5(G5) '

We can now see that the serial turbo decoder is member of the family of expectation

propagation algorithms by identifying the factorization of the likelihood function

Pri¢(r|€) = Prx(r[x(7(C))) 1e(C)
N ~ ——
f0(6) f.(0)

where the parameters are @ := (. Next, identifying the messages passed between
the component decoders with the parameters of minimal standard exponential

families with sufficient statistics t(@) := @
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Figure 2.4: The serially concatenated turbo decoder.

gives us the approximating minimal standard exponential families as

Bax.(0) :=exp(f - Aa — Ve(AXa)), a2 € {1,2}

after which the turbo updates (2.12) and (2.13) may be identified with expectation

propagation refinement of A; and .

2.1.3 Joint Data Decoding and Detection with Turbo Equal-
ization

Note that the inner code in the serial turbo decoder setup does not necessarily
have to be an error control/correction code. Instead, it could result from the
convolutional structure of a frequency selective channel. In this instance, one can
still use the forward backward algorithm for the inner component decoder in a serial
turbo “decoder”. The turbo “decoder” which results, first proposed in [25] is often

called a turbo equalizer. Because our results in the serial turbo decoder example

did not require that the outer code be an error control code, this form of turbo
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Table 2.5: Notation used for the Gallager’s algorithm for the soft decoding of

LDPC codes.
H | parity check matrix

h | row in the parity check matrix
L | number of rows in parity check matrix
N | number of columns in the parity check matrix
j | number of ones in a row
k | number of ones in a column
0 | a vector of all zeros
N, | number of parity check equations
N, | number of bits
fact | function which returns product of bitwise marginal pdfs
1 | a matrix of all ones

c | a constraint equation (e.g. parity check eqn)

equalization may also be considered an instance of the expectation propagation

algorithm.

2.1.4 Gallager’s Soft Decoding Algorithm for LDPC Codes

In [9] and in his doctoral dissertation, Gallager proposed a family of linear block
codes known as low density parity check (LDPC) codes[9, &, 10]. These codes
have the property that their parity check matrices are sparse. For regular LDPC
codes (the codes that Gallager considered) each column in the parity check matrix
H € {0,1}**" has a fixed number j of 1s and each row has a fixed number k of 1s.

For irregular LDPC codes, the sparse nature of the parity check matrix remains,
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but the number of 1s in each column vary according to a degree distribution.
Valid codewords lie in the null space of the parity check matrix over the binary

field GF(2), so that the code book (the set of codewords) may be written as
C:={¢ € {0,1}'|H¢ = 0}

(where the arithmetic is done in GF(2)). A codeword, &, is selected at random
from this codebook and then transmitted over a memoryless channel to yield the
received vector r. Let the set of parity check equations containing &; (i.e. rows
in H containing a 1 at the ith column) be denoted by N, (i), and let the set of
bits contained in the ath parity check equation (i.e. columns in H with a 1 in
the ath row) be denoted by Ny(a). Gallager’s soft decoding algorithm gives an
iterative equation for a probability density on & which factors into the product of
its bitwise marginals, call it P. The pseudo probability associated with a particular
digit Ip(éi) is separated into components associated with each parity check equation

a associated with that bit (i.e. a € N, (1)), so that

i = )P[gl - ] H 1 - HjENb(a)\{i}(l — 2ua,j (5_‘] — 1))
Ny e (= 2ua5(85 = 1))

1— H (1 —2uc;5(&=1))

Uai(§s=1)  Pryje(ri]&; = DP[E = 1] JENG(0)\{i}
U (& =0 Praje (11]€; = 0)P[&: = 0] ceN,(infay L T H (1 —2uc;(&5=1))
JENM ()\{i}

(2.14)
this procedure is repeated until either P converges or a fixed number of iterations
have elapsed.

To see how this algorithm is an instance of expectation propagation, we must
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first note that the products on the far right of (2.14)

1= Tlienen (1 = 2ue3(65 = 1))
L+ [Tiens o sy (1 — 2uc3(& = 1))

may be interpreted as the probability, according to u., that an odd number of

(2.15)

bits among Ny (c) \ {a} are one divided by the probability that an even number of
bits among Ny(c) \ {a} are one. This follows from the clever proof of [9], lemma
1. Denoting by 1; (&) the indicator function for & satisfying the cth parity check
equation (i.e. 1y (&) = 1 if hI¢ = 0 over GF(2) and 0 otherwise), (2.15) may be

rewritten as

Z&I&_l 1n. (€ )HJ 1,1 Ue,5(&5)
z.ﬂgl —o1n.(§ )HJ 1,j#i Ue,5(&5)

Now, to aid with notation, define the intermediate densities t,(&) := [[}_; tas (&)

with
tei(& =1) Zﬁ\&—l h. (&) HJ 1,j#1 Ye 3(&5)
tes(§s = 0) > ele—0 1h(§) HJ 1,321 Ue,3 (€5)

so that we may rewrite (2.14) as

(2.16)

] cilfi =1)
Cl(é- = )

ceNp(1)\{a}

It is now easier to see that this is expectation propagation with a joint density

function factorization as

pr.ﬁ tha (H p7‘ [&3 T1’§ ])

=1 fa(8)

fLt1 (ﬁ)

and approximating minimal standard exponential families

ga(€) = oxp (ta(€) - Ay — P, (Na)) Vie{l,...,.L+1}

with sufficient statistics

ta(s) = E./\/'b(a) Va € {177L}
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and
tir1(§) =€

where we have used &, ) to specify the vector of digits of £ which are involved in

the ath parity check equation (i.e. columns of H with a 1 in the ath row)

Eny(a) = [Giliens(a)

Now, consider the refinement equation (2.4), writing it as

Peta@) Il op(te(§) - Ac —ve(A)) P ta(©)fa(€) [Tepa P (te(€) - Ac)
Ye[Teos exp(te(€) - X — 1/1 (Ac)) D¢ fal€) [Tera xp(te(€) - Ac)
(

2.17)
allows us to see that the expectation of the sufficient statistics are actually the
bitwise marginal probabilities in this instance. Writing (2.17) in terms of bitwise

probability ratios, then, yields

25\51:1 HI;:1 exp(tc(§) - Ac — Ye.(Ac))
Y im0 Lo exp(te(€) - Ac — ¥ (Ao))
)
) -

_ 25\&:1 fa<£) HEZl,cyﬁa eXp(tC (£ AC wtc (Ac)) (2 18)
> ejer—o fa(€) TTeci cra XD(Ec(€) - A ‘

= e =)

H tc,i(fi = 1) H tc,i(fi = 1) Zﬂgi:l fa(é) Hj;éi Ua,j (53)

If we then identify

we can rewrite (2.18) as

ceNyie) feit (6 = 0) censangar Tt (& =00 ] 2 gm0 fal€) s vas (&)
which, after dividing by some common terms, gives

tai(& =1) _ Zg|§i:1 fa(€) Hj;éi Ua,3(&5)
ta,i(gi = O) Z§|§i:0 fa(g) Hj;ﬁi Ua,j (63)

This shows that refining A, according to expectation propagation is equivalent to

the LDPC decoding step (2.16), and thus that Gallager’s algorithm for the soft
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Table 2.6: The notation introduced for belief propagation.

FN | the factor neighbors of a parameter
PN | the parameter neighbors of a factor

n | a message passed from a parameter to a factor

m a message passed from a factor to a parameter

decoding of LDPC codes is a member of the family of expectation propagation

algorithms.

2.1.5 Belief Propagation-Factor Graph Formulation

Belief propagation is a method for statistical inference originally given that name
by Pearl[13]. It may be considered to be equivalent to a number of other indepen-
dently developed algorithms, as discussed in [14], and as an instance of the sum
product algorithm (which need not involve statistical inference). In this section we
show how belief propagation is an instance of expectation propagation. We will use
the factor graph form of belief propagation found in [35] and [14]. For readers who
are more familiar with the Bayesian network or markov random field formulation,
we refer them to [14] which shows the equivalence of the different descriptions.
Like expectation propagation, of central interest in belief propagation is a joint
likelihood function for some observations r and some parameters 8 which we would
like to infer which factors into functions of subsets of the variables 6. This is

mathematically described as

M
pr,@(ru 0) = Hfa(ea) ea C Oa
a=1

where the factors f, are implicitly functions of r, but we have observed a particular

value of r and thus are using that throughout the rest of the discussion, hence
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dropping it from the notation. We will assume the parameters € to have been
drawn from some finite set ©.

In its factor graph formulation, belief propagation may be interpreted as a mes-
sage passing algorithm on the parameter factor graph to be discussed in Section
2.2. The parameter factor graph is a bipartite graph whose N “left” nodes corre-
spond to the parameters 6; i € {1,...,N} and whose M “right” nodes correspond
to the factors f, a € {1,...,M}. The messages passed from the variable nodes are
defined by the updates

Nia(0;) — I Lacpna)(a) Ma—i(01)
JTI

€PN ()\ {a) Ma—i (61)dO}
where here PN (i) denotes the factor nodes that neighbor (i.e. share an edge with)

the parameter node 6; and m,_;(6;) is the previous message passed from factor
node a to parameter node ;. The messages from the factor nodes the variable

nodes, in turn, are defined by

_ [ fa(6.) Hjef/\r(a)\{i} nj—a(0i)d6s, \ 6;
f fa(ea) Hje]—'_/\/(a)\{j_} njaa(‘gi)dea

Because O is a finite set, we do not actually have to pass functions, but instead

(2.19)

ma—»i<91

only need to pass parameters of an exponential family with sufficient statistics
t: R — RI®:I~1 Denote the possible values ©; of #; by {a1,...,ay} then the
sufficient statistics are

ej 0i=ay, j#£1

ti (91) =
0 otherwise

where e; is the jth column of the identity matrix of dimension |©;| — 1.
At any given time, our estimate of the a posteriori density for 6; is the product

of the two messages on any of its adjacent edges

qi(ei) = niaa(ei)ma—d(gi) = H ma—»i(ei)
aeN (i)
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To see how belief propagation may be interpreted as an instance of expectation
propagation, note that the approximating densities g, are exponential families with

parameters that are the concatenation of t;(6;) over all i € PN (a), so that

t.(0,) := [ti(gi)]iep/\/(a)
Note that the dependence of t; on only one parameter 6; yields the t;’s independent
of each other within the exponential family, so that for any i € PN (a)

/ £:(0:) exp (£a(0.) - A — v, (M) O, =

a

/e (62 exp (44(68,) - A~ G (M) 46, (2.20)

Now, identify the message functions in terms of the parameters from the expecta-

tion propagation algorithm

nia(fs) i =exp ()| Y i —vu | Do [k

ceFN(i)\{a} ceFN(1)\{a}
and

Ma—i(0i) = exp (t;i(6:) - [Aa)i — ¥t ([Aa]1))

Next, multiply the belief propagation update equation (2.19) through by m,_;(0;)

to get

exp | t;(0;) - Z Aals | — %y, Z [Aals

acFN(4) a€FN (i)

S8 e (ZeaAet(6:)) 467\ 65 o)

Jo fa(02) exp (Zc#a A - tC(OC)> d6

which is equivalent to the expectation propagation update equation (2.3), estab-

lishing that belief propagation is an instance of expectation propagation.



Table 2.7: Notation introduced for section 2.2.

perm

® N < N

< M

EN

corresponding permutation

elementary statistics vectors

message from elementary statistic vector to factor
message from factor to elementary statistic vector
statistics which neighbor a factor/parameter node
number of sufficient statistics

number of elementary statistics vectors

set of sufficient statistics

set of elementary statistics vectors

set of factors

vector containing all statistics

an edge

set of edges

set of nodes

number of edges

el. stat. vec.s which neighbor a factor/parameter node

30
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2.2 Message Passing and Reciprocity

Under some special conditions satisfied by all of our previous examples, expecta-
tion propagation may be identified as a message passing algorithm on a statistics
factor graph. We will focus exclusively on these cases for the remainder of the
dissertation, so here we outline these conditions as assumptions for the remainder
of the dissertation and discuss their implications including the message passing
framework.

The first intuitively reasonable assumption is that the sufficient statistics t,(6,)
for the approximating density g, , are also sufficient statistics for the factors f, so
that f,(0,) = fa(ta(ea)) V0, € ©,. Because we are using g, », to approximate f,,
this assumption seems reasonable, since it requires that all of the information that

f, depends on be present in the vector t,.

As. 1 (Sufficiency of Approximating Statistics): The sufficient statistics t,(6,) for

the approximating density g, », are also sufficient statistics for the factors f,.

Next, we construct the statistics factor graph. In most cases, the same sta-
tistic will occur in several places (i.e. [ti]; = [tc]; for some a, c,i,j). Col-
lect, then, all of the statistics t; : © — R used in the sufficient statistic vec-
tors {t.(0.)|a € {1,...,M}} for the approximating functions/factors, into the set
7T = {ti(0:),1 € {1,...,T}} without replication. Collect all of the elements of T°
into a vector t.

Next, partition 7 up into the disjoint union 7 = Uj 7; such that t; € 7; and
t; € t, implies that for all ty € 75 we have t; € t.. For each j collect the elements
of 7 into a vector v;. Our construction now allows us to write each vector t,

as the concatenation of several v’s. Once again, it is likely that the same v; will
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appear in several t’s. We can now depict this replication of a statistic v; in several

t.’s via a factor graph [1].

Def. 1 (Factor Graph): A factor graph (V, &), is undirected bipartite graph repre-

senting a particular multiplicative factorization of a function, e.g.

f(x) := Hfa(xa), X, C X

(where x, C x indicates that the elements of the former vector are a subset of the
elements of the latter). The graph, like any other undirected graph, is an ordered pair
of two sets, a set of nodes V and a set of edges £, which are unordered pairs of nodes.
The nodes in the graph are divided into two sets, a set V = {x1,..., 2z} of variable
nodes, and a set F = {fy,...,fy} of factor nodes. An edge ¢ € £ may only connect
a variable node to a factor node and appears only if the variable associated with the

variable node is an argument of the factor associated with the factor node.

In our case, the variable node set V := {v;} and the factor node set is F :=
{fa|a e{l,... ,M}}. An edge connects v; with f, if f, has as an argument v;, which
of course happens if v; is a vector formed from a subset of the elements of t, (i.e.
vj C t,). We call the graph that results a statistics factor graph, an example of
which is shown in Figure 2.5.

We can also form a second factor graph that we will call the parameter statistics
graph, an example of which is shown in Figure 2.6. This is again a bipartite graph
with a set of “left” nodes which are the elements {6;} of the parameter vector 6
and a set of “right” nodes which are the elementary statistics vectors {v;}. Each
of the elementary statistics vectors v = v;(6, ) depends on a subset 6, j of the
original parameters 6. An edge occurs in the parameter statistics graph between

a parameter 0; and an elementary statistics vector v; if and only if v depends on
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Figure 2.5: An example of a statistics factor graph.

¢;, which of course happens if and only if 8; € 6, ;.

Note that we may concatenate the parameter statistics graph with the statistics
factor graph in a natural manner, since the “right” nodes of the parameter statistics
graph are exactly the “left” nodes of the statistics factor graph. We call the graph
that results the parameter statistics factor graph.

Our next assumption enforces a sort of regularity in the parameter statistics

graph.

As. 2 (Reciprocity): The Radon Nikodym derivative 11 of the Lebesgue measure
of inverse image t~!(A) with respect to the Lebesgue measure of A factors into the

product of functions of v;
p(e) =T [ rsvy) (2.22)
J

A particularly simple way to ensure the reciprocity assumption is to have each
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Figure 2.6: An example of a parameter statistics graph.

Figure 2.7: An example of a parameter statistics factor graph.
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parameter appear as an argument for only one elementary statistics vector.

Prop. 1 (Meaning of Reciprocity): The reciprocity assumption holds if the degree

of each parameter (i.e. left node) in the parameter statistics graph is 1.

Proof: If the degree of each parameter node 6; is one, then it may only ap-
pear in one elementary statistics vector vj. Thus, we may partition the vector of
parameters @ into the disjoint concatenation and reordering of the set of vectors
0, ; which are the arguments of v; for all j € {1,...,V}. Let the corresponding
permutation, which takes the concatenated param, ; and reorders them into the
order found in @ be denoted by perm. There is then a one to one correspondence
between subsets A C © and subsets A = perm(.A) by simple reordering of the

indices of the vector space.

{0lv() € A; x -+ X Ay X - X Ay} =

perm ({0V71‘V1(0v71) c Al} X e X {HV,V|VV<9V,V> c Av}) (223)

This, together with the product nature of Lebesgue measure on RV and Lebesgue
measure on RY implies the desired factorization. H

We can intuitively summarize the reciprocity condition as requiring that every-
where that we approximate ¢; we approximate it with the same statistics and the
same exponential family distribution. In other words, we will not approximate ;
as a Gaussian distribution in one context, and then simultaneously an exponential
distribution in another context. This too, seems intuitively reasonable.

The additional benefit of the reciprocity condition is that now we may consider
expectation propagation to be a message passing algorithm on the statistics fac-

tor graph. In particular, due to the reciprocity condition (2.22) the EP update
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equation (2.4) simplifies to

~

Jo, £a(02)fu(ta(82)) e (£a(82) - M) 48 fo, ta(Ba) exp (£a(82) - (Nin + Aa))

Jo. fa(ta(8a)) exp (ta(62) - X)) d6, Jo, exp (ta(6a) - (Ain + Aa)) dO,
(2.24)
where
P‘in]i = Z P\c]i = I:njﬂa]i (2.25)
ceN(i)\{a}

where N (i) are the factors in the statistics factor graph that are neighbors (i.e.
share an edge) with the elementary statistics vector v; containing t;, and [A.; is
the parameter of the cth approximating function multiplying the statistic t;. This
shows that it suffices to assume t, = u, (u, are the statistics whose exponential
family weight the factor f,(0,) in the expectation propagation update), since any
statistics in t other than t, are independent of t, and thus drop out of the a
posteriori density for 8,.

From (2.24) and (2.25) we can determine the equivalence between expectation
propagation and a message passing algorithm on the statistics factor graph. The
message passing algorithm may only send messages along edges in the factor graph.
The messages from factor node f, to the elementary statistics vector v; are based

on the solutions A, to (2.24) and take the form
Mo = [[Ad]; [t € vy

that is, they are the components of A, which multiply v; C t.. The messages going
in the reverse direction from the elementary statistics vector v; to the factor f, are
defined by (2.25). Of course, due to the simple vector addition form of (2.25), the
computation may be done either collectively at the single node v, or equivalently
v; may be split into nodes that are its components t; € v; and the element-wise

addition may be done there separately.
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Now that we have clarified how expectation propagation may be interpreted as
a message passing algorithm on the statistics factor graph under the reciprocity and
sufficiency assumptions, we will move on to discuss some special cases satisfying
these assumptions in which the stationary points of expectation propagation are

“optimal”.



Chapter 3
Special Cases: Convergence and

Optimality
In this section, we cover some special cases in which the stationary points of
expectation propagation may be easily seen to provide the correct a posteriori

values of the parameters.

3.1 Matching Sufficient Statistics

Prop. 2 (Perfectly Matched Case): In the special case that the actual factors f, are
minimal standard exponential family densities whose sufficient statistics match those

of the approximating densities g, x,, the aggregate approximate density

M
H gavAa (93)
a=1

converges to the true density as soon as all of the factors g, », have been refined at

least once.

Proof: To see this, suppose the parameters of the factors f, are A;. Then,

consider the refinement step (2.3) and note that we can make

fa(6a) Hc;éa g (0c) _ Hc gea(0)
f@ fa(6a) Hc;éa e (0c) f@ I1.8cx.(0c)

by choosing A, = A.. This then implies that for A, = A

o fa(02) [Tea 8enc(0c) || TI. gen.(6c) ) 0
f@ fa(ea) Hc;ﬁa gec, A <OC) f@ Hc e, A (0c>

Due to the fact, then, that the Kullback Leibler distance is non-negative definite,

Aa = A, must be the global minima of the refinement step (2.3). Thus, as soon as

38
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we have refined a approximating factor g, »,’s parameters A, we have g, », = fa,
which implies that after all of the factors have been refined at least once the
aggregate approximating density matches the true density.

For the parallel scheduling, for instance, this occurs after only one iteration,

and for the cyclic serial iteration this occurs after a single iterative cycle.

Ex. 1 (Application to Turbo Decoding): A particularly simple case in which many
authors have noted (see, e.g. [32, 36, 37]) that the turbo decoder converges to the
true a posteriori probabilities occurs when the component decoder likelihood functions
factor into the product of functions of the individual bits. In this case, the likelihood
function for the first decoder p,, ¢ is proportional to an exponential family density (see
Appendix D) whose sufficient statistics t(x) := x are the message bits themselves. The
likelihood function for the other component decoder admits the same form. Of course,
the approximating function has the same sufficient statistics as the factors in this
instance, and by Proposition 2, the turbo decoder will converge after a single iteration
to the correct a posteriori probabilities. This happens, for instance, if the component
codes are repetition codes, because then the component likelihood functions admit the

necessary factorization.

3.2 Cycle-free Dependence

More generally, the sufficient statistics t,(68,) for the approximating density g, x,
are also sufficient statistics for the factors f, so that f,(0,) = fa(ta(ﬂa)) Ve, €
O,, with the factors f, not necessarily being members of the minimal standard

exponential families. This holds for our setup because we assumed in it Section

2.2.
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The special case of interest occurs when the statistics factor graph that we

constructed in Section 2.2 has no loops.

Def. 2 (Cycle-free): A factor graph is cycle-free if there does not exist a sequence of
distinct connected edges {ey, ..., eL} which connect a node with itself. In other words,
if there do not exist {eq,...,e.} with e; # e;Vi, j and for all i e; = {c,a}, e;41 =

{j,a} for some c,a, j and with e; = {c,a} and eL = {c,j}.

Of course, a graph can be cycle-free, but not be connected. To specify whether
or not the cycle-free graph is connected it is customary ([38] pp. 5) to call a single
connected component within a cycle-free graph a tree, and then a cycle-free graph
is referred to as a forest ([38] pp. 6).

We are now ready to prove the following theorem.
Thm. 1 (Cycle-Free Optimality): If
1. The sufficiency assumption As. 1 and the reciprocity assumption As. 2 hold.

2. The marginal density

j:c\vj .Fa<ta) Hc;ﬁa gC,AC (tc),u(t)dt
Jofa(ts) [esa 8o (to)pu(t)dt

is a minimal standard exponential family with sufficient statistics v; for all v; € t,

and for all a € {1,...,M}.
3. The statistics factor graph is cycle-free (i.e. is a forest).

Then, after a finite number of iterations, the aggregate approximate density [ [, g x,(6)
gives the same expected values of the sufficient statistics E[t(0)] as the true density

[1.fa(@). Furthermore, the marginal distributions for the statistics vectors v; derived
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from the aggregate approximate density match the marginal distributions of the exact

density, so that

ft\vj Ha éa)\a(ta):u(t>dt o ft\vj Ha 'Fa)\a(ta):u(t)dt
Je Il gax(t)p(t)dt [ [T, fux, () u(t)dt

Proof: This is not as much a theorem as it is just a reshuffling of calculations.
We mimic the construction used in [I1] to prove the same result for the belief
propagation algorithm in the form of the more abstract sum product algorithm.
Construct the statistics factor graph. Select an elementary statistics vector v; to
verify that expectation propagation calculated the a posteriori density for correctly.
Redraw the statistics factor graph as a tree rooted at v; and descending the page
vertically. At each factor node, cut the edge between it and its parent elementary
statistics vector node and insert an integration operation over all of the statistics
that are children of that factor node. This integration integrates the function
passed to it from the its child (the factor node). Each elementary statistics vector
v; passes to its parent any function passed to it from its children multiplied by
the change of variable (6 — t(0)) Radon Nikodym derivative component from the
reciprocity assumption As. 2 p5(v;). Starting at v; and working our way down the
tree, we write out the expression for the marginal a posterior distribution for v;
(multiplied by a scalar which is removed if we divide by the expression’s integral
over v; ). But under the assumptions of the theorem the messages we have passed in
this algorithm are just the densities associated with the parameter messages passed
in the expectation propagation algorithm (after a finite number of “garbage” steps
as the correct messages work their way up the tree to the node of interest). W

In addition to the example applications of this theory provided below, [14] used
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the version of this theorem for belief propagation to elegantly prove convergence
of the Kalman filter[39] for linear (least squares) estimation of signals with known
linear dynamics, as well as the forward backward algorithm [12] for the decoding

of convolutional codes.

Ex. 2 (Application to LDPC Decoding): The Tanner graph (see [40] pp. 139) for
a LDPC code is the bipartite graph whose adjacency matrix is derived from the parity
check matrix. Thus, there are left nodes, which are the transmitted bits output from
the error control coder, and there are right nodes, which correspond to the parity check
equations. If this graph is cycle-free, then Gallager's algorithm for the soft decoding
of LDPC codes will converge in a finite number of steps to the bitwise a posteriori
probabilities for the coded bits. This is because the factor graph which expectation
propagation is running on contains a component, corresponding to the parity check
equations, that is the Tanner graph, and the remaining factor nodes have degree one.
If the code is also systematic, then we will have the bitwise a posteriori probabilities

for the message bits.



Chapter 4

Generic Optimality Frameworks

In this section we discuss two constrained optimization problems which yield the
expectation propagation stationary points as their interior critical points. The first
one, called statistics based Bethe free energy minimization, discussed in Section
4.1 where we generalize its version from belief propagation to general expectation
propagation, has an objective function which is only an approximation of the true
function we wish to minimize. That inspires us in Section 4.2 to develop a novel
intuitive constrained maximum likelihood optimization problem which yields the
expectation propagation stationary points as its critical points. We then apply the
constrained maximum likelihood optimization framework to particular instances
of expectation propagation, the turbo decoder and the belief propagation decoder,
in order to illuminate the theory. We conclude the chapter by connecting the two
optimization frameworks with a pseudo-duality framework. The reader not familiar
with nonlinear programming or the calculus of variations should read Appendix C

before tackling this chapter.

4.1 Free Energy Minimization

We begin by reviewing some important quantities in information theory and sta-
tistical thermodynamics. Given some equilibrium distribution with pdf p(€) on 6,

one defines the energy associated with a particular value of 8 to be

E(0) := —log (p(0))
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Table 4.1: Notation introduced in the context of free energy minimization.

E

G & &

2z N A

U T T

a.e.

energy function of parameters

average energy functional of distribution on parameters
entropy functional of distribution on parameters

free energy functional of distribution on parameters
reference distribution

a pdf

a region in a statistics factor graph

a collection of regions

neighbors of a node in the statistics factor graph

a collection of several pdfs

(Lagrange) multiplier

vector of multipliers

number of constraints

Lagrangian of the statistics based Bethe free energy minimization

almost everywhere (term from measure theory)
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Given a particular distribution on @ with pdf q(€), we then are able to define the

average energy of this distribution as

U(q) = / 4(0)E(6)d6

The entropy of a distribution is defined as

&(q) = — / 4(6) log (q(0)) d6

The free energy of a distribution is then its average energy minus its entropy

which allows us to identify the free energy as the Kullback Leibler divergence

between q and the equilibrium distribution p

Dll) = [ a(@)1og (%) 46 = 11(q) — €(q) = ®(q)

Owing to the convexity of the Kullback Leibler divergence in its first argument,

the free energy is convex, so that for any two distributions qo and q; and A € [0, 1],

we have

B(Ago + (1 = N)a1) < A&(qo) + (1 — A)B(qy)

Furthermore, the free energy is non-negative definite with equality to zero if and
only if the argument distribution is equal to the equilibrium distribution q =

p a.e. q.

&(q) >0,6(q) =0<+=q=pae.q

This motivates using free energy minimization to determine the equilibrium distri-
bution, since we know that the equilibrium distribution is a global minimum over

all distributions of the free energy.
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Unfortunately, exact free energy minimization often has computational com-
plexity that is too high, and so we must settle for minimizing approximations to
the free energy. Onme class of approximations discussed in [35] are region based
approrimations, which are relevant in a context where the parameter space © is
finite. We generalize that idea here, allowing © to possibly be uncountably infinite
and for explicitly structured consistency constraints. We will be working with the
parameter factor graph and under the sufficiency assumption As. 1 and reciprocity
assumption As. 2. The parameter factor graph, of course, is the bipartite graph
whose “left” nodes V are the parameters 6; € V := {6;|i € {1,...,N}} and whose
“right” nodes F are the factors f, € {faJa € {1,...,M}}. An edge connects #; and
f, if f, has 0; as an argument, or equivalently if 6; € 6,. An example parameter
factor graph is depicted in Figure 4.1. Note that an edge occurs in the parameter
factor graph between #; and f, if and only if there is an elementary statistics vector
vj in the parameter statistics factor graph with an edge between 6; and vy (i.e.
6; € vj) as well as an edge between v; and f, (i.e. vj Cta).

A region R of the parameter factor graph is defined as the ordered pair R :=
(Vr, Fr) of a set Vi of parameter nodes and a set of factor nodes Fr such that if
a factor node f, belongs to Fx then all of the parameter nodes connected to that

factor node are in V. Given a region R, we can then define a region based energy

Er(fr) = — Y In(fa(6.)) (4.1)

where 07, is the vector formed by concatenating the elements of 8, for each a € Fx,
or equivalently the vector whose elements are the set V. Then, given a distribution

on the variable nodes within the region, qz, we can define a region based average
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Figure 4.1: An example of a parameter factor graph.

energy

where O (= O3, X --+ X @iwﬂ\ is the subset of the parameter space associated

with the parameters in O = [011, e ’ei\vnl] :

We can also define a region based entropy

Er(qr) = /@ 4r(0%) In (4 (0r)) 4O

The idea now is to use a collection Z of regions to cover the original statistics
factor graph, cleverly summing up the region based entropies and region based
average energies so as to hopefully well-approximate the entropy of the graph.
Part of summing the regions cleverly can be summarized by requiring that each

parameter node and each factor node only gets counted once via the use of counting
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numbers. In particular one forms the approximate entropy

Cx(qz) = Z cr€r(dr)

ReZX

the approximate average energy

Uz (az) = Z crir (qr)

ReZX

and the approximate free energy

Gz(qz) = Uz(az) — €x(az) (4.3)

where the counting numbers ci are chosen so that each node only gets counted

once, so that

Z C'R]-iG'R: 1Vi G.FUV
RER
and where we denoted for notational simplicity qg4 to be the collection of densities

defined on R € #

ax = [ar|R € 7]

Of course, we will need to enforce that the qr’s are probability density functions
Or

It will also be necessary to enforce some sense of consistency between the qz’s, be-
cause they are supposed to be approximating marginal densities of some single joint
density q(80). The sense of consistency we will use in the following development is

consistency in the means of the statistics common to different regions.

Eqr, [ti(0vs)] = Eqp, [t:(0vs)]  VR1,R2 € Z, Vi € SN (Vg,) ﬂSN(VRQ)
(4.5)
where SN (A) for A C V is the set of statistics t; contained in the elementary

statistics vectors v; which share an edge with a parameter in 4 in the parameter
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statistics graph. Equivalently, SN (A) are the set of statistics that depend on (i.e.
have as an argument) a parameter 0; € A. It is thus through these consistency
constraints that the “statistics” part of the parameter statistics factor graph are
relevant.

We call the free energy approximation (4.3) together with the consistency con-
straints (4.5) and density constraints (4.4) a statistics based approximation to
distinguish it from the region based approximations that inspired it which had
different consistency constraints.

The particular statistics based approximation we will consider may be related to
the one proposed by Hans Bethe in the context of studying the Curie temperature

in ferromagnets (see [35] for the relevant references). One selects

Rrpetne = {{0Ov:1}|1 € {1,...,V}} U {{fa}U{6,1]6,: C 6.}}

in order to define

v "
Cpethe () = (1= N (D)) Evi(avs) + Y €a(da)
i=1 a=1
where
Cuslahs) == [ aus(Brs) 108 a0 (0r)) 2615
and |

Eu(0a) = — / 4a(82) 10g (04(6,)) d6,

and N (i) are the factor nodes which neighbor the elementary statistics vector

containing i. The corresponding approximate average energy is

St (@) = = 3 [ (00 (£.(6) 6
[SH

acF

which then, of course, yields an approximate free energy of

SBethe (q%Bethe) := Upethe (q%’Bethe) — Chethe (qﬁBeme) (4'6)
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It turns out that the expectation propagation algorithm under the sufficiency
assumption As. 1 and the reciprocity assumption As. 2 is intimately related to
the Bethe approximation to the free energy together with the statistics consistency

constraints (4.5), as we show with the following theorem.

Thm. 2 (Statistics Based Bethe Free Energy Minimization): The stationary points
of the expectation propagation algorithm are interior critical points of the Lagrangian®

for the optimization problem

* .
q%B th = arg min ®Bethe (q%Bethe)
e q‘%Bethe €

where the constraint set Z requires that the candidate g,s and q;s must be probability

density functions and obey the consistency constraints.

( )

Ja(6.) >0 VO, € O,
Qui(Ovi) > 0V60,; € O,
Z 1= 4 U Jo, 9a(62)d6, =1

f®v,i Qui(0y3)d0,; =1
Eq. [vi(6v1)] = Eq,; [vi(6y:)]

/

Here by critical point, we mean a location qg,,,,. where the variation [11] of
the Lagrangian is zero. The Lagrangian function is the objective function (i.e. the
function we wish to minimize) plus the constraints, each multiplied by a separate
real number called a Lagrange multiplier. Note that the variation of the Lagrangian

being equal to zero is a necessary condition for an extrema of the constrained free

"Here, we use Lagrangian to mean the objective function(al) plus the constraint
function(al)s weighted by real numbers called the Lagrange multipliers. This is a
separate meaning from what is occasionally used in the context of the calculus of
variations.
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energy functional as long as the variation of the constraints are linearly independent
(see [11] Thm. 1, pp. 43 for the one constraint version). Note that for the purposes
of our discussion, it will suffice for the reader not familiar with the calculus of
variations to consider the variation to be like a partial derivative and the integral
to be like a sum. We will assume interior critical points, so that we consider qz,_,,.s
such that

9a(6a) > 0 V0, € O, (4.7)

and

qv,i(ov,i) >0 Vgv,i € ®v,i (48)

Proof: Since with (4.7) and (4.8) we are assuming that the inequality constraints
are inactive, their Lagrange multipliers must all be zero, and thus our Lagrangian
L will contain only the objective function and the equality constraints multiplied

by the Lagrange multipliers, which we stack into a vector p for brevity.

L = QjBethe quethe Z,Ua (/ do B 1)

\
_Zﬂv,i (/ -qv,1< v,i d0v1_1>
E

_Z Z :u’al' qa Vl(o 1)]

a=1 ieEN(a)

qus [Vi(0v.1)]) (4.9)

The variation of the Lagrangian with respect to q, is

Lo
09a(6a)

0 ((6) £ 1 (0(0) L= = Y paevi(Bs)  (410)
i€€EN(a)

where EN (a) are the set of indices for the elementary statistics vector nodes sharing
an edge in the statistics factor graph with the factor f,. Here we have used %
to represent the variation if the reference measure has uncountable support and

to represent the normal partial derivative if the reference measure has countable
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support. Similarly, the variation of the Lagrangian with respect to qy ; is

oL .
@y~ VD 0 60s(Ou)) + ) st 3 g i) (1)

Setting (4.10) and (4.11) equal to zero and solving for q,(6,) and qy ;(6y ;) respec-
tively yields

a(0a) = fa(Ba)exp | Y pros - vi(Bys) + pa — 1 (4.12)
i€€EN (a)

and

Y HMai Vi 0v,i — Hv,i
2aen (i) Ma * Vi(Bus) — _1> (4.13)

BalOus) = e ( NG

Now, if we make the substitutions

I’l’a,i = Nia

where the messages n;_,, were defined in (2.25), and if we use p, ;8 and p,s to satisfy
the integrate to unity constraints, we see that the consistency constraints (4.5)
are equivalent to the stationary points of the expectation propagation refinement
equation (2.24). This shows that the EP stationary points are critical points of
the Lagrangian for the statistics based Bethe free energy minimization. H

Note that special cases of this result were proven for turbo decoding in [12]
and for belief propagation decoding (detection) in [35, 43, 44, 45]. [12] uses the
connection in order to predict the location of the phase transition (i.e. the loca-
tion of the waterfall) in turbo codes, whereas [15] focuses on attempting to make
better approximations to the variational free energy. Note that one of the ways to
make these better approximations is to use better approximating sufficient statis-
tics (which is exactly the notion of expectation propagation separate from belief
propagation), which turns out to be a pedagogically clean and quick route of ex-

position and is the one chosen from the beginning in this dissertation.
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Table 4.2: Notation introduced in Section 4.2.

X | output of repetition code

y | input to factor nodes

0 | Dirac delta function

u | sufficient statistics for incoming messages at factors
~ | incoming messages at factors

e | value of constraint

C | constraint set

radius of small ball

V | volume of ball

L | Lagrangian

4.2 Constrained Maximum Likelihood

In this section, we show how the stationary points of expectation propagation
are solutions to a constrained maximum likelihood estimation problem, but first
it will be essential to understand how one may find a maximum likelihood or
maximum a posteriori estimate by selecting a prior density. In particular, put
aside the expectation propagation framework for the moment and simply imagine
that one has some observations r € ), some parameters 8 € © and a model f(r, 0)
representing the likelihood of observing r = r and & = 6. In the case that 6
is truly random, the model f will be a joint density function, and if it is instead
deterministic or has an unknown probability distribution, the model f will be a
probability density function for r parameterized by 6. In either case, we have the

following proposition.

Prop. 3: One can go about determining the maximum a posteriori or maximum
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likelihood estimate (when it exists) Oy, := arg maxgce f(r, @) by asking for the most
likely prior density for 8, that is, by searching for the q(€) such that q(€) > 0 for all

6 € © and [, qe(0)d0 = 1 which maximizes the likelihood function

Geres (rl0) = /@ f(r,0)q0(6)d0

In particular, if the maximum a posteriori (or likelihood) estimate for € exists, then the
pdf which maximizes this expression is a ¢ function (i.e. a Dirac § if O is continuous

and a Kronecker 0 if O is discrete) with all of its probability mass at 9ML
QG,ML(G) = 0(0 — éML)

We can then find the maximum a posteriori (or likelihood) estimate by taking the

expectation of O with respect to the most likely prior density

Oy, = E 6]

— de,ML

Proof: This is due to the Holder inequality, which tells us

/e £(r,0)a0(8)d0 < [[(r, 0)]1=lla0(O)]]1 = IF(r. 0) |

where the last equality follows from the fact that q is a pdf, and f(r,8) is being
regarded as a function of 8. Because the density which attains the maximum is
the ¢ function, we can then find the maximum a posteriori (or likelihood) estimate

by taking the expectation of @ with respect to the most likely prior density

O, = Eq, . 0]

d6,ML
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Proposition 3 validates the roundabout method of determining the maximum
a posteriori/likelihood parameters @ by first determining the maximum likelihood
prior density for 6. It turns out that this roundabout method is related to the
method which expectation propagation is using to approximate the maximum like-
lihood/a posteriori detector /estimate.

Returning now to the expectation propagation setup, we begin by introducing
extra parameters x, € © and y, € O representing the outputs of the parame-
ter nodes and the inputs to the statistics nodes to rewrite the joint pdf for the

parameters and the received data r as

M M

qr7x1y<r7 07 X, Y) = H fa(Ya>5<Xa - 0) H 5(Xa - ya> (414)

a=1 a=1
where ¢ is the Dirac ¢ distribution if © is uncountable and is the Kronecker §

M
a=1

function if © is finite. Note that the [[._, 0(xa — 0) is enforcing that all of the
x,’s are equal to the parameters 6 and the factor [[._, §(x. —y,) is enforcing that
x, =y, foralla e {1,... ,M}. As we just established, asking for a prior density on
(x,y) which maximizes this likelihood function provides a method for determining
the maximum likelihood estimate for x and y and thus for 8. Suppose, for instance,
that we wish to do so, choosing the prior distribution from the set of standard
exponential family distributions which have x, and y, chosen independently from
each other with sufficient statistics

Now, suppose that we relaxed the requirement that x, = y, for all a, by

dropping the component of the likelihood function

M

H 5(Xa - Ya>

a=1

and approximating the joint distribution for x,y by a distribution specified by

choosing x, and y, independently according to standard exponential family den-
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sities with sufficient statistics ta(xa) and ua(y,) = [te(Ya)lcra

(x,y) ~ [ [exp (ta() - Aa = v (Aa)) exp (Ua(¥a) - Yo — Y (72)

thereby approximating the true likelihood function g,y e(r,x,y, @) defined in

(4.14) with
qI‘,x,y,Q(ra XY, 0) ~ qr,x,y,a(ra XY, 0) (415)
M M
ey, 0(0, XY, 0) = H fa(ya)d(xa — 6) H exp (ta(Xa) - Aa — ¢t (Aa))
a=1 a=1

exp (Us(Y2) * Yo — Yo (¥a) (4.16)

This approximation, in turn, yields an approximate likelihood function for A, « via

Gun (T, ) = / / / o o(r. %, y, 0)dxdydd (4.17)
e .JeMJeM

Of course, to make this approximation (4.15) which replaces the requirement x =y
with independence of x,y accurate, we will have to consider only distributions for
x,y which have a high probability of selecting x = y. We can control the error
introduced by this approximation by constraining the A and -« considered to lie

within the constraint set described by the equation

M . ( Jo exp(ta(6) - Xa + ua(8) - v,)d6 )
Co=d (A | T o oxp(ta(xa) - Ad)dXa fo ex(ua(ys.) - 7a)dy,

= log(e)
(4.18)

In particular, if © is finite, so that the measure we are using is a counting measure,
this constraint set may be interpreted as the set of (A, «y) such that the probability
that x, =y, Va € {1,...,M} is equal to e. Choosing, within the finite context, a
constraint value € equal to one, we recover x, =y, with probability one according

to the joint measure on x and y.
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If, on the other hand © is uncountably infinite, the constraint set more closely
reflects x ~ y for large € > 1, since the probability that two continuous (indepen-
dent) random variables are equal is zero. To get a more rigorous handle on what

we mean by x = y consider the probability that x and y are no more than p apart

Pllx—yll<p] = x(x)qy (y)dxdy

/{(x,y)EGQHX—yIISp}

-/ 0x(%) (0, (%) + (Vya,)" (y — %) + olp)) dxdy
{GVIx—ylI<p}

= Vio) [ 0:6000, x + o00))

— V(p) (e +0(p)) (4.19)

where V(p) is the Lebesgue measure of the ball {x|||x|| < p} and the last equality
holds for (qx,qy) € C.. Thus, making € very large, we are forcing higher probabil-
ities of P'[[|x — y|| < p| for small p.

We now show how expectation propagation is intimately related to maximizing

the approximate likelihood function (4.17) subject to the constraints (4.18).

Thm. 3 (Maximum Likelihood Interpretation of Expectation Propagation): The
stationary points of expectation propagation solve the first order necessary conditions

for the constrained optimization problem

(A", v*) == arg max_ log(qra~(r|A, 7))
(Ny)€eCe

subject to a Lagrange multiplier p = —1.

Proof: The proof of this theorem is logically direct. First one forms the La-
grangian by adding the objective function to the constraining function times a

Lagrange multiplier .

B Jo exp(ta(0) - Aa + ua(0) - v,)dO
L := log (duaH(r[A, 7)) + pelog ( o exp(ta(xa) - Aa)dxa [o exp(ua(y,) - 'ra)dya>
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Substituting in the Lagrange multiplier p = —1 gives

Zlog ( / (Va) exp (Ua(ya) - Va) dya)

+log (/ exp (Zt ) d0>
- Zlog ([ w00 A+ w0 v)d0)  @0)

The first order necessary conditions stipulate that the gradient of the Lagrangian
with respect to the parameters must be zero. The gradient of the Lagrangian,

subject to u = —1, in this instance is

f@ eXp (ZI: 1 C(BC) c)
L =

s f exp (X", te(6) - Ac) d

Jota(@) exp (ta(6) - Aa + a(6’) Ya) do (421)

f@exp (ta(60) - Ay + u,(0) - ~,)dO '
V L f@ Uy ya (ya> exXp (ua(ya> Ya )an
™ Jo fa ya exp (Ua(y,) - 7a) dXa
 Joua(6) exp (ta(8) - A + ua(6) - 7,) dO (422

Joexp (ta(0) - As + ua(6) - v,) dO
Subject to the sufficiency assumption As. 1 and to the reciprocity assumption As.
2, t, and u, may be interchanged in these equations because they are always equal
(we discussed this in Section 2.2). Thus, setting (4.21) equal to zero and solving
for -y, ensures the equivalence between solving (4.22) set equal to zero for A, and
refining A, according to the EP refinement rule (2.24). In fact, the parameters A,
can be identified with the messages (2.25) from the factor nodes to the elementary
statistics vector nodes and the parameters v, may be identified with the messages
(2.24) from the elementary statistics vector nodes and the factor nodes. Thus,
when the parameters are equal to those messages and are such that VL = 0
and V4 L =0 for all a € {1,... M}, then the messages correspond to a stationary

point of expectation propagation. ll
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Note that it is rather atypical to set a Lagrange multiplier in a problem, usually
one sets a constraint value and then gets a resulting Lagrange multiplier. We will
see the theoretical significance of choosing —1 in Section 4.3. Here we address
its practical significance in the case that © is finite. In particular, choosing the
Lagrange multiplier to be —1 ensures that the gradient of the likelihood function
under the false independence assumption is equal to the gradient of the constraint

at a critical point.
VL =0 Vi, s, (r|A,7) = VP [x = y|A, ]

This means that, to first order, the change in the constraint and the change in the
likelihood function are equal as one moves away from a stationary point. In the
finite © context often one takes decisions on the convergent values of the parameters
(A*,~*) by selecting a particular x = y as the most likely candidate and throwing
all other information away (take for instance the binary case where A and ~ are
vectors of log likelihood ratios). Because this forces x =y and puts all probability
on one value x = x* =y, it is accompanied by a large (in fact, the largest possible,
since probabilities must be less than one) increase in the value of the constraint.
The Lagrange multiplier being —1, then, ensures that this large increase in the
constraint is accompanied by an equivalently large increase in likelihood under the
false independence assumption, to first order.

In the next section, we apply the results we developed to the turbo decoder and

the section following that applies the results to the belief propagation decoder.

4.2.1 Application to Turbo Decoding

An accurate justification for why the turbo decoding strategy performs as well as it

does is still lacking. While it has been proven that turbo codes have good distance
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properties, which would be relevant for maximum likelihood decoding, a proper
connection of the suboptimal turbo decoder with maximum likelihood decoding has
been lacking. This is exacerbated by the fact that the turbo decoder, unlike most
of the designs in modern communications systems engineering, was not originally
introduced as a solution to an optimization problem. This has made explaining
just why the turbo decoder performs as well as it does very difficult. Significant
progress has been made with EXIT style analysis [16] and density evolution [417],
but these techniques ultimately appeal to results which become valid only when
the block length grows rather large. Other attempts, such as connections to factor
graphs [14] and belief propagation [33], have been largely unsuccessful at showing
convergence due to loops in the turbo coding graph. The information geometric
attempts [13], [19], [30], [50], and [51], in turn have been inhibited by an inability to
efficiently describe extrinsic information extraction as an information projection.
None of these convergence frameworks, so far, have identified the optimization
problem that the decoder is attempting to solve. The connection between the sta-
tionary points of belief propagation and the critical points of the constrained Bethe
free energy, discussed for various cases in this dissertation in Section 4.1 and in
[44, 45, 52, 43, 35] does recognize that belief propagation is related to an approxi-
mation in statistical physics which is a constrained optimization, but it is difficult
to gain intuition as to why one would like to minimize the objective function, since
the Bethe free energy is not exact in factor graphs with loops. In this subsection,
we will show that the turbo decoder admits an exact interpretation as attempt-
ing to find a solution to a particular intuitively pleasing constrained optimization
problem by applying the result we just developed for expectation propagation in

Section 4.2. In our formulation of the constrained optimization problem, it will
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become clear that the turbo decoder is calculating a constrained maximum likeli-
hood sequence detection. This is to be contrasted to the claims in [11, 15, 52, 13]
that belief propagation decoding results in estimates of the maximum likelihood
bitwise detection, owing to the fact that the existing proofs of convergence within
that arena were for the product density case in which the maximum likelihood
sequence detection and the maximum likelihood bitwise detections corresponded.
Of course, the constraints change the problem from pure word-wise maximum like-
lihood detection to something that is generically (i.e. in factor graphs with loops)
neither wordwise nor bitwise detection.

After interpreting what Proposition 3 means in the context of decoding, we
will apply Theorem 3 to the turbo decoder. Actually, rather than simply copying
the theorem to the turbo decoder, we state the same essential idea, using notation
native to the turbo decoder. In particular, the parameters in our optimization
problem will be the usual parameters used in the turbo decoder. This means
that the notation will be slightly different and there will be slight differences in
appearances, but fundamentally the theorem remains the same. In order to more
deeply understand the constrained maximum likelihood framework developed in
Section 4.2 as it applies to the turbo decoder, we must first consider a system which,
although it is not exactly equal to that in which the turbo decoder operates, is the
system which the turbo decoder assumes in its sense of optimality. We will then

provide the optimization interpretation of the turbo decoder. See the notation

Tables 2.3 and 2.4.
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Maximum Likelihood Decoding

In a typical decoding situation, a binary message £ is encoded and transmitted over
a channel to create the received data r. Given r we would like to reconstruct the
original message &. There are two senses of “optimal” when it comes to decoding &
in the situation where we have no prior probabilities for the outcomes {£€ = B;}. In
one situation, we wish to minimize the probability of selecting the wrong sequence
& so as to minimize the block error rate. In another situation we wish to minimize
the probability of selecting the wrong bit &; so as to minimize the bit error rate.
We call the decisions which yield the former the maximum likelihood sequence
detection, and the decisions which yield the later the maximum likelihood bitwise

detection. The maximum likelihood sequence detection is then

¢ =a ma r
&MLsp rg ge{o,f]pr( |€)

and the maximum likelihood bitwise detection is

. _ )
& MLBD = arg max, IE g p(r|v)
v0|e;=&;

where p(r|€) is the likelihood function which results from concatenating the encoder
with the channel.

As we discussed in Proposition 3, one can set up maximum likelihood parameter
estimation problems which yield these detectors as their solutions. In particular,
consider a parameter estimation problem where we are trying to determine the
parameters of a factorizable prior PMF on & which yields the maximum a posteriori
probability of having received r. We know from Appendix D that to parameterize
the set M, it is sufficient to use a vector of log probability ratios A, since the set

of factorizable prior PMFs for a binary word £ is an exponential family with the
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trivial sufficient statistics t(§) = £. Denoting B; to be the binary representation
of the integer i, Proposition 3 tell us that to estimate & given r one can solve the

problem

A = A 4.23

M= e P 2
2N 1

= ar max r|/& = B,)P(B;|\ 4.24

i 2 PIEIE = BIF(BIN) (4.24)

In particular, since we know that for any A we must have

2N 1

> PBiA) =1
i=0
we see that the P that maximizes (4.23) takes the form

1 B; =&uwsp

0 otherwise

P(Bi|A) =

because putting any probability mass on any other word would not yield as high
a likelihood. This then implies that Aur, are the infinite log probability ratios
associated with the word EMLSD. In this manner we have seen that the maximum
likelihood sequence detector may be viewed as the answer to a maximum likelihood
estimation problem.

One can also set up a set of maximum likelihood parameter estimation prob-

lems whose answers are the maximum likelihood bitwise detections. In particular,
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consider the set of estimation problems

AimL = argxeﬂgﬁﬁim} Z p(r[&)PIEi[A] (4.25)
ge{o.1}Y

= arg max P& = 1]) Z p(r[€)

AeRUtree) £c{0.)V =1
+Pl& = 0] > p(xlg) (4.26)
£e{0,1}V]¢;=0
From the latter form it is evident that

Ly el > ) prfe)

P[fi = 1|;\i,ML] = £c{0,1}V]g;=1 £c{0,1}V]g;=0
0 otherwise
which shows that /A\LML is the (infinite) log probability ratio corresponding to the
maximum likelihood bitwise detection.

In general both of these detectors can have high computational complexity
for large block lengths unless some structure in the likelihood function can be
exploited. We will show rigorously in the next few sections that the turbo de-
coder, introduced in Section 2.1.1 and 2.1.2, is a computationally efficient means

of approximating these optimal detectors.

A Convenient Independence Assumption

In describing the operation of the turbo decoder, it will be advantageous to describe
a system like that in which the parallel turbo decoder operates, but in which the
messages X and y are chosen completely independently of one another as depicted
in Figure 4.2 for the parallel case and in Figure 4.3 for the serial case. Under the
false assumption that x and y were chosen independently of one another according

to factorizable PMFs with bitwise log probability ratios A; and X, the likelihood



65

< Select
—— Encoder 0 Systematic Memoryless ( )
ncoder > ; > > (r,,
and Parlty Channel s, To
Check
y y SeIeCt Memoryless
= > Encoder 1 > Parity > = I
Check Channel

Figure 4.2: The system which the parallel turbo decoder assumes.

—> 1 encoder 0 —>

v Memoryless | r
—> w™ ——> encoder 1 ——> —

Channel

Figure 4.3: The system which the serial turbo decoder assumes.
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function for the received data would be

pr‘s,r(hrl\a,ﬁ(r& r07 r1|a7 /3 - (Zp rS? rO‘X - ) (X - B |a>>

(Z p(rily = B))P(y = Bﬂﬁ)) (4.27)

| exp(Bax + py) |1 [| exp(BB + py) |1
| exp(Bav)]x | exp(BB) |1

in the case of parallel concatenation. This is (4.17) applied to the turbo decoder,

(4.28)

where the integrals have now become sums, due to the finite nature of the support

measure df in this instance?. In (4.28) we used the notation

Po = [10g (Pr. rolx=n, (Ts, T0[X)) |
and
P = [log (prs,ro\x:Bi (rsv I‘0|X))}

In the case of serial concatentation we have

p(rle. B) = (me&:B (&= B\a)2¢ P(y = B;|3) (4.29)

_ | exp(Ba + py)l1 || exp(BB + py) |11 L0
lexp(Ba)[;  [lexp(BB)]: (4.30)

Thus, recalling the definition of 1, from (2.2), the log likelihood function in either

(serial or parallel) case is

log(p(rla, B)) = —¢x(Bar) — ¥x(BB) + Ux(Ba + py) + (BB + py)

Furthermore, the decision statistics which the parallel turbo decoder uses to make

its decisions, which are the bitwise posterior probabilities at the output of one of

2Note that in this special case where there are only two component decoders,
we have chosen to leave off the repetition unit, using the constraints to add in
the probability that the messages are the same. This simply removes some para-
meters, which one typically works with during expectation propagation or belief
propagation, but are usually not used in the turbo decoder.
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the component decoders and have the log probability ratio vector a + 3, may be

interpreted under this notation as

[]P(Xl =Y = 1‘X =Y, aaﬁ)] = pB(a+ﬁ)

or the collection over all the bits of the probability that the ¢th bit of x and y
are equal to 1, given that x =y and x and y are chosen with factorizable PMF's
with log probability ratios a and 3, respectively. Since we have assumed that the
first component encoder in the serial turbo encoder is systematic, the serial turbo
decoder uses the same statistics for its decisions, but only the elements in pgag)
that correspond to systematic bits from that first encoder are needed.

To control this false assumption of independently choosing x and y, we will be
interested in choosing a and 3 so that the two densities so chosen have a large
probability of selecting the same word. This is because we know a priori that x
and y are the same, and thus, although we are relaxing the constraint that they be
exactly the same in doing the decoding, we want to enforce that they be similar.

Thus, at the decoder, we will be interested in the constraint set

C= {(awﬁ)“}b(x = Y|a7/6) = C}

which is the set such that the probability of choosing the same message for x and
y, given that we chose them independently according to the factorizable densities
whose bitwise marginals are a and 3 respectively, is fixed to ¢. We will now use

the notation

Bla) = exp(B;a)
Pl =Bie) = Bl
o ep(B)
Py =Bilb) = reo®@a,
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in order to rewrite

P(x=yla.8) = > P(x=Bila)P(y = Bilg) (4.31)

_ llepBa+ )l 2

lexp(Bay) |1 exp(BB)]x

so that

log(P(x = yla,8)) = log(||exp(B(a + 8))[[1) — log(]| exp(Be)||1)
— log(|| exp(BB)||1) (4.33)

= Ux(Bla+B)) — Ux(Ba) — ¢ (BB) (4.34)

and so that we can write the constraint set as
C = {(a, B)|Yx(B(a + B)) — ¥x(Ba) — ¥ (BB) = log(c) }

An Exact Characterization of the Turbo Decoder

In the next theorem we show that the turbo decoder is an iterative attempt to find
the maximum likelihood estimate for bitwise log probability ratios a and 8 under
the false assumption that x and y where chosen independently of one another
according to the bitwise factorizable PMFs with log probability ratios a and 3,
respectively. Furthermore, this optimization is performed subject to the constraint
that the probability of selecting the same message when selecting x and y in this

manner is held constant.

Thm. 4 (Turbo Decoder Stationary Points): The turbo decoder stationary points
are in a one to one correspondence with the critical points of the Lagrangian of the

optimization problem

(o, 8") = arg max_log(p(r|e, B))
(cB)eC
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subject to a Lagrange multiplier of —1.

Proof: Form the Lagrangian

L(e,8) = log(p(r|e, B)) + p(log (P [x = y|a, B]) —log(c)) (4.35)
= —Ux(Ba) — ¥x(BB) + ¥x(Ba + py) + (BB + p;)  (4.36)
+1 (= (Ba) — ¥ (BB) + (B + B))) (4.37)

Take its gradient

val— = —PBa Tt pBa+p0 +p (_pBa + pB(a+5)) (438)
Vgl = —Ppg+Pegip, T H (—PB,e + PB(a+B)) (4.39)
Selecting a Lagrange multiplier of u = —1, we have
Val = PBatp, = PBats) (4.40)
Vgl = PBgip, ~ PBlatp) (4.41)

Identifying a and 3 with the extrinsic information vectors from the turbo decoder,
we see that the a and 3 which solve VL = 0 are stationary points of the turbo
decoder. This is because VL = 0 implies that the bitwise posteriors from the sum
of the two extrinsic information vectors are equal to the bitwise posteriors from
both of the two component decoders. H

An important fact which sets the turbo decoder apart from most constrained
optimization problems is that one does not get to specify the value of ¢ = P[x =
y|e, B] before decoding. Instead, if the turbo decoder converges, one may evaluate
the constraint function —¢)x(Ba) =1« (B3)+1x(B(a+3)) at the convergent o and
B to get the log(c) for which the turbo decoder stationary points are critical points

of the optimization problem. Note also that if we have ¢ = P[x = y|a, 8] = 1 so
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that log(c) = 0, then the globally optimal solution to the optimization problem is
actually the maximum likelihood sequence detection. This then suggests that for
convergent values of log(c) close to 0, the turbo decoder will provide a detection
close to a critical point of the wordwise likelihood function, provided continuity in
log(c) of the solutions to the optimization problem.

Given the importance of selecting the Lagrange multiplier ¢ = —1, from here
on, we will always select 4 = —1 when we refer to the Lagrangian. Because the
condition that the gradient of the Lagrangian is equal to zero is necessary, but not
always sufficient, for a point to be the global optima, we must characterize the type
of critical points which are possible. In particular, we wish to know whether or not
the critical points of the Lagrangian are at least local maxima of the constrained
optimization problem. Generally speaking one can converge to either a maximum
or minimum, although if one replaces the Lagrangian with the expectation of the
Lagrangian over the received data one can guarantee that there is only a global

maximum.

Thm. 5 (Critical Point Characterization): The expected Lagrangian has only one
critical point which is a maximum of the expected constrained optimization problem.

Here, the expectation is taken over the received information r given «, 3.

Proof: To see this, consider the value of the Lagrangian within the constraint

space

L = —du(Bla+8)) + vx(Ba+ py) +¢¥x(BB + py) (4.42)

= —x(Ba) —¢x(BB) + C +x(Ba+ py) + Ux(BB + py)  (4.43)

where in the latter equation we substituted in the constraint. Now, note from this
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that L thus is the sum of two log likelihood functions within the constraint space

L = (=¢x(Ba) +¢x(Ba+pg)) + (=9x(BB) + (BB + py))  (4.44)

= log(p(rs, ro|ex)) + log(p(r1|B)) (4.45)

This then implies that the second derivative of the Lagrangian within the constraint
set has a mean which is the negative of the Fisher information matrix, call it J,

since the Fisher information matrix is defined as

J Va.aflog(p(rle, 8)) }p(r|ex, B)dr 0
0 J Vi sllog(p(rla, 8))}p(r|a, B)dr

J=-

where we have used V?{-} here to denote the operator which takes a function to
its Hessian matrix of second order partial derivatives. The well known fact, then,
that the Fisher information matrix is positive semi-definite, then shows that the
expectation of the Hessian matrix of the Lagrangian L is negative semi-definite.
This implies then, by Theorem 4.5 of [53], the function E[L] is concave, where
E denotes expectation with respect to p(r|e, 3), and thus has a unique global
maxima. Roughly speaking, this means that L is concave, and thus has a unique
global maximum, on average.ll

Two important distinctions are made in the previous theorem. First of all,
while the expected value of the Lagrangian is concave within the constraint space,
and thus has a unique global maximum and no spurious local maxima, we are
not guaranteed that for a particular sample r,, rg, r; there is only one solution to
VL = 0. In fact, Figure 4.4 shows that, even for N = 2 it is possible, depending on
rg, o, r1 for this convergent point to be either a maximum or minimum. Another
important distinction is that while the expected value of the Lagrangian is concave

within the constraint space, it is not necessarily concave outside of the constraint
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T.D. Stat. Point A Minima T.D. Stat. Point A Maxima

1.58
= 1.56
S
2
% 1.54

1.52

Lagrangian

Figure 4.4: L for two different sample values of p, and p, for N = 2 bits and simple
parity check codes. Here, the line indicates C, and x marks the spot to which the
Turbo Decoder converges given an initialization at (%, %) The py and p; axes are
the bitwise marginal probabilities associated with a, and we are always selecting
B = 7n(Ba+ p,) —a. In one instance we have converged to a local minimum along

C, and in another to a local maximum along C.

space. In fact, one can show that outside of the constraint space

vival‘ = PBO‘JFPO - pBaerOpgoH-pO - (PB(a+ﬁ) - pB(a+3)p£(a+ﬁ)) (446)
Visl = — (PB(ats) — PB(a+p)PBass) (4.47)

v/23,,3L - PBa+Po - pBa—l—pOpga—i-pO - (PB(a—i—,B) - pB(a+5)p£(a+ﬁ)) (448)

where Py is the matrix whose i, jth entry is the probability that both the ith and
7th bits are one, according to the wordwise measure whose log coordinates are
0. From this we can see that at a Turbo decoder stationary point, the diagonal
elements of V2L are all zero. Thus, the trace of the Hessian matrix is zero, and,
provided the Hessian is not identically zero, the stationary points are saddle points

of the Lagrangian when one does not restrict oneself to the constraint space.
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4.2.2 Application to Belief Propagation (e.g. LDPC) De-
coding

We introduced belief propagation decoding in the context of LDPC decoding in
Section 2.1.4. In order to consider a specific case of the wide ranging result of
Theorem 3, we will consider our parameters from expectation propagation 8 to be
a binary vector and use the simplest sufficient statistics t(0) := 0 so t,(0) := 0,.
These choices are the ones used in belief propagation decoding.

Belief propagation is often described as a method for obtaining the marginal
probabilities for the states 6;, i € {1,...,N} of the variable nodes in a factor graph.
While this certainly holds true for factor graphs that are trees, the breakthrough
applications of the algorithm to the decoding of turbo [33, 14] and LDPC codes
[9] involve networks with loops. In these cases, many authors have noted that
the convergent values often do not approximate the marginal probabilities well,
and several authors, believing that this must be a problem, have proposed and
analyzed more complex algorithms which more accurately calculate the marginal
probabilities [13, 36, 45, 52, 35]. This path is justifiable, because the (variable)
nodewise marginal probabilities are the correct statistics to use in making decisions
in an algorithm seeking to minimize the probability of (variable) nodewise error
[12]. Yet, the unmodified belief propagation decoding algorithm still yields mar-
ginal values in those breakthrough applications which allow for good performance
in a decoder, suggesting that the algorithm needs no modification in important
cases. Rather than attempting to fix a decoder which was already working well,
we strive here to accurately explain why the convergent points of belief propagation
decoding can offer good performance. To do so, it will be necessary to identify the

sense in which the convergent points of belief propagation decoding are optimal,
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since it is clear that in instances where there are loops in the graph the conver-
gent points no longer minimize the probability of nodewise error. Other authors
[12, 35] have attempted to determine the sense of optimality of the convergent
points by pointing out that the message passing dynamics can be viewed as result-
ing from minimizing the Bethe approximation to the variational free energy, and
minimizing the variational free energy gives marginalization. Those authors have
noted, however, that the Bethe approximation does not yield the exact variational
free energy in loopy factor graphs, and it is thus still not clear why minimizing it
yields good performance in situations where it is not exact. One can determine
a great many optimization problems which yield the same answers, and usually
one wishes to choose an objective function and constraints which have clear intu-
itive meaning. This motivates us to search for other optimizations whose objective
functions and constraints have deep intuitive meaning and which yield the belief
propagation decoding stationary points as their solutions. We are also motivated
to explain the optimality of the stationary points of belief propagation decoding
using analytical tools which are likely to be familiar to the wide range of engineers
and scientists that use the belief propagation decoding algorithm, and we believe
maximum likelihood estimation to be such a tool.

Here, we argue that belief propagation decoding may be viewed as a detector
which iteratively attempts to minimize the blockwise error probability, that is the
probability of selecting the wrong @ = [0y, ..., 0|7, subject to specific constraints.
After reviewing some preliminaries in Section 4.2.2, we do this by showing in Sec-
tion 4.2.2 that the stationary points of belief propagation decoding are critical
points of an intuitively pleasing constrained blockwise maximum likelihood esti-

mation problem. If the convergent value of the constraint, which is easy to measure
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with low complexity in practice, is equal to zero, then the corresponding station-
ary point of the belief propagation decoding algorithm is a critical point of the
blockwise-likelihood function. We then show via simulation that in the situations
where the belief propagation decoding algorithm is applied, that is, in situations
where the decisions provided by belief propagation decoding yield low probability
of error, these constraints are close to zero, which suggests, via continuity, that
the convergent points of belief propagation decoding are close to critical points of
the network-wide likelihood function and thus network-wide maximum likelihood

detections.

Belief Propagation in Factor Graphs

In this article, we will consider the use of the belief propagation decoding (aka sum
product) algorithm in factor graphs of a likelihood function corresponding to the
likelihood of decoding some observations r, given a vector of N bits 8 € {0, 1}".
We have observed r and we would like to determine the @ = [0y,...,0y]" which
gave rise to our observations. Furthermore, the likelihood function factors into the

product of functions of smaller subsets of variables

1 M
0)=—11"f.(0, 4.49
p(r0) = H (62) (4.49)
where 0, is a vector containing the elements of some subset of {61, ...,0y} and Z

is a constant defined by

Z = Z Hfa<0a)

6c{0,1}" a=1

The factor graph encodes the factorization in (4.49) into a bipartite graph of vari-
able nodes representing the elements of the vector @, and factor nodes representing
the functions f,. The graph is bipartite, because an edge may connect only a vari-

able node with a factor node so that there can be no edges incident on two variable
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nodes and there can be no edges incident on two factor nodes. In fact, if an edge
connects a variable node #; with a factor node f,, it means that f, depends on 6;.
The belief propagation decoding algorithm lists a set of message passing rules along
edges between adjacent factor nodes and variable nodes. In particular, denote the
message passed from the variable node 6; to the factor node f, by n,, , and denote
the message passed from the factor node f, to the variable node 6; by m,,, then

the message passing rules of belief propagation decoding are

nna 1 H mCTL

CGN (n)\a
with
C=2 1l me@

0:€{0,1} ceN(n)\a
and

1

ma,n(gi) — 5 Z fa<0a) H nn’,a(en’)
0.\0: n’eN(a)\n
with
D=) £(0.) [ nrwaw)
0. n’eN(a)\n

where we have replicated the notation from [35]. Because we are considering only

variable nodes which can take on binary values, these messages may be summa-
rized by passing log likelihood ratios instead of single bit probability mass func-
tions. Given a log probability ratio, we can determine the corresponding single
bit probability mass function. In other words, we can equivalently consider belief

propagation decoding to be an algorithm which passes the log likelihood ratios
Npa(l)
Ao =1 _malt)
o (nn,a<0>)

and
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between the nodes. Taking this a step further, define

- ()

and list this function into a vector

Pa = [pa(B()): pa(B1)> SR 7pa(B2“71)]

Similarly, define the vectors of log likelihood ratios
Ay = [)\l,ow /\2,0,7 cee 7/\N,a]T

and

Ya = [’ya,la Ya,25 - - - ,’Ya,N]
with the understanding that if there is no edge connecting 6; and f,, then the values
An.o and 7, n, whatever they may be, are meaningless in terms of the factor graph.
We can now rewrite the message passing that occurs in the belief propagation
decoding algorithm as

o, «— fact (By, + p,) — 7. (4.50)
and
Vo D

or equivalently

M
v, < fact (Z Bac> —Aa (4.51)
c=1

where we used fact to represent the map which takes a wordwise PMF’s log coor-

dinates to its bitwise log probability ratios

fact(p) = log(B” exp(p)) — log((1 — B)" exp(p))
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Now, with regards to locations in the vectors A, corresponding to non-existent
edges, we can see from the independence of p,(6) on 6; for n not in N(a) that
Ana = 0, since for these n fact; (B, + p,) = Yan-

Since the map between a bit’s log probability ratio and the probability that
the bit is one is a bijective map, we can also write these relations with respect to

the bitwise probabilities. In particular, we could have equivalently determined the

message passing rules by stating

Yo < Asuch that pgiaga,) —Pey* 2, =0 (4.52)

Aa  Asuch that pg(y yx) = Py, 4p, =0 (4.53)

It is this way of writing the belief propagation decoding dynamics which allows us

to most easily recognize their optimality.

A Factorization Related to Turbo Decoding

Writing the belief propagation decoder in the form (4.50) and (4.51) allows us to
recognize another duality between belief propagation decoding and turbo decoding.
It has already been shown that the turbo decoder may be thought of as an instance
of the belief propagation decoding algorithm [33, 141]. This is certainly the correct
ordering when one is considering the chronological order of invention of the two
algorithms in the context of the decoding of error correction codes [9, 3]. Writing
the belief propagation decoding algorithm in the form (4.50) and (4.51), however,
emphasizes that belief propagation decoding may be viewed as an instance of
turbo decoding, and identifies that the two ideas are equivalent. The mindset
used in looking at belief propagation decoding in this manner will be helpful in
developing intuition for our results later, so we will describe this duality here. To

see this, consider the factors f,(8,) of the original likelihood function p(r|@) to be
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likelihood functions themselves. In this way each f,(€,) may be regarded as the
likelihood function f,(8) for @ from some code c, given our observations r (where
fa(8) is constant with respect to 6; for i not in N(a)). We also know that the
6 in each f,(0) must be the same, so we can consider this fact as arising from a
repetition code for 8. Thinking about belief propagation decoding in this manner
inspires us to consider the original factor graph as actually arising from the serial
concatenation of a repetition code with M parallel “codes”, where M is the number
of factors in the original factor graph. Running belief propagation decoding on
the general factor graph in Figure 4.5 (a) is thus equivalent to running the turbo
decoder for Figure 4.5 (b), and is therefore no more mathematically general than
turbo decoding if one allows the concatenation of multiple codes.

The spirit of the idea here is an alternate factorization of the likelihood function
p(r|0) related to belief propagation decoding on the factor graph from the original
factorization. In particular, if we introduce extra variables x, for all a € {1,... M}
and the functions f.(8) = f.(6.) VO, then we can rewrite the likelihood function

as

p(rlx.) = %g(xl, cey Xn) H fa(xa)

where we have the new factor g which enforces that all of the x, be equal (to 6,
in particular)

M
g(x1, ..., xy) = H(S(xl — Xa)
a=1

where ¢ is the multidimensional Kronecker delta function which is defined as

1 6=0
5(0) =

0 otherwise

Note that choosing the (x.) to maximize p(r|x.) yields the same result for 8 = x,

for any a as maximizing p(r|@). Furthermore, marginalizing p(r|x.) for x,, also
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Figure 4.5: An equivalent interpretation of a factor graph arising from a likelihood
function. In particular, we can consider each factor f, to be a likelihood function
itself, and the factor graph emphasizes the way that the arguments 0, must all
arise from subsets of a common vector 8. This may be represented as in (b), as
the serial concatenation of a repetition code which makes L copies of the vector
0, and constraints c; which represent the model for the way the observations are
generated according to the function f,. Each constraint c, corresponds to a model

which, together with the observations r, gives f, as a likelihood function for 6.
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code

000

Figure 4.6: The system which the belief propagation decoding algorithm assumes.
In particular, a false assumption is made that the input y, to the ath constraint c, is
independently chosen from the output x, of the repetition code via a factorizable
pmf with log probability ratios v,. Also, it is assumed that the output of the
repetition code x, is chosen with a factorizable density whose log probability ratios

are \,.

yields the same result as marginalizing p(r|@) for 6;.

We now may view g as being the likelihood function for the repetition code
depicted in Figure 4.5, whose single turbo decoding step is represented by (4.51)
and HLI fa(xa) to be the likelihood function resulting from the codes on the right

in Figure 4.5 and whose single turbo decoding step is represented by (4.50).

Belief Propagation as Iterative Maximum Likelihood

To help reinterpret belief propagation decoding, it will be useful to consider a
system, shown in Figure 4.6, which is related to the system in which the belief
propagation decoding algorithm is operating. In particular we will ignore the
fact that the output of the repetition code is connected to the constraints c,, or

equivalently that the output of the interleaver in the factor graph is connected to
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the factor nodes. Instead assume that for each constraint c, (i.e. the “code” giving
rise to the likelihood function f, given our observations) there are two independent
messages X, and y, chosen from factorizable densities with log probability ratios
A. and 7,, at the output of the repetition unit and the input to the constraint,
respectively. This is the same as assuming that there are M parallel independent
factor graphs, where the ath one has variable nodes x, and only has those edges
which are adjacent to the factor f,.

This independence assumption may be related to yet another refactorization of

the likelihood function p(r|@) by introducing extra variables x, and y,

p(r10.x.y) = Zobxi, - xh(e,y) [ flya)

where, once again
g(Xb s 7XM) = H(S(Xl - Xa)

and we have introduced a new factor
M
hix.,y.) = [ [ 6(xa —v.)
a=1

which enforces that x, and y, must be equal. Once again, maximizing p(r|x.,y.)
trivially leads to the same 6 = x, =y, for any a as that which maximizes p(r|@)
and marginalizing p(r|@,x.,y.) leads to the same marginals for x,, =y, as
marginalizing p(r|@).

Using this new factorization, the false independence assumption may then be

regarded as approximating the true likelihood function p(r|@,x.,y.) with

P (e y) = Zo0x1, ) [ Ay
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Writing this in terms of the log probability ratios A.,«. then gives

M
10g(Papp(r| X 7.)) = log | Y papp(rly.) [ [ PlalAalPlyalva]
X. a=1

= log | Plx, = & Va|A] H Z_ fa(Bi)P[ya = Bi|’)’a])

a=1 =0
S exp(X B?Aa)>
Ha 1 ZQ Olexp(BT)\ )

T exp(BI, + p.(By))
lo T ¢ - 5
T (g Z?:B exp(B; 7,) Zi:o exp(pa(Bi)))

= Uy (Z BAa) +) U(Bra+p.) = Y Uk(B
=Y By = Y Ux(p.)

Of course, we want to minimize the effect of dropping h from the factorization.

= log

One way to do this is to control the false independence assumption between x,
and y, by constraining the probability that the x, and y, so chosen are the same

for each a to be a constant c.

M

11 > exp(BY (Aa +7,))
a=1 2NoleXp(BT>‘ ) NB eXP(BT’Y )

=C

Plx, =y, Vae {l,...,M}A,~] =
This may be rewritten equivalently in the log domain

D U(Ba +7.)) — Ux(BA,) — ¢(By,) = log(c)

In particular, if ¢ is (nearly) one, then x, will be (nearly) equal to y, for each a,
and thus we will not suffer from dropping h from the likelihood function.

With these definitions, we are ready to prove the following theorem.

Thm. 6 (Optimality of Belief Propagation Stationary Points): The stationary

points of belief propagation decoding solve the first order necessary conditions for the
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following constrained maximum likelihood problem

(A% 77) = arg max 1og (pap(r|, 7)) (4.54)

57

where the constraint set C is
C={(A,v)|log (P[x. =y, Va|A,,v.]) =log(c) Va} (4.55)
subject to a Lagrange multiplier of —1.

Proof: A direct application of Theorem 3. B

The expression (4.54) under maximization is the log likelihood function for
choosing the input sequence if, for each constraint c,, the input y, were chosen
independently of the repetition x,; these are parameterized by log probability ratios
A. and 4,, respectively. The constraint set (4.55) may be viewed as enforcing a
“sufficiently high” probability that the y, terms in fact agree, according to the
constraint probability c.

Let us rehash the intuitive nature of the optimization. In calculating the like-
lihood function, we make a false assumption of independence between all of the
X,s and y,s, but then we control this false independence assumption by restricting
the probability that the x,s and y,s are equal to be constant, with values closer
to one indicating higher confidence. What the result shows is that, if the belief
propagation decoding converges to a stationary point (X', 4¥), then this stationary
point has a corresponding probability P[x, = y,Va|A',¥] = ¢, and this station-
ary point is a critical point of the likelihood function within the constraint space
{(A,7.)]log(P[x, = y, Ya|A.,v.]) = log(c)}. Before the decoder has converged,
however, the value of the constraint may vary widely.

Via the sensitivity interpretation of Lagrange multipliers [54], we may consider
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choosing the Lagrange multiplier of —1 as indicating that it is equally important

to us to have a large P[x, =y, Va|\.,7.] = c as to have a large pa,(r|A.,7.).
Before interpreting this result further, it is important to reinterpret the quan-

tities used in the belief propagation decoder for decisions in terms of the intuitive

quantities in this theorem. Now, recall from Section 4.1 that the belief at node 6;

qi(l)) (k) (k+1)
]'Og < = A7‘L a + 7(1 n
ql(o) ) 3

This allows us to reinterpret the belief as

at time k is given by

q1<x> =P |:Xa,n =Yun = x’Xa =VYa )‘aa’Ya]

which is intuitively reasonable, since we know a priori that x, = y,, and so we
want to exploit that in making our decisions. Now, also note that if ¢ = 1, then all
of the messages x, and y, are forced to be equal. Thus, if the belief propagation
decoding converges to a stationary point which has ¢ = 1, then it has converged
to an extremum of the true blockwise likelihood function. Of course, the global
extrema of the blockwise likelihood function is defined as the maximum likelihood
sequence detector. Provided continuity of the solutions of the optimization problem
with respect to ¢, then for ¢ close to 1, we should have solutions close to extrema
of the network-wide likelihood functions, and if they are initialized correctly, close
to the network-wide maximum likelihood detector.

In the next section, we show for some key examples that when the belief prop-
agation decoding algorithm is giving decisions on the network states with a low
probability of error, c¢ is close to 1. This then completes the argument that in
instances where the belief propagation decoding algorithm is commonly used, that

is, in regimes with a low observed probability of node-error, it is providing that
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low probability of node-error by iteratively computing a close approximation to

the network-wide maximum likelihood detector.

Simulations

We have seen in the preceding section that the belief propagation decoding max-
imizes an approximation to the true blockwise (belief network wide) likelihood
function within a constraint set C which fixes the probability P[x; = y;] to a con-
stant. Furthermore, we saw that if this constant is one then the approximation is
exact within the constraint space. Here we give some simulated examples which
show that the value of this constraint usually converges to 1 with successive it-
erations for SNRs which provide a low probability of bit error at the output of
the decoder. This then suggests that in situations where the belief propagation
decoder is likely to be used, that is, in situations where the decisions from the
decoder provide a low probability of bit error, the belief propagation decoder is
providing decisions which are close to the maximum likelihood blockwise detec-
tion. This then justifies the proper operation of the belief propagation decoding
in instances (such as the one simulated) where there are loops in the belief graph.

Figure 4.7 depicts the results for the 103-block length optimized code from
[19], with the exception that we did not avoid cycles when picking a random
interleaver. Ome can easily discern that for low bit error rates the constraint
probability P[x, = y,Va|\.,~.] converges to one with successive iterations. The
same phenomenon is shown for the 10* block length optimized code from [19] in
Figure 4.8. We can conclude then, that the constraint probability converges closely
to 1 with successive iterations, which suggests that the stationary points are close

to the critical points of the real likelihood function within the constraint space.
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Figure 4.7: A N = 10® optimized code from [19]. The value of the constraint near

to 0 when the decoder is providing a low bit error rate, suggesting that the decoder

is performing decisions close to the blockwise ml decisions.

Note that ¢ is a quantity which is capable of being monitored at the decoder
with low complexity calculations over the iterations, thus one could use it to predict
convergence or use “c is close to 1”7 as a stopping criterion and an indicator for

successful decoding, although we do not investigate this possibility here.

Conclusions

While the belief propagation decoding algorithm has been previously shown to
converge to the true a posteriori probabilities in belief networks that are trees,
many of the recent breakthrough applications of the algorithm, such as for the
decoding of LDPC and turbo codes, involve belief networks with loops. While
the belief propagation decoding stationary points have been shown to minimize

the Bethe approximation to the variational free energy, and thus equal the true
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Figure 4.8: A N = 10* optimized code from [19]. The value of the constraint near
to 0 when the decoder is providing a low bit error rate, suggesting that the decoder

is performing decisions close to the blockwise ml decisions.

bitwise a posteriori probabilities for factor graphs which are trees, this approxima-
tion is generally inexact for factor graphs which are not trees, and thus it is not
entirely clear why minimizing it yields statistics which give decisions with good
performance. Here, we have connected belief propagation decoding to constrained
maximum likelihood sequence detection by showing that the stationary points of
belief propagation decoding are critical points of an approximation to the likeli-
hood function within a constraint space. For a constraint probability of 1, the
approximation is exact, and we observed via simulation that the constraint prob-
ability converges to 1 with successive iterations in instances where the decoder is
providing a low bit error rate. We argue that these results suggest that the be-
lief propagation decoder is providing a low bit error rate in networks with loops

because it is iteratively minimizing the probability of blockwise error.
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4.3 Relation Between the Two Generic Optimality Frame-

works

In the previous two sections we provided two different constrained optimization
problems which yielded the stationary points of belief propagation as their criti-
cal points. It turns out that these two frameworks are intimately related to each
other, because the Lagrangian of the constrained maximum likelihood framework
is a reparameterization of the pseudo-dual to the constrained Bethe free energy.
The intuitive justification provided for the constrained maximum likelihood frame-
work then allows us to see the motivation for minimizing the Bethe free energy in
contexts where there are loops in the statistics factor graph. Here we have used

the (perhaps somewhat quirky) terminology

Def. 3 (Pseudo-Dual): Consider the Lagrangian of a variational constrained func-
tional optimization problem of the form (C.7) where each of the functionals is of the
form (C.6). If, for each set of Lagrange multipliers p, there is a unique function f*
which sets the variation equal to zero, we call the value of the Lagrangian at f* regarded

as a function of p the pseudo-dual function to the optimization problem (C.7).
We are now ready to prove the following theorem.

Thm. 7 (Pseudo-Duality of the Two Optimality Frameworks): The constrained
maximum likelihood optimization problem from Theorem 3 is a reparameterization of
the negative of the pseudo-dual of the constrained Bethe free energy minimization
problem from Theorem 2 within the set of {j., p;} that yield probability densities in

(4.10) and (4.11) that integrate to one.

Proof: From (4.10) and (4.11), given a fixed set of multipliers p, the variation
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of the Lagrangian with respect to q, and qy; is equal to zero if and only if g, and
Qv are of the form in (4.12) and (4.13). Substituting these q;’s and qj ;’s into the

Lagrangian (4.9), then, gives us the pseudo-dual function

Z/ a) €Xp Z Fas - Vi(Oyi) + pa — 1

i€EN(a)

Z I-‘l’al' V1)+Ma_1 de
i€EN(a)

v
> e/\/(')u’ai'vi(evi) — Hv,i
_ j\/i—l)/ exp Al A ’ ——1
2 W= J NG -1
- i Vi(Ovi) — s
<Za€/\[(l) l’l’a,l ( 7) My _1) devyi

V() -1
M
_Z,ua / fa(6a) exp Z Hai Vi (Ovi) +pra—1]dO, — 1
a=1 ©a i€EN (a)
V S an Has Vs (8us) — i
aeN (i) Ko s Vl( v,i H i
- v i / exp - —1]do,; —1
; ( v,i ( V(i) -1
v
> e (o, [vi(0y0)] — Eq,, [vi(6y)]) (4.56)
i=1 aeN (i)

Simplifying this, we have

- _Z/ 2) exp Z “’al' i v1)+ﬂa_1 do,

i€€EN(a

' D aen(a) Has - Vi(Ovi) — fivs
+;(!N’(1)|—1)/evﬁiexp< N1 —1]do,;

M ')
+ Z Ha + Z M i (4.57)
a=1 i=1

It is particularly of interest to consider the value of this pseudo-dual function

within the constraint space C, of multipliers g which via (4.12) and (4.13) give

distributions {q,} and {q;} that are probability distributions which integrate to
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one. Within this constraint space, the pseudo-dual function simplifies to
v M v
d(p)luec, = M+ (NI =D +D pat D ivs (4.58)
i=1 a=1 i=1
v v
= M+ (N =1+ (NI -1)

i=1 i=1

ZaGN(i) Pz Vi(Ou;s)
log / exp - — —1]d6,;
( ( N@I—1

M
—> log /fa(Ga)eXp > ascv — 1 de, |(4.59)
a=1

©a i€EN (a)
v > , -vi(0,5)
. acN (i) Ha s vl( v,i
= W@ Do [ exp =0T 46,
; V(i) -1
M
—> "log / fa@)exp [ ) pas-vi(6ys) | d6. (4.60)
a=1 ©a i€EN (a)

It turns out that this is related to the Lagrangian (4.20) for the optimization
problem in Section 4.2. In particular, if we substitute the relation
Fli= > i VieN(a) Vae{l,... M}
ceN(1)\{a}

which, incidentally, solves VL := 0 in terms of -,, then (4.20) becomes

L = Zlog ( / (¥a) exp (ua(ya) - va)dya)

—Z<w<i>r—1>1og ] KOICOSED DA RO [ET

v,i aeN (i)

= Zlog ( / (¥a) exp (ua(y,) - 'ra)dya)

_Z<|N<1>| —1)log / exp | vi(Oys) - Z (V)i | dOvs | (4.62)

Ov,s acN (i)
Then, if we identify

Ya,i = Maji Vi e EN(a)
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we see that (4.62) is equal to the negative of (4.60). W

One might wonder why it is necessary to distinguish between a pseudo-dual
and a dual. This has to due with the necessity, but not sufficiency, of the require-
ment that the variation of the Lagrangian be equal to zero to have the unique
infimum of the Lagrangian regarded as a functional of f (i.e. with fixed Lagrange
multipliers p). Even though the Lagrangian might have a unique function which
makes its variation zero, this function does not necessarily attain the infimum of
the Lagrangian, that is, it is not necessarily the minimum. We can conjure up
at least two examples here via analogy to basic calculus. First of all, there is the
possibility that the infimum is —oo (take, for instance x® which has zero derivative
only at x = 0 but is unbounded below). Second of all, there is the possibility that
the infimum is finite but not attained (take for instance exp(—x3) which has zero
derivative only at x = 0 and which has an infimum of zero which no real number
x can attain). On the other hand, we can be confident that if the infimum is both
finite and attained, then a unique solution to the first order variation conditions

will attain the infimum.

Prop. 4 (Duality of the Two Optimality Frameworks): Let A be the set of La-
grange multipliers p for which the infimum of the Lagrangian of the constrained Bethe
free energy with respect to qg,.,,. is finite and attained and for which the pdfs in
A% iNtegrate to unity. Then, for u € A the Lagrangian of the constrained max-
imum likelihood optimization problem is the negative of the dual of the constrained

Bethe free energy.
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Proof: When p € A the unique solution to the first order necessary conditions
that we found must attain the infimum, erasing the difference between the pseudo-

dual and the dual. B



Chapter 5

Convergence Frameworks

In this chapter we introduce two novel convergence frameworks for the family of
expectation propagation algorithms. We first show how both the serial and parallel
update schedules of the expectation propagation algorithm are nonlinear block
Gauss Seidel iterations on the first order necessary conditions from the constrained
maximum likelihood optimization problem in Section 4.2. This allows us to extract
two convergence theorems from the numerical analysis literature and apply them
to expectation propagation. We then take the theory that results and apply it to
the turbo decoder, meeting with mixed practical success. Starting anew, we next
introduce another convergence framework for the expectation propagation family of
algorithms via analogy to Dykstra’s algorithm to solve a convex feasibility problem
with iterated Bregman projections. We then discuss some of the possibilities of
convergence theories based on this framework. We recommend the reader not
well versed in numerical analysis and the canonical representations of exponential

families read Appendices A and D.4 before attacking this section.

5.1 Iterative Numerical Methods

In this section we explain how expectation propagation algorithms may be viewed
as iterative numerical methods bent on finding the critical points of the generic
constrained maximum likelihood optimization problem and the statistics based

Bethe free energy minimization problem discussed in the previous chapter.

94
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5.1.1 Common Iterative Methods of Solution

Of central interest in this section, due to their relevance to expectation propaga-
tion, will be various iterative numerical methods for solving systems of nonlinear

equations. In particular, suppose we have a system of equations described by
h(x)=0 (5.1)

where h : R¥ — RY is a vector valued function of x € RY. Suppose further that
we had a method which was capable of solving subsets of the system of equations
for subsets of the variables. In particular, divide up the equations in the system

into groups by rewriting
T
h(x) = [h{ (x), h3 (%), -, hy (x)]

and divide the variables to solve for up into the same groups x := [x1, X2, -+ , Xy],
so that x; € R™ and h! : R" — RY% for all i € {1,...,M} and Y . N; = N.

Suppose that we are capable of solving

hi(x) =0 (5.2)
for x; in terms of x \ x; = [x],--+ ,xI_ |, x{,, - ,XﬂT. That is, suppose that

for each 1 € {1,...,M} we had a function u;(x \ x;) which satisfied
hi(xy, - X (X \ Xa), X401, %) =00 Vx\ x5

There are several traditional methods of solving the original system of equations
(5.1) using the implicit functions u;. For brevity, we mention only two here, the
Gauss Seidel method and the Jacobi method, and expound on the connections
between expectation propagation and the Gauss Seidel method. The Gauss-Seidel

procedure has been discussed most widely for linear systems of equations [55, pp.
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480-483] , [56, pp. 251-257], [57, pp. 510-511], but can be generalized to nonlinear
systems of equations as well [16, pp. 131-133; pp. 185-197], [15, p. 225], the most
generalized form being referred to as a nonlinear block Gauss Seidel method. In a

nonlinear block Gauss Seidel method we attempt to solve the system by iterating

Y = (Y ) vie {1

1 Y Y

and in a nonlinear block Jacobi method we attempt to solve the system by iterating

xgkﬂ) = Ui(ng)v"' 7X(ik_)1ax(i1217"' ,X»(qk)) vie{l,..., M}

We will now see how the Gauss Seidel iterative method corresponds to the two dif-
ferent schedules of the expectation propagation algorithm for the system of equa-
tions which are the first order necessary conditions of Lagrange for our constrained

optimization problem.

Prop. 5 (Parallel Expectation Propagation as Gauss Seidel): Expectation propa-
gation under parallel scheduling is equivalent to a nonlinear block Gauss Seidel iteration
attempting to zero the gradient of the Lagrangian to the constrained maximum likeli-

hood optimization problem from Section 4.2 with
X1 = A Xg =7

and

hl = V'YL h2 = V)\L

Proof: In the proof for Theorem 3, we showed that solving VL = 0 is equiva-
lent to updating the messages =, from the statistics nodes to the factor nodes, and

solving V, L = 0 is equivalent to updating the messages A, from the factor nodes



97

to the statistics nodes. Thus, scheduling the solutions in this fashion updates the
statistics to factor node messages all at one, and the factor to statistics messages

all at once. This is what is referred to as parallel scheduling.

Prop. 6 (Serial Expectation Propagation as Gauss Seidel): Expectation propaga-
tion under serial scheduling is equivalent to a nonlinear block Gauss Seidel iteration
attempting to zero the gradient of the Lagrangian to the constrained maximum likeli-

hood optimization problem from Section 4.2 with
Xoa—1 = Aa Xoa: =7, Vae{l,... M}

and

hga_l = V%L hga = VAaL

Proof: In the proof for Theorem 3, we showed that solving VL = 0 is equiva-
lent to updating the messages =, from the statistics nodes to the factor nodes, and
solving V, L = 0 is equivalent to updating the messages A, from the factor nodes
to the statistics nodes. Thus, scheduling the solutions in this fashion updates the
statistics to factor node a messages, followed by the factor a to statistics messages
next. This is what is referred to as serial scheduling. l

We should also mention that we were not the only ones to note the correspon-
dence between belief propagation (a special case of expectation propagation) and
a nonlinear block Gauss Seidel method on the gradient of (a function related to)
the dual to the Bethe free energy. Just before we presented our result about the
constrained optimization framework [55] for turbo decoding, and at the same con-
ference (ISIT 2005) as our original result concerning the Gauss Seidel iteration [59],
[60] was also presented. In [60] and [(1], the authors noted the relevance of the

Gauss Seidel iterations and the Jacobi iterations on the dual of the Bethe free en-
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ergy, providing some elementary (but in the latter instance, incorrect) convergence
results.

The convergence of nonlinear Gauss Seidel methods received some significant
attention in the numerical analysis literature during the early 1970s. Relevant
references include [62], [63], and [64]. Our next theorem is an application of a

theorem from [(4], and the terminology used in it is included in the appendix A.

Thm. 8 (Convergence of Expectation Propagation Algorithms (Mixed Parameter
Spaces)): If, when regarded as a function of [A”,47]7, the function [(VaL)”, (V,L)T]"
is an m-function and is surjective onto R?' the expectation propagation algorithm con-

verges to the unique solution of VL = 0.

Proof: This is just Theorem 19 from Appendix A with (4.21)= 0 and (4.22)=0
as the system to be solved. B

One of the difficulties prohibiting direct application of (8) to practical instances
of the expectation propagation algorithms is that the gradients VL are usually not
surjective onto R?'. In binary decoding problems, for instance, VL is a difference
between two vectors of bitwise marginal probabilities and is therefore necessarily
limited to the range [—1,1]. One way around this, taken in Section 5.1.2; the so
called “application” of this theory to the turbo decoder, is to attempt to change
the theorem and proof a bit to ensure that the algorithm remains within a set
within which the VL is an m-function. This method, however, has not met with a
great deal of success, since the conditions that results are confusing at best, and
certainly hard to check in anything even remotely resembling a practical instance
of the algorithm.

Another way around this difficulty is to work with the natural parameters A
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instead of the expectation parameters E[t]. In particular, since we used minimal
representations we can use the inverse of the one to one map (discussed in Appendix
D) between A and Elt], call it A, and rewrite (4.21) and (4.22) as

Jio ta(Ba) exp (X0 te(0:) - Ac)dO)
A < f@exp(Zc 1te(6c) - Ac) d6 ) =0 063

o (Jouay)falya) exp (ua(ya) - 7a) dxa
e +7.) A( o fa(ya) exp (Ua(ya) - 7a) dXa )

0 (5.4)

Thm. 9 (Convergence of Expectation Propagation Algorithms (Single Parameter
Space)): If, when regarded as a function of [A”,~”]7, the vector function set equal
to zero in the system of equations (5.3) and (5.4) is an m-function, continuous, and
surjective (onto) R?', the expectation propagation algorithm converges to the unique
solution of (5.3) and (5.4) and thus the unique interior critical point of the constrained

maximum likelihood optimization problem.

Proof: This is just theorem 19 with (5.3) and (5.4) as the system to be solved.

This second theorem allows for somewhat neater application to the turbo de-

coder in 5.1.3.

5.1.2 Application to Turbo Decoding

In this section we apply Prop. 5 and Thm. 8 to the turbo decoder using the
slightly differing formulation from Theorem 4 and a particular set of conditions

under which a function is a m-function.

Thm. 10 (Turbo Decoder Dynamics): The turbo decoder is exactly a nonlinear

block Gauss Seidel iteration bent on finding the solution to the constrained optimization
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(a*,B") = arg max log(p(r|a, B))
(a,B)eC
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In particular, the turbo decoder stationary points are in a one to one correspondence

with the critical points of the Lagrangian of this optimization problem with a Lagrange

multiplier of —1. The turbo decoder is then a nonlinear block Gauss Seidel iteration

on the gradient of this Lagrangian.

Proof: Form the Lagrangian

L(a,B) = log(p(r|ex, B)) + p (log (P[x = yle, B]) —log(c))

= —Ux(Ba) —x(BB) + Ux(Ba + py) + (BB + py)

T (_wx(Ba) - ¢X(BIB> + %Dx(B(Oé + B)))

Take its gradient

Vol = —PBa T PBa+p, + (_pBa + pB(a+B))
Vsl = —Ppg+Praip, + 1 (~PBs T PBasp)
Selecting a Lagrange multiplier of y = —1, we have
Vol = pBoz—&—p0 — PB(a+pB)
Vgl = PBgB+p, — PB(a+pB)

If we break this system of equations into two parts

F0<a7 /3) = VaL = pBa+p0 - pB(a-i—B)

Fi(a,8) = VgL= PBg+p, — PB(a+8)

Then we can see that the turbo decoder solves Fj for o given a fixed 3 =

(5.8)

(5.9)

(5.10)

(5.11)

(5.12)

(5.13)

/g(k) t0
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get a® . and then solves Fy for 3 given a fixed a = a® to get B**Y, that is

a® = o such that Fo(a, B%) =0 (5.14)

B = 3 such that F1(a®™,8) =0 (5.15)

This is exactly the form of a nonlinear block Gauss Seidel iteration. Furthermore,
the system of equations it is trying to solve are the necessary conditions for finding

a solution of the provided constrained optimization problem, which are

Vol = 0 (5.16)

Vel = 0 (5.17)

subject to a Lagrange multiplier of = —1. W

From here on, to compact notation, and to continue relation with the Fy and
F, notation used in the proof of Theorem 10, we will denote VL by F. Here we
will elaborate on the connection to the Gauss Seidel iteration, and use it to gain
some convergence conditions for the turbo decoder. We will use the componentwise

ordering, so that x <y <= z; < y;Vi.

Thm. 11 (Region of Convergence for the Turbo Decoder): Define the measures p

whose ¢ coordinates are BA + p,, q whose 6 coordinates are By + p;, and r whose 6
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coordinates are B(X + «). Define the set D C RY x RY as

{(A,y) € RY x RY| 3x € R*" such that Vi € {1,..., N}
wir [§ = 1r[6 = 0] > > anylplé = 1plg; = 1] —pl& = 10§ = 1]
+an4ilr[& = 1]r[& = 0] — p[& = 1]p[& = 0]]
and
el [§ =16 =01 > > x5lal6 = 1a§; = 1] —q& =1N¢; = 1]
Fai|rl& = 1]r[& = 0] — a[& = 1]al& = 0]|
and
plé=1plG=1<pl&G=1Nn¢& =1] Vj#1i, and
qlé=1]alg=1<ql&=1N¢ =1] Vj#i, and

rl&=1rl&=0<pl&=1]p[& =0],and

Consider any open set C C D. Then, given an initialization A(®) = ()\(0),7(0)) eC
such that the a and b defined by

x = FQA)

a; = min(x;,0) Vie{l,...,N}

by = max(x;,0) Vie{l,...,N}

are in F(C), and the set {x|F!(a) < x < F'(b)} C C the turbo decoder converges

to a unique fixed point in C.
Proof: The outline of our proof parallels that of [(4]:
e The conditions for D make the Jacobian of the nonlinear system of equations

A PB(A++) ~ PBa+p,

FOA = ) =

R PB(A+y) 7 PBy+tp,
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strictly diagonally dominant anywhere within D. This, in turn makes the

Jacobian an M-matrix [65].

e Since the Jacobian is an M-matrix everywhere within D, it follows that F is

an M-function [64], [63].

e Since F is an M-function everywhere in D, the Gauss Seidel block iteration

on F converges. Hence, the turbo decoder converges.

Begin by determining the Jacobian of F with respect to A and ~. To facilitate

this, define A = [y7, )\T}T, SO

VoF — Qo Q—Q
Q-Q Q
where
Qo = Paouy — pB(AJr.,)pg()\Jr.y) (5.18)
Q, = Psatp, — pBA+p0P£>\+pO (5.19)
Q; = Piyip, — pB7+p1p£7+p1 (5.20)

Next, note that the block diagonal components of this matrix are indeed diagonal
matrices, since the PMF whose 6 coordinates are B(A + «y) is a product measure.
Thus we have that Q, = Diag[pg(x;~)|Diag[l — Pp(a+~)]- Now, suppose (XA,7v) € D
and also that they are finite (i.e. A,v € RY), so that PB(A+~) A 1 — Ppaty)
have no elements which are equal to zero so that the diagonal elements of V F
are all positive. Then, the last four conditions for D, imply that the off-diagonal
components of V5F are non-positive. The other two conditions for D, together with
the positivity of the diagonal components and the negativity of the off diagonal

components, then imply that VF is generalized diagonally dominant. This, in
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turn, implies, together with its positive diagonal elements and non-positive off
diagonal elements, that V5F is an M-matrix (see [65] pp. 205 Theorem 6.5). This
then means that the function L(A,x) = (VF)x is inverse isotone with respect to
x for any fixed A € D, so that L(A,x¢) < L(A,x1) = X¢ < x;. Furthermore,
L(\, xq) for a fixed A € D is also off diagonally antitone, so that, if we define the
ith component of L(X,x) by L;(A,x), and if we consider y,x such that x <y
and y; = z;, then we have L;(A,y) > L;(\,x). Differentiability of F, and thus
the theory of best affine approximations, gives this same property to F(A) at any
point in the interior of D [(4]. Thus, on the interior of D, F(\) is inverse isotone
and off-diagonally antitone.

Now, consider the function which relates A*TH) = [XFEFD. 4 (k1)) 15 A\F) —

AR ~®)] and whose solution
GAF AWy =

describes the evolution of the turbo decoder. In particular, since the turbo decoder

is a block Gauss Seidel iteration on F = 0, we have

GAKHD, 2Ky — Pt (A YY) — Py (AT)
Pty AT, ) —pp L (7 EFD)

To see that the turbo decoder solves this iteration, just recall the Jacobian of F, and

note that the block diagonal components which were Diag[pgx~)|Diag[1—Ppa1+)]

are injective for any real valued A,«, so that there are no zero or one bitwise

marginal probabilities. The implicit function theorem applied to the top half of

G = 0, then gives that v**1 can be written as a function of A*) and is unique

for any particular A® g0 that no two ~*+Ds satisfy the top half of G = 0.

Repeating this argument of the bottom half of G = 0 shows that A*™V can be
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written as a function of 4(k 4 1) and is unique for that 4**1, which shows that it
is unique given AP, Thus, we have an equation whose repeated solution describes

the behavior of the turbo decoder. We have

(k+1) y (k)
G(}\(kJrl),)\(k)) _ FO(’Y 7)‘ )

|:1(,),(l~c+1)7 )\(k+1))
This form makes it easy to see that, given that F is off diagonal antitone and
inverse isotone on the interior of D, G(-,x) is inverse isotone for a fixed x, and
G(y, ) is antitone for a fixed x (all considered in the interior of D). This in turn

implies the implicit function h, which satisfies
G(h(x),x) =0
is isotonic. To see this, consider xo < x;. Now, antitonicity of G gives
G(h(x1),%0) > G(h(x1),x1) = 0 = G(h(xg), X0)
Now, inverse isotonicity of G means that
G(h(x0),%0) < G(h(x1),%x9) = h(x0) < h(x;)
We now have a function h that describes the turbo decoder through
AEFD — h()\(k))

Of course, we could have written this function from the turbo decoder iterations
when we started, but defining it this way made it easy to see some of its properties,
namely that it is isotone in D.

Now, consider some initialization A”) in the interior of D, and set x = F(A?).

a; = min(x;,0), b; = max(x;,0) Vie{l,...,N}

y = F(a), z=F'(b)
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The inverse function F~' is guaranteed to exist within the interior of D, because
VF is an M-matrix and thus non-singular ([65] lemma 6.1 page 202). This, in
turn, allows the inverse function theorem to be applied ([66] Theorem 9.24 page
221). Then we have both a < 0 < b and by inverse isotonicity of F, we have

y < A < z. Isotonicity of h then implies that the sequences defined by
y ) — h(y(k)), 7 (k1) — h(z(k))

will obey y® < A®) < z(B) yE+) > y#) and z+) < z*) This shows that
yF) x®), AR all converge to fixed points. Furthermore, F is injective because it
was inverse isotone, which is because it was an M-function ([61] Theorem 3.2(a)
page 511). The injectivity of F then implies that this fixed point must be unique

in C. This proves the theorem. W

5.1.3 Application to the Turbo Decoder, II

Let us now try to apply the existing theory in a new way to the turbo decoder. In
our ISIT paper [59] we worked in mixed domains. To be specific, we considered the
turbo decoder as solving the bitwise marginal probability equations in terms of the
log-likelihood ratios. In fact, in terms of directly applying the existing theory, this
was probably not the best choice. Here, we’ve decided to work in the log domain
because in that domain we can work with RY in both the input space and output
space. In particular, let us consider the turbo decoder as attempting to find a

simultaneous solution to
A+ —log (B  exp(BA + py)) + log ((1 — B) exp(BA + p,)) = 0
and

A+~ —log (BT exp(By + p;)) 4+ log (1 — B)  exp(By + p;)) =0
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We can now prove the following theorem.

Thm. 12 (Global Convergence of the Turbo Decoder): Define the measures p
whose 6 coordinates are BA + p, and q whose 6 coordinates are By + p,. Suppose

that for all A\, € RY, we have that there exists a x € R*" such that Vi € {1,..., N}

2> 3 anaglple = 106 = 1] - plé; = 1ig = 0]

JF#
and
s > D wlal =16 = 1] —alg = 116 = 0]
as well as !
Pl =11 =1]>pl¢; =1]& = 0]
and

ql§; =& =1] > q[§; = 1[& = 0]

Then the turbo decoder converges to a unique solution from any initialization.
The outline of our proof is as follows.

e Our assumptions are equivalent to generalized strict diagonal dominance of
VF together with requiring that the off diagonal elements of VF are non-

positive for all A,y € RY. Then, Thm. 14 shows that VF is an M-matrix.
e Prop. 13 then shows that F is an M-function everywhere in RV,

e We can linearly lower bound F componentwise, and thus use Thm. 16 to

prove surjectivity of F.

o We finally have that F is a surjective M-function. This allows us to apply

Thm. 19 to prove convergence.
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First, calculate the Jacobian VF

VF =

where
[Cli; = pl& = 1|& = 1] — pl¢; = 1] = O]
and

[D];; = ql¢; = 1|& = 1] — q[§; = 1]|& = 0]

We now see that the first two conditions of the theorem force VF to be generalized
strictly diagonally dominant while the second two conditions force the off diagonal
elements of VF to be non-positive. This then allows us to apply Thm. 14 to show
that VF is an M-matrix for all X\,v € RY. Then Prop. 13 shows that F is an

M-function. Next, consider that

g ((1 B” exp(BA + p,) )

B’ exp(BA) ap
—1 llog | —
“B)7 exp(BA + py) 8 e (

(1 - B)Texp(BA) Bo

Vv
|
>
+
)
g
VR
|8
~~

where
ap = minfexp(py)li,  fo = max[exp(p,)];
and we used the componentwise division notation so that £ for a,b € RY is the

vector whose ith element is a;/b;. Similarly, we have

B exp(B7 + py) ) (@1)
—1 > —~y+1log | —
Og(a—B)Texp(Bwpl) =TT G,

where

ap = miin[eXp(Pl)]ia B = miaX[eXp(pl)]i
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Table 5.1: Some of the notation introduced in Section 5.2.

Bh | Bregman divergence from convex function h
E Left Bregman projection

B Right Bregman projection

B Parent exponential family

P marginal Exponential family

Q subfamily with P[x! = --- =x" =1

h a convex function

s sufficient statistics of B

k repetition of t over a

Putting these two facts together, we have

~ + 1log (%

F(Av) >
A+ 1log <

)
2)

which shows that

lim ()] = o0

whenever || A;|| — oo and either Ay > Agi1 or Agy1 > Ag. This then implies that F
is surjective by Thm. 16. Thus, F is a surjective M-function, and Thm. 19 proves

that the Gauss Seidel block iteration on F is globally convergent. Bl

5.2 Alternating Projections on Information Spaces

In this subsection we will discuss various iterative methods used for solving projec-
tion problems on convex sets with Bregman divergences. We will then see how the
expectation propagation algorithm may be related to these algorithms, although

some approximations will be required for the connection.
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5.2.1 Bregman Divergences

To begin, it will be useful to recall that a differentiable convex function is always
lower bounded by its first order Taylor approximation. In particular, ifh : RY — R
is a convex function of Legendre type (see Appendix B and the references therein)
then

h(x) = h(y) + Vh(y) - (x - y) (5.21)

with equality if and only if x = y. Given, then, such a convex function h, we can
define a second function which has many of the properties of a notion of a distance.

In particular, the Bregman Divergence [18], By, associated with h is defined as

Bh(x,y) := h(x) —h(y) = Vh(y) - (x - y)

This function has some of the properties of a distance. In particular, we see from
(5.21) that

Bu(x,y) >0 Bn(x,y)=0 & x=Yy

On the other hand, By, will not necessarily satisfy the triangle inequality in general
and will not necessarily be symmetric. We are interested in Bregman divergences
of this sort because we are primarily interested in this dissertation with standard
exponential families. As we discuss in Appendix D, there are two natural para-
meter spaces for exponential families related through the Legendre transformation
between the entropy and the log partition function. These two potential functions,
the entropy and the log partition function, yield the Kullback Leibler divergence,
also known as the relative entropy, as their Bregman divergence. Since the ex-
pectation propagation algorithm is defined as an iterative algorithm minimizing
the Kullback Leibler divergences between several measures, we can see the rele-

vance between projection algorithms using Bregman divergences and expectation
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propagation. We explore these connections here after first reviewing some of the
common types of projection algorithms that are related to the expectation propa-

gation algorithm.

5.2.2 Projection Algorithms on Convex Sets

Endowing the space now with this distance like function we are now free to consider
projection algorithms using By, as the “distance” to minimize. In particular, since
B, is not in general symmetric, given a point x and a convex set C we can define two

different projections of x onto C depending on which argument of B}, we minimize.

«—

p.x := arg min By (y, x)
yeC

ch := arg min By,(x,y)
yeC

One particular algorithm, called the method of cyclic Bregman projections[67][65],
aims to solve a convex feasibility problem in which one wishes to find a point
common to a finite number of convex sets Cy,...,Cs. In order to find such a point
in their intersection ﬂle C;, the algorithm iteratively projects the candidate point
x®) onto one of the convex sets, choosing which convex set to project onto in a

cyclic manner. Of course, there are two algorithms which fall into this category,

one if the projections are done in the first argument of the divergence

k+1) .__ o
T ka mod SX

X (x)

and another if the projections are done in the second argument of the divergence

LU+ (x)

—
T ka mod SX

Instead of choosing the convex set to project on cyclicly, one may also choose it

randomly [69, 70].
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A close variant of the method of cyclic Bregman projections, often called Dyk-
stra’s algorithm [18, 71] after its inventor [17], adds some extra processing between
the projections. In particular, denoting by h* the convex conjugate of h, Dykstra’s

algorithm is the iteration
xE = po o Vh* (Vh(x®) + *+179))

together with

where we initialize (=5t ..., q(® = 0. This algorithm, under some assumptions,
can be shown [18] to solve the best approximation problem, in which one is seeking
the point in C := ﬂ§:1 C; which minimizes the Bregman divergence By, in the first

argument from the initial point x(@.

That is, the sequence {x®} converges to
p ox(©).
In another situation, it is desirable to find points in two different convex sets

P and Q which minimize the Bregman divergence By, between these two sets. The

projection algorithm that is often employed in this case is the method of alternating

projections [72, 73, 74] which may be described via the iteration
X = ppy®, Y . x®

The expectation maximization algorithm for statistical inference in the presence of
nuisance parameters may be interpreted, for instance, as an alternating projection
algorithm using the Kullback Leibler divergence at the Bregman divergence [72, 75].
[76] discusses some properties and well-posedness of projections when the Bregman

divergence is the Kullback Leibler divergence.
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5.2.3 Expectation Propagation as Iterated Projections

For the convergence framework that we are about to apply to expectation propaga-
tion to be valid, we will need to make a rather benign extra assumption about the
structure of the true a posteriori distribution pgj.(@|r) for the parameters 6 given
the observations r. In particular, we must assume that it is a standard exponential

family distribution, say with sufficient statistics k(8), so that

Poje(B]r) € {exp (k- k(0) — ¥ (K))}

Furthermore, we need to make the extra assumption that the approximating stan-
dard exponential family g(€) with sufficient statistics t is a subfamily of the stan-

dard exponential family with sufficient statistics k, so that

{exp (t(0) - A — ¥e(N))} € {exp (k(0) - & — t(K))}

These conditions will hold, for instance, if the parameters @ are drawn from a finite
set.

Consider now standard exponential family distributions on ©", that is prob-
ability distributions on the product space of M copies of the original parameter
space 8. We will denote an element of this space by x := [x!,...,x"], so that
we are considering probability distributions on x (the superscript notation is to
avoid confusion with the subscript notation which meant subsets of the original
vector instead of different vectors). In particular we will be interested in the
set B of standard exponential family distributions on x with sufficient statistics
s(x) = [k(x")T,", k(xM)T}T (and reference measure which the product of M copies

of the original reference measure). It is subsets of this family which we will consider

in our discussion of expectation propagation algorithms as projection algorithms.
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Of particular interest will be the set P of distributions from B which give
P[x; =--- = xyu| = 1 and the set Q of exponential family distributions with suffi-

cient statistics t(x) 1= [t(x1),. .., t(xy)].
P:={qeBPy[x; =" =xy =1} (5.22)

Q= {qlg =exp (A t(x) — (X)), X € R™, [¢4(A)| < oo} (5.23)
Finally, we will be working with the negative entropy function H on B written

as a function of the expectation parameters n := E [s(x)].
Oftentimes, the desired result of applying expectation propagation is an ap-
proximating density whose expected values of the sufficient statistics match that

of the true a posteriori density, so that
Eg [t(0)] = Ko [t(0)] (5.24)

The next proposition connects this ideal solution as a composition of two Bregman

projections using the Kullback Leibler divergence.

Prop. 7 (Optimal Solution as Two Projections): Consider the Bregman divergence
generated using the negative entropy H function on B written in terms of E[s(x)] as

its convex function. Then, the Bregman projection defined by

L s T Rl
"7’°'°Q< Jor T, P x0)dx ) >:29)

yields expectation parameters [E[s| corresponding to a probability distribution g(x) € B

whose components satisfy (5.24), so that
Eg[t<xa)] = ]EB\I‘ [t(0>] Va € {17 s 7M}

Proof: The first projection BQ yields as its result

Ny - B HP::I fa(x1) .
pQ (H fa(xa)> - f@ HZZI fa(X1)dX1 - p9|r(xl|r)

a=1
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since this attains a Kullback Leibler divergence of zero (which is the global min-
imum value). The second projection Bp then, calculates the expectation of suf-
ficient statistics (as we showed by taking derivatives in Section 2) to choose the
approximating distribution (and thus result of the projection). Thus, defining

f:= EP © BQ (H fa(Xa)>

a=1

implies

E¢[t(0)] = Eo.[t(0)]

Of course, expectation propagation does not perform the projection (5.25) di-
rectly, but if it is to be a method for approximately satisfying (5.24), then it may
be considered an iterative projection method attempting to approximately solve

the projection problem (5.25).

Prop. 8 (Expectation Propagation as Information Projections): The expectation
propagation algorithm under parallel scheduling is equivalent to the following Dykstra-

like iterated Bregman projections algorithm

_ Jor 8(%) Hizl fa(x*)dx

z0,q, = 0, xo= f@mnzzlfa(Xa)dX (5.26)
x ¢ {0,1,...,} (5.27)
Yi = PooVh (Vh(x) +qy) (5.28)

Qesr = Vh(x) +ax — Vh(yy) (5.29)

X1 = PO Ppo Vh* (Vh(y,) +z) (5.30)

e = Vh(y,) + 2 — Vh(xei1) (5.31)

where the Bregman divergence is built from the convex function h which is the negative

entropy H function on B written in terms of E[s(x)], and P Q are the convex and



116

log convex sets defined in (5.22) and (5.23), respectively. In this equivalence q, are
the negative of the messages passed from the factor nodes to the elementary statistics
vectors, and z, are the negative of the messages passed from the elementary statistics

vectors to the factor nodes.

Proof: Begin by recalling from Appendix D.4 that the gradient Vh of the
negative Shannon entropy takes the expectation parameters of a pdf in B to its
canonical parameters k, and the gradient of its conjugate (the partition function)
is its inverse. The pre-projection processing in (5.28) and (5.30), then finds the
pdf in B whose canonical parameters k are the sum of q with that of the density
represented by x. As we have discussed previously, the result of the right projection
pp are the expectation coordinates (E[s]) of the density in P with E[k] matching
that of its argument (that this density is unique is guaranteed by the fact that P
is a minimal standard exponential family with sufficient statistics k). Now, this
establishes the equivalence of the first iteration of (5.28) followed by (5.29) with
(5.3) solved for A. Furthermore, if q is —v from (5.3) for subsequent iterations,
then solving (5.28) and (5.29) will be equivalent to (5.3) for subsequent iterations
as well. Then, EQ o Ep, when operating on the expectation coordinates of a pdf

q(x) = [ [, 9a(x*) which is input to it, calculates

f@ H qa )
f@ Ha qa

Now, if we make the identification q,(0) := exp(t.(60.) - Aa), we see that (5.32) fol-

(5.32)

lowed by the subtraction in (5.31) is equivalent to the (natural parameter domain)
update (5.4) over all a € {1,...,M}, which we saw in Section 5.1 to be equivalent
to half of a parallel refinement in EP. This establishes the equivalence between

the z’s and —=. Cycling back to our argument for (5.28)/(5.29) then shows the
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equivalence between the iteration described by (5.28), (5.29), (5.30), and (5.31)
and (5.3), (5.4), which we showed in Section 5.1 to be equivalent to expectation
propagation. H

Note that there are several marked differences between expectation propagation
and Dykstra’s algorithm. To begin with Dykstra’s algorithm with cyclic Bregman
projections is built with only left proximity operators, and it is somewhat unusual
for one of the projections to not have any preprocessing. One can consider alter-
nating projections with Dykstra preprocessing ([73] did so for Hilbert spaces with
orthogonal projections instead of Bregman projections), but one must use differ-
ent preprocessing based on the projection to follow it. The preprocessing used in
expectation propagation is the preprocessing for a left projection, but it is followed
by a right projection. Still, the similarity between the two algorithms is striking,
and it suggests that convergence results might be developed via this analogy.

We are not the first to note the relevance of projection algorithms to specific
instances of expectation propagation. Very early on [18] noted the relevance of
information projections to turbo decoding. Later, [50, 36] and [13] considered
belief propagation and turbo decoding to be projection algorithms on information
sets, and this work inspired our alternative information projection interpretation

of turbo decoding in [51].
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Conclusions

In this dissertation we discussed the performance and convergence of a broadly
reaching family of algorithms for distributed iterative decoding and estimation
known as expectation propagation. We showed that the family of expectation
propagation algorithms include both the serial and parallel turbo decoders, Gal-
lager’s algorithm for the soft decoding of LDPC codes, and the belief propagation
algorithm. While these particular algorithms had been shown to converge to the
optimal solutions in some very special cases, those proofs did not apply to many
of their breakthrough applications to the decoding of error control codes, and the
algorithms were proposed heuristically with their performance being proven via
simulation. Indeed, neither the sense of optimality of their stationary points nor
the mechanism of their frequently occurring convergence was fully understood.

In order to explain the empirically observed capability of expectation prop-
agation to perform well, we discussed two generic optimality frameworks which
described the optimization problem that the expectation propagation algorithm is
trying to solve. For one of the optimality frameworks, we extended results from
belief propagation to show that the stationary points of expectation propagation
are interior critical points of a statistics based constrained minimization of the
Bethe free energy. Because the Bethe free energy is only an approximation to the
variational free energy, however, and the sense in which it was approximate was not
fully understood, it was not clear why one would wish to minimize this objective
function. To solve this, we provided a novel constrained maximum likelihood opti-

mization problem with an intuitive objective function and constraints, which, after
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selecting a Lagrange multiplier of —1, yielded the stationary points of expectation
propagation as its critical points. In order to highlight the theory, we discussed in
depth two applications to specific expectation propagation algorithms: the turbo
decoder and the belief propagation decoder. Further analysis then showed that the
two generic optimality frameworks were pseudo-duals of each other, allowing us
to connect the two optimality interpretations with some beautiful duality theory
from nonlinear programming.

We then moved on to discuss the convergence of expectation propagation
by identifying some relevant convergence frameworks from numerical and convex
analysis which already have hefty literature containing various convergence proofs.
To begin with, we showed that both the serial and parallel schedules for the ex-
pectation propagation algorithm may be interpreted as a Gauss Seidel iteration
on the first order necessary conditions for both of the generic optimality frame-
works we discussed in Chapter 4. This allowed us to apply a couple of convergence
theorems from numerical analysis to the expectation propagation algorithm, al-
beit with mixed practical success. Starting afresh with a clean slate, we showed
how expectation propagation may be related to Dykstra’s algorithm for solving a
convex feasibility problem with cyclic Bregman projections.

The ideas and themes begun in this dissertation are far from complete. It
was our intention to open up promising avenues for further analysis of particular
instances of expectation propagation. Some immediate extensions of the theory
are to bound the performance of the global optimum of constrained maximum
likelihood with respect to the value of the constraint, using this in practical in-
stances of the algorithm to accurately predict when the algorithm has converged

to a stationary point which is likely to provide accurate estimates. One could set
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out to compare the performance bound obtained via this technique with that of
the Cramer Rao bound to argue for the room (or lack there of) for improvement
of the expectation propagation algorithm in particular cases. One could attempt
to show how to predict which approximate sufficient statistics should be picked for
specific instances of the algorithm, again attempting to extract a general theory.

In another line of extension, one could set out looking for new applications of
expectation propagation in sensor networks, cellular networks, and other wireless
networks. Expectation propagation’s distributed iterative nature gives it a definite
edge over algorithms which do not collaborate on estimation problems that will
clearly be coupled, as many are likely to be in these contexts. One could apply
expectation propagation to training diagnosis predictors from medical information
databases. The possibilities in the applications arena are simply too widespread
to even begin to enumerate.

The more analytically driven and ambitious reader could attempt to use the
convergence frameworks developed here to obtain an overarching convergence the-
ory tailored to the needs of typical cases of expectation propagation. While it
appears unlikely that simple unadulterated or slightly modified application of the
convergence theory from the arenas from which the convergence frameworks were
drawn will be directly applicable to typical instances of expectation propagation,
these new frameworks ought to be good place to start for the fundamental con-
vergence ideas. Along different lines, given the pseudo-duality between the two
optimality frameworks, one could investigate conditions for duality and then use
convexity properties of the dual to apply a different sort of Gauss Seidel conver-
gence framework from iterative optimization, as was the approach in [60]. Another

clear convergence framework, typical in the context of applications of expectation



121

propagation such as belief propagation and turbo decoding, but not appearing in
this dissertation, is that of density evolution [16, 77, 78, 79, 19]. Density evolution
uses the law of large numbers and the central limit theorem along with ergodicity
results to consider cases in which the parameter vector is infinite, focussing on the
average performance of the individual estimation problems. This approach is likely
to be, and indeed has been, successful in situations where the factors may be con-
sidered to be samples from a random distribution and the statistics factor graph
is well approximated by a randomly chosen bipartite graph without short cycles.
This theory could be, with a little effort, generalized to expectation propagation.

Indeed, there are many possibilities, and the author hopes that the reader will
join him in exploring them. In that vein, the bibliography contains numerous
articles [80]-[165] which were not explicitly used in this dissertation, but would be

relevant for the reader wishing to extend these results.



Appendix A

Numerical Methods

Here, we collect the existing theory about nonlinear block Gauss Seidel iteration’s
convergence. Most of the material comes from [6], although we will use some of

the theory from [05] as well.

Def. 4 (Ordering): In this paper we will use the componentwise ordering of RY, so

that

X>y < z; >yVie{0,..., N-1}, x>y <= z;>yVie{0,...,N—1}
and, similarly

x<y <= z;<yVie{0,...,.N-1}, x<y <= z;<y;Vie{0,...,N-1}

Def. 5 (isotone): A mapping F: D C RY — R¥ is isotone on D if x < y for

x,y € D implies that F(x) < F(y).

Def. 6 (antitone): A mapping F: D C RY — RY is antitone on D if x <y for

x,y € D implies that F(x) > F(x).

Def. 7 (inverse isotone): The mapping F : D C RY — RY is inverse isotone on D

if F(x) < F(y) for x,y € D implies that x <.

Def. 8 (Off-diagonally Antitone): Suppose F: D C RY — RY has component
functions Fo,Fy,... each of which is thus a map taking R¥ — R. Then F is

off-diagonally antitone if for any x € RY we have that

¢ij R — R, ¢;;(t) =Fi(x+te))
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where e is the jth column in the identity matrix of order IV, is antitone whenever i # j.

That is

1#£ gt <ty = (b@',j(tl) > ¢i,j(t2>

Def. 9 (M-function): An inverse isotone and off-diagonally antitone mapping F :

D CRY — RY is an M-function.

Def. 10 (M-Matrix): A real square matrix A = [a; ;] € RV is called an M-matrix

if a;; <0 for i # j and A~ >0 (in other words Ax >0 = x > 0).

Thm. 13 (Properties of M-Functions): ([64] Thm. 3.6) Let F : RY — R" be

Frechet differentiable on all of RV
e If for all x € RY the derivative F' of F is a M-matrix, then F is an M-function.

e If F is an M-function, then the derivative F' of F is a M-matrix whenever it is

nonsingular.

Def. 11 (Generalized Strictly Diagonally Dominant): ([65] Def. 6.3 pp. 202) A
matrix A € RV*Y is generalized strictly diagonally dominant if there is some x € RV

such that

lazilz; > laigle;, i€ {l,...,N}
i

Thm. 14 (Generalized Diagonal Dominance and M-Matrix): ([65] Thm. 6.5 pp.

205) A matrix A € RV*Y such that a;; <0, j # i is a M-Matrix if and only if it is

generalized strictly diagonally dominant and a;; > 0.

Def. 12 (Order Coercive): A function F: RY — RY is order coercive if

lim ||F(x)|| = oo whenever lim ||x;|| = oo and either x; < xj11 or Xp > Xp i1
k—o0 k—oo
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Thm. 15 (Surjectivity 1): ([64] Lemma 4.3) A continuous, inverse isotone mapping

F:RY — RY is surjective if and only if
{x|x =z +tv,—00 <t < 0o} C F(RY)
for some z,v € RY such that v > 0.

Thm. 16 (Surjectivity 2): ([64] Thm. 4.4) A continuous, inverse isotone mapping

F:RY — RY is surjective if and only if it is order-coercive.

Thm. 17 (Surjectivity 3): ([64] Thm. 4.5) Suppose that F : RY — RV is
continuously Frechet differentiable and that, for any x € RY, F'(x) is non-singular
and satisfies F(x)™! > 0. Then F is inverse isotone and surjective if and only if it is

order-coercive.

Def. 13 (regular iteration function): A mapping G: Dy x Dy C RY x RY — RN

is a regular iteration function for F: D C RY — RY on the subset D, C D if
1. G(x,x) = F(x) for all x € Dy,
2. G(,x): Dy — R is inverse isotone for any fixed x € Dy, and
3. G(y,:) : Dy — RY is antitone for any fixed y € Dj.

Thm. 18 (Iteration Function for Block Nonlinear Gauss Seidel): ([64] Thm. 6.5)
Let F: RY — R be a M-function; then the mapping G : RY x RY — RY defined
by

Fo(yo,x1)

G(y,x) =
Fi(yo,¥1)

is a regular iteration function for F on RY. If, in addition, F is continuous and onto

(RY), then G(-,x) : RY — R is onto (RY) for any fixed x € R".
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Thm. 19 (Convergence of Block Nonlinear Gauss Seidel): ([64] Thm. 6.4) Let
F:RY — RY be continuous, inverse isotone, and onto (R"). Suppose, further, that
G:RY xRY — RY is a regular iteration function for F on R" with the property
that G(-,x) : RY — RY is onto (R") for any fixed x € RY. Then, for any z € R

and any initial point x(© € RY, the process
G<X(k+1)’ X(k)) —z

converges to the unique solution x* € RY of F(x) = z.



Appendix B

Convex Analysis

Perhaps the most widely cited rigorous coverage of convex analysis is [73]. Good
texts for engineers, who are likely to wish for a more pragmatic approach, include

[80] and [31].

Def. 14 (convex set): ([53] pp. 10) A subset A C R” is convex if for all x,y € A

and A € [0,1] z:=Ax+ (1 — Ny isin A.

Def. 15 (dom (h)): dom (h) is the set of points x in the domain of h which have

h(x) < 0.

Def. 16 (convex function, I): [53] A function h : RY — TR is convex if its epigraph
{(u,x) € R"u > h(x)}

is a convex subset of RVT1.

Def. 17 (convex function, IT): ([81] pp. 67) A function h : RY — (R{J{oo}) is

convex if dom h is a convex set and if for all x,y € dom (h) and A € [0, 1] we have
h(Ax + (1 = \)y) < Ah(x) + (1 = A)h(y)

Def. 18 (Interior int): ([81] pp. 638) The interior of a set A C RY is the union of

all open (with respect to RY) sets contained in A.

Def. 19 (Boundary bd ): ([81] pp. 638) The boundary of a set is the difference

between its closure and its interior.

Def. 20 (Convex Conjugate): The convex conjugate of a closed convex function
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h: RY — R is the function h* : RY — R J oo defined by

h*(x*) = — inf {x-x" —h(x)}

x€RN

Def. 21 (Convex Function of Legendre Type): [18] We say h is a convex function
of Legendre type if it is a closed convex proper function on RX with int(dom h) # ()

satisfies every one of the following conditions
1. h is differentiable on int(dom h)

2. lim; o+ (Vh(x + t(y — %)),y — ) = —o0 for all x € bd (dom h) and for all

y € int(dom h)).
3. h is strictly convex on int(dom h).

Prop. 9 (Convex Conjugate Gradient Inverse): ([18] cites from [53] thm. 26.5)
A convex function h is Legendre if and only if its conjugate h* is. In this case, the

gradient mapping
Vh :int(dom (h)) — int(dom (h*)) : x — Vh(x)

is a topological isomorphism with inverse mapping (Vh)~! = Vh*.



Appendix C
Nonlinear Programming and the

Calculus of Variations
C.1 Finite Dimensional Constrained Optimization: Non-

linear Programming

This section of the appendix collects the theory from nonlinear programming and
the calculus of variations necessary for the theoretical ideas presented in this dis-
sertation. Of particular interest will be finite dimensional optimization problems
of the form

min f(x) (C.1)

xeC

where
C:={xeR'hi(x)=0Vie{l,....H}, gj(x) <0Vje{l,... G}

and f, h, and g are continuously differentiable functions from R" to R. Later, for

notational convenience, we will use the vector function notation
h(x) == [h(x), ..., gs(x)]"

and g(x) := [g1(x), . . ., ge(x)].

Def. 22 (Local Minimum): A point x* € C is said to be a local minimum of (C.1)

if there exists an € > 0 such that

vx € {y eRYly —x7[ < e}()C, f(x) = f(x7)
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Thm. 20 (Fritz John Necessary Conditions): ([54] Prop. 3.3.5, pp. 324) Let x*
be local minimum of the problem (C.1). Then there exist a scalar Aj and multipliers
A" = AL Ay and o= (gL pg] with AS AT, not all equal to zero, such
that

H G

NVaf () + ) N Vehi () + ) 1 Vig(x7) = 0

i=1 =1
and J

p; >0 Vvjedl,... G}
and such that for every neighborhood O(x*) of x* there is an x € O(x*) such that

Athi(x) > 0 for all i such that A} # 0 and pjg;(x) > 0 for all j such that uj # 0.

Def. 23 (Dual Function): The dual function to the constrained optimization problem

(C.1) is the function d : R x R® — R J{£oc} defined by

d(A, p) == inf f(x) + A -h(x) + p - g(x) (C.2)

xERY

The dual has the nice property that its effective domain,
dom d := {(Aa /’l’)’d(Aa ,Ll;) > _OO}
is convex, and furthermore that d is concave within the effective domain.

Prop. 10 (Properties of the Dual): The effective domain of of the dual function is

convex, and the dual function is concave on its effective domain.

Def. 24 (Geometric Multiplier): ([54] Defn. 5.1.1, pp. 488) A vector (A", u*) is

said to be a geometric multiplier for the primal problem (C.1) if u* > 0 and

inf f(x) + A" -h(x) + p* - g(x) = inf f(x)

x€RY xeC
It turns out that the dual function (C.2) is intimately related to the optimiza-

tion problem (C.1).
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Thm. 21 (Weak Duality Theorem): ([54] Prop. 5.1.3, 5.1.4 pp. 495) The supre-
mum of the dual function underbounds the optimum value of the primal optimization
problem (C.1).

sup  d(A, p) < inf f(x) (C.3)

AERF, u€[0,00)¢ xe€

Def. 25 (Duality Gap): If equality is attained in (C.3) we say that there is no duality

gap, likewise if the inequality in (C.3) is strict, we say that there is a duality gap.

Prop. 11 (Duality Gap and Geometric Multipliers): ([54], Prop. 5.1.4 pp. 495)
If there is no duality gap, then the set of geometric multipliers is equal to the set of

optimal dual solutions

{(A, p) € RE x [0, 00)°

inf f(x) + A-h(x) + - g(x) = inf f(x)} _

xeC

{()\,u) € R¥ x [0, 00)¢

d(Aa “’) = sup d(>‘la ,LL/) } (04)

(N, ) ERE X [0,00)C

and if there is a duality gap the set of geometric multipliers is empty.

C.2 Constrained Optimization w.r.t. a Function: Calculus

of Variations

In this section of the appendix, we seek to generalize the results for nonlinear
programming problems which involve a finite number of optimization variables to
situations where we seek to minimize a functional over a family of multivariate
functions which are required to satisfy a finite number of functional constraints.

We will be working with functions in a normed linear space of functions.

Def. 26 (Linear Space): (e.g. [41] pp. 5) A linear space is a set L of elements for
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which addition and multiplication by a real number is defined and obeys the following

axioms Yh,g € £ and Vo, 3 € R:

[

.h+g=g+h

2. (h+g)+2=h+(g+2)

3. There exists 0 € L such that h+ 0 = h for any h € L.

4. For each h € L, there exists an element —h such that h + (—h) = 0.
5. lh=h

6. a(fh) = (af)h

7. (a+ f)h = ah + ph

8. a(h+g) =ah+ag.

Def. 27 (Normed Linear Space): (e.g. [41] pp. 6) A linear space L is said to be
normed, if each element h € L is assigned a nonnegative number ||h||, called the norm

of h such that
1. ||h][ =0 if and only if h = 0.
2. [lech][ = fed[Ib]
3. [Ih+gll < Ihfl + gl

Def. 28 (Functional): A functional § is a map § : D — R which associates every

member f of a subset of a normed linear space D C L with a real number F[f] € R.

We see then, that a functional is really only a real valued function whose
domain is a space of functions. A special subset of the class of functionals are

linear functionals.
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Def. 29 (Linear Functional): ([41] pp. 8) A functional § is said to be a (continuous)

linear functional if
1. §laf] = oF|[f] forall« € R and f € D.
2. §lh+g] = [h] + g for any h,g € D.

3. § is continuous, so that Vf € D for any real € > 0 there exists a d > 0 such that

h—flf <6 — [S[h] - 3lell <€

A notion which extends the idea of a derivative for a real valued function on

Euclidean space to functionals on function spaces is the variation.

Def. 30 (Variation of a Functional): ([41] Sec. 3.2 pp. 11) Fixa h € £ and suppose
that

Sth + g = o[h; g + ellg]l (C.5)

with ¢ — 0 as g — 0, and 0 a linear functional in the second argument with the first

argument fixed. Then 0 is called the variation of §, and is denoted by %§[h; g].

If the variation of a function exists, so that (C.5) holds, we say that F[h] is

differentiable.

Def. 31 (Relative Extremum): ([41] pp. 13) We say that h is a relative extremum

of § if §[h] — F[g] does not change sign for all g in some neighborhood of h.

Thm. 22 (Variation and Relative Extrema): ([41] Thm. 2, pp. 13) A necessary
condition for the differentiable functional § to have an extremum at h is for its variation

to vanish at h, that is
0%

Pih:gl =
5h[,g] 0 Vg
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Prop. 12 (Multidimensional Integral Functional): ([82] XV.3, pp. 462) When the

functional takes the special form

SIf] :—/AJ(x,f(x))dx (C.6)

where J : RY x R — R is some continuously differentiable function, the variation §F is

equal to zero if and only if
Vol(x,f(x)) =0 Vxe A

In the previous theorems, we have used the notation VyJ(x,f(x)) to repre-
sent the vector of partial derivatives with respect to the dependent variables of
the function J that are not being integrated over in the functional §, so that
Vol(x,y) = VyJ(x,y). We will continue to use this notation for the remainder
of this appendix.

We will also be interested in optimization of functionals with respect to func-
tions which must satisfy some functional constraints. That is, we will be interested

in problems of the form

feC

inf 3(F) :— /A J(x, f(x))dx (.7)

where the constraint set is defined as

c—{s

Thm. 23 (Constrained Functional Extrema): ([82] XV.5, pp. 487, [41] pp. 45)

¢i(f) == /Aci(X,f(X))dX— c;=0 Vie {1,...,H}}

Suppose we wish to solve (C.7) where each of the functionals is of the form (C.6), so

that

J(f) ::/AJ(x,f(x))dx
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and
:/Ci(x,f(x))dx—ci Vie{l,...,H}
A

Then a necessary condition for a local extremum at f* is the existence of Lagrange

multipliers A € R¥ such that
VaJ(x, f(x +ZA VoCi(x,f(x)) =0 Vxe A
provided that f* is not an extremal of any ;.

Def. 32 (Dual of a Isoperimetric Variational Problem): The dual function of the
constrained variational optimization (C.7) is a function d : R* — R|J{zo00} defined
by
H
d(X) = inf 3(f) + Z; A €5 (F) (C.8)

It is claimed on pp. 508 of [30] part (f) that Propositions 10 and 11 and
Theorem 21 for the finite dimensional nonlinear programming case carry over to
the variational case “with essentially no modification.” This motivates interest in

the dual function.



Appendix D
Exponential Family Distributions and

Information Geometry

This section of the appendix collects the elements of the theory of exponential fam-
ily distributions and information geometry that were necessary for the theoretical

ideas presented in this dissertation.

Def. 33 (k dimensional exponential family): [20] Let F = {F;|i € Z} be a family
of distributions on a probability (i.e. measurable) space (X', 2"). Suppose that F; is
absolutely continuous with respect to v (F; < v) for all i € Z. Suppose further that
there exist functions C: Z — (0,00), R:Z — RF h: X — [0,00) (Borel

measurable), T: X — R* (Borel measurable), such that

fly) = .- = Chy) exp (RO) - T0)

Then F is called a k dimensional family of distributions and {f;|i € Z} is called a k

dimensional family of densities.

D.1 Standard Exponential Families

Def. 34 (k dimensional standard exponential family): [20] Let v be a o-finite

measure on the Borel subsets of R¥. Define the natural parameter space

N :=1{0: /exp(B -x)v(dx) < oo}

and define the cumulant generating function aka the log partition function as
»(0) = log (/ exp(O - x)y(dx)>
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Let © C \V and for each 6 € © define the probability densities
Po(x) = exp(6 - x — ()
Then the family of probability densities
{po(x) : 0 € O}
is called a k-dimensional standard exponential family of probability densities.

The family is called full if © = N and the family is called regular if N is open,
so that

N =intN = {UA|A CN,Ais open}

Prop. 13: Any k dimensional exponential family can be reduced by sufficiency, repa-
rameterization, and proper choice of v to a k dimensional standard exponential family.
The sufficient statistic is x = T(y) and its distributions form an exponential family

with canonical parameter 6 = R(7).

D.2 Minimal Standard Exponential Families

With respect to the definition of the standard exponential family, define the sup-
port of v, supp v to be the minimal closed set S C R* such that v(S¢) = 0. Then

define the convex support of v to be
KC = clo conv supp v

Then the dimension dim K is defined as the dimension of the linear space spanned

by the vectors {(vi — v3)|vy,vo € K}

Def. 35 (Minimal Standard Exponential Family): A k dimensional standard expo-

nential family is called minimal if dim A = dim K = k.



137

Thm. 24 (Reduction to a Minimal Standard Family): Any k dimensional expo-
nential family can be reduced by sufficiency, reparametrization, and proper choice of
v to a m dimensional minimal standard exponential family for some m < k. This
reduction is unique up to any (bijective) affine transformation on the parameters with

a corresponding affine transformation on the sufficient statistics.

Minimal standard exponential families have the property that the map between
their natural parameters and the expectation of their sufficient statistics is one to

one within the relative interior of N.

D.3 Members of the Exponential Families

In this section we show how many common parameterized densities/distributions
are exponential families of distributions, and we reduce them to a minimal standard
exponential family, providing the sufficient statistics and parameters. Members
of the group of exponential exponential families include the normal distribution,
multivariate normal distribution, exponential and gamma distributions, the beta
distribution, the binomial and multinomial distributions, the geometric and nega-
tive binomial distributions, the Poisson distribution, the Log normal distribution,
the Weibull distribution, any finite discrete distribution (i.e. distribution with
non-zero measure only at a finite number of points), any collection of independent
random variables distributed according to exponential families, sums of random
variables drawn from distributions from exponential families, and linear functions
of vectors drawn from standard exponential families. Some of these member’s

minimal standard representations are worked out in Table D.3.
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One particularly important type of exponential family distribution not men-
tioned in Table D.3 are the discrete distributions which have © finite. For these
the sufficient statistics take the form t : R — RI®/I=!. Denote the possible values

© of 0 by {ay,...,ay} then the sufficient statistics are

ej QZOZJ,J#l

0 otherwise

t(0) =

where ey is the jth column of the identity matrix of dimension |©|—1. The natural

parameters A are then the log likelihood ratios

PO = ay]
AL =1 — =
A =log (P[e = 041])
which are often called the log coordinates of the pmf. Furthermore, the expectation

of the sufficient statistics are the probabilities
E[[t];(0)] =P0 =«y] Vje{2,...,V}

Another set of important standard exponential family densities are those that
are formed by considering independent standard exponential families jointly. Of
course, the pdf in this case is just the product of pdfs of the different standard
exponential families, and the joint log partition function is just the sum of the

individual log partition functions.

D.4 Natural Coordinate Systems and Legendre Transform

One of the most important characteristics of the exponential family of densities
is that of the existence of two “canonical” coordinate systems for any exponential
family. These coordinates are “dual” to each other under the Legendre transform,

and are the gradients of two important “potential” functions, the entropy and the
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log partition function. This subject has been widely studied under various names
and in various contexts, [$3, 81] are some of the early references on the subject,
[75] may be credited for collecting a lot of the important results and expounding
on new ideas and applications, and [23] collects a lot of the fundamental ideas in
an advanced manner (which humbles greatly the author of this dissertation). Of
course, the duality between the entropy and the log partition function may be seen
as a particular instance of a more abstract duality between convex functions, often
called Fenchel conjugacy [53] (see Appendix B). Because of the sophistication used
in [23], and the general accessibility of that report, we follow the same progression
of results as presented there, and refer the reader interested in proofs to that
document as well.

We begin by considering any standard exponential family distribution on a
random vector @ € © C RY with sufficient statistics t(6) € RY, parameters X, and
supporting measure df. The log partition function ¢ : K — R|J{oo} is defined

(X)) = log (/@ exp (A - t(0)) dO)
where

K = {A € ]R|/®exp()\-t(0))d0 < oo}

Prop. 14 (Convexity of the log partition function): The log partition function is

convex and is strictly convex if the sufficient statistics are minimal.

A fact which we have used ad nauseam in this dissertation is that the gradient

of the log partition function is the expectation of the sufficient statistics

Vihe = Eexpea—wn) [t]

Furthermore, the mapping A and V1 is one to one (and thus invertible) if and
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only if the sufficient statistics are minimal.
Another key potential function is the (negative of) the Shannon entropy of the
exponential family distribution written in terms of the expectations of its sufficient

statistics ) := E[t(0)], which is defined as

H(n) = / exp (£(8) - A — e(A)) (£(6) - A — (X)) dO

from which the nice relation drops out

H(m) =1 A = ¢e(X)

In fact, we have that

V,H=2A

so that V,H and V1 furnish inverses of each other. Still even more than this is
true. Let m, be the expectation of the sufficient statistics of the minimal standard
exponential family qo and A; be the natural parameters of another member of the

same minimal standard exponential family. Then we have

H(m0) + (A1) =10 - (Ao — A1) = Pe(Ao) + ¢e(A1) = D(qollar) + 10 - M

Which shows that
H(no) +¥(A1) > 10 - A
with equality if and only if qo = g;. This is one (oversimplified) representation of

the fact that ¢»(A) and H(n) are Fenchel (convex) conjugates of each other which

suffices for the purposes of this dissertation.
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