Graphical models and message-passing
algorithms: Some introductory lectures

Martin J. Wainwright

1 Introduction

Graphical models provide a framework for describing statistical dependencies in
(possibly large) collections of random variables. At their core lie various corre-
spondences between the conditional independence properties of a random vector,
and the structure of an underlying graph used to represent its distribution. They
have been used and studied within many sub-disciplines of statistics, applied math-
ematics, electrical engineering and computer science, including statistical machine
learning and artificial intelligence, communication and information theory, statis-
tical physics, network control theory, computational biology, statistical signal pro-
cessing, natural language processing and computer vision among others.

The purpose of these notes is to provide an introduction to the basic material of
graphical models and associated message-passing algorithms. We assume only that
the reader has undergraduate-level background in linear algebra, multivariate cal-
culus, probability theory (without needing measure theory), and some basic graph
theory. These introductory lectures should be viewed as a pre-cursor to the mono-
graph [67], which focuses primarily on some more advanced aspects of the theory
and methodology of graphical models.

2 Probability distributions and graphical structure

In this section, we define various types of graphical models, and discuss some
of their properties. Before doing so, let us introduce the basic probabilistic nota-
tion used throughout these notes. Any graphical model corresponds to a family
of probability distributions over a random vector X = (Xi,...,Xy). Here for each
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s €[N]:={1,2,...,N}, the random variable X take values in some space X, which
(depending on the application) may either be continuous (e.g., X; = R) or discrete
(e.g., Xy =1{0,1,...,m—1}). Lower case letters are used to refer to particular ele-
ments of X, so that the notation {X; = x,} corresponds to the event that the random
variable X; takes the value x; € X;. The random vector X = (X1, X>,...,Xy) takes
values in the Cartesian product space Hlsvzl X=X XXy X...xXy. For any subset
A C [N], we define the subvector X4 := (X;, s € A), corresponding to a random vec-
tor that takes values in the space X4 = [],c4 Xs- We use the notation x4 := (x5, s€A)
to refer to a particular element of the space X4. With this convention, note that X
is shorthand notation for the full Cartesian product ]‘[?’:l Xj;. Given three disjoint
subsets A, B,C of [N], we use X4 1L Xp | X¢ to mean that the random vector X4 is
conditionally independent of Xp given Xc. When C is the empty set, then this notion
reduces to marginal independence between the random vectors X4 and Xp.

2.1 Directed graphical models

We begin our discussion with directed graphical models, which (not surprisingly)
are based on the formalism of directed graphs. In particular, a directed graph

D=V ,?‘3}) consists of a vertex set V = {1,...,N} and a collection 78) of directed
pairs (s — f), meaning that s is connected by an edge directed to t. When there
exists a directed edge (r — s) € &, we say that node s is a child of node ¢, and con-
versely that node t is a parent of node s. We use () to denote the set of all parents
of node s (which might be an empty set). A directed cycle is a sequence of vertices
(s1,52,...,8¢) such that (s — s1) €<—3>, and (s; — sj41) ez‘) forall j=1,....,6—-1.
A directed acyclic graph, or DAG for short, is a directed graph that contains no di-
rected cycles. As an illustration, the graphs in panels (a) and (b) are both DAGs,
whereas the graph in panel (c) is not a DAG, since it contains (among others) a
directed cycle on the three vertices {1,2,5}.

Any mapping p : [N] — [N] defines an ordering of the vertex set V = {1,2,...,N},
and of interest to us are particular orderings.

Definition 1. The ordering {p(1),...,0(N)} of the vertex set V of a DAG is
topological if for each s € V, we have p(t) < p(s) for all ¢ € n(s).

Alternatively stated, in a topological ordering, children always come after their par-
ents. It is an elementary fact of graph theory that any DAG has at least one topo-
logical ordering, and this fact plays an important role in our analysis of directed
graphical models. So as to simplify our presentation, we assume throughout these
notes that the canonical ordering V = {1,2,...,N} is topological. Note that this as-
sumption entails no loss of generality, since we can always re-index the vertices
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Fig. 1. (a) The simplest example of a DAG is a chain, which underlies the familiar Markov
chain. The canonical ordering {1,2,..., N} is the only topological one. (b) A more compli-
cated DAG. Here the canonical ordering {1,2,...,7} is again topological, but it is no longer
unique: for instance, {1,4,2,3,5,7,6} is also topological. (c) A directed graph with cycles
(non-DAG). It contains (among others) a directed cycle on vertices {1,2,5}.
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so that it holds. With this choice of topological ordering, vertex 1 cannot have any
parents (i.e., 7(1) = 0), and moreover vertex N cannot have any children.

With this set-up, we are now ready to introduce probabilistic notions into the
picture. A directed graphical model is a family of probability distributions defined
by a DAG. This family is built by associating each node s of a DAG with a ran-
dom variable X, and requiring the joint probability distribution over (X1,...,Xy)
factorize according to the DAG. Consider the subset of vertices (s,7(s)) corre-
sponding to a given vertex s and its parents m(s). We may associate with this sub-
set a real-valued function f; : X; X Xz — Ry that maps any given configuration
(X5, Xn(s5)) € Xs X X(s) to areal number f;(x;, Xz(5)) = 0. We assume moreover that f
satisfies the normalization condition

D Fike Xn) =1 for all xyy) € X (1)

Xs

Definition 2 (Factorization for directed graphical models). The directed
graphical model based on a given DAG D is the collection of probability
distributions over the random vector (X1,...,Xy) that have a factorization of
the form

N
1
p(-xly""xN): E Hfs(xs’ -xﬂ'(s))’ (2)
5=
for some choice of non-negative parent-to-child functions (fi, ..., fiy) that sat-

isfy the normalization condition (1). We use F+..(D) to denote the set of all
distributions that factorize in the form (2).
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In the factorization (2), the quantity Z denotes a constant chosen to ensure that p
sums to one.

Let us illustrate this definition with some examples.

Example 1 (Markov chain as a directed graphical model). Perhaps the simplest ex-
ample of a directed acyclic graph is the chain on N nodes, as shown in panel (a)
of Figure 1. Such a graph underlies the stochastic process (Xi,...,Xy) known as a
Markov chain, used to model various types of sequential dependencies. By defini-
tion, any Markov chain can be factorized in the form

p(x1,...,xn) = plxr) plrz|xi) p(x3|x2) - p(xn | xn-1). 3)

Note that this is a special case of the factorization (2), based on the functions
Ss(Xs, Xn(s)) = p(xs5]|x5-1) for each s =2,..., N, and fi(x1, Xx(1)) = p(x1). *

We now turn to a more complex DAG.

Example 2 (Another DAG). Consider the DAG shown in Figure 1(b). It defines the
family of probability distributions that have a factorization of the form

p(xt,...,x7) o fi(x1) fa(xa, x1) f3(x3, X1, %2) fa(x4, X1) f5(x5, X3, X4) f6 (X6, X5) f1(x7, X5).
for some collection of non-negative and suitably normalized functions {f;, s € V}. &

The factorization (3) of the classical Markov chain has an interesting property,
in that the normalization constant Z = 1, and all the local functions f; are equal
to conditional probability distributions. It is not immediately apparent whether or
not this property holds for the more complex DAG discussed in Example 2, but in
fact, as shown by the following result, it is a generic property of directed graphical
models.

Proposition 1. For any directed acyclic graph D, any factorization of the
form factorization (2) with Z = 1 defines a valid probability distribution.
Moreover, we necessarily have fy(xs, Xz(s)) = p(Xs| Xr(s)) for all s € V.

Proof. Throughout the proof, we assume without loss of generality (re-indexing as
necessary) that {1,2,..., N} is a topological ordering. In order to prove this result, it
is convenient to first state an auxiliary result.

Lemma 1. For any distribution p of the form (2), we have
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P(X1,.. ., X)) = 7 l;lfS(xS’ Xn(s)) foreacht=1,...,N. “)

We first use this result to establish the main claims before returning to prove it.
If we apply Lemma 1 with ¢ = 1, then we obtain that p(x;) = fi(x1)/Z, and hence
that Z = 1 by the normalization condition on fj. Otherwise, for any ¢ € {2,...,N},
applying the representation (4) to both ¢ and 7 —1 yields

p(xlv---’-xt) —

Ji(Xt, Xn(r) for all (x1,...,x,).
p(-xl" . "-xt—l)

Since the right-hand side depends only on x(;), so must the left-hand side. When the
left-hand side depends only on x), then it is equal to the conditional p(x;|xx)),
and so we conclude that p(x;|xx()) = fi(xs, Xz(r)) as claimed.

It remains to prove Lemma 1. We may assume without loss of generality (re-
indexing as necessary) that {1,2,...,N} is a topological ordering. Consequently,
node N has no children, so that we may write

N-1
1
p(X1,...,XN-1,XN) = 7 [ l:[fs(xs, Xn(s)) ] Sn(xen, Xavy)-

Marginalizing over xy yields that

N-1
p(X1,. ., XN-1) =% nf(xs, xn(s))][ ZfN(XN, xlr(N))]
s=1 XN
=
= z l_[fs(XS7 xﬂ(s))’

s=1

where we have used the facts that xy appears only in one term (since N is a leaf
node), and that 3., fv(xn, Xz(v)) = 1. We have thus shown that if the claim holds
for t = N, then it holds for t = N — 1. By recursively applying this same argument,
the claim of Lemma 1 follows. a

Proposition 1 shows that the terms f; in the factorization (2) have a concrete inter-
pretation as the child-parent conditional probabilities (i.e., fs(xs, Xz(s)) is equal to the
conditional probability of X = x, given that X(s) = xx(y)). This local interpretability,
which (as we will see) is not shared by the class of undirected graphical models, has
some important consequences. For instance, sampling a configuration (X, ...,Xy)
from any DAG model is straightforward: assuming the canonical topological order-
ing, we first sample X ~ f1(), and then for s = 2,...,N, sample X5 ~ fsC, f(,r(s)).
This procedure is well-specified: due to the topological ordering, we are guaranteed
that the variable X, ;) has been sampled before we move on to sampling X. More-
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over, by construction, the random vector (X1,...,Xy) is distributed according to the
probability distribution (2).

2.1.1 Conditional independence properties for directed graphs

Thus far, we have specified a joint distribution over the random vector X = (X1, ..., Xw)
in terms of a particular parent-to-child factorization. We now turn to a different (but
ultimately equivalent) characterization in terms of conditional independence. (The
reader should recall our standard notation for conditional independence properties
from the beginning of Section 2.) Throughout the discussion to follow, we continue
to assume that the canonical ordering {1,2,..., N} is topological.

Given any vertex s € V\{1}, our choice of topological ordering implies that the
parent set 7(s) is contained within the set {1,2,...,s— 1}. Note that for s = 1, the
parent set must be empty. We then define the set v(s) = {1,2,...,5 — I}\n(s). Our
basic conditional independence properties are based on the three disjoint subsets
{s}, m(s) and v(s).

Definition 3 (Markov property for directed graphical models). The ran-
dom vector X = (X1,...,Xy) is Markov with respect to a directed graph if

X 1L Xy(s) | X,r(s) for all s € V. (®))

We use F..(D) to denote the set of all distributions that are Markov with
respect to D.

Let us illustrate this definition with our running examples.

Example 3 (Conditional independence for directed Markov chain). Recall the di-
rected Markov chain first presented in Example 1. Each node s € {2,...,N} has a
unique parent 71(s) = s — 1, so that the (non-trivial) basic conditional properties are
of the form X 11 (X,...,Xs-2) | X, for s € {3,...,N}. Note that these basic condi-
tional independence statements imply other (non-basic) properties as well. Perhaps
the most familiar is the assertion that

(X5, Xsilser s Xn) LL (X1,....Xs—2) | X1 forall s€{3,...,N},

corresponding the fact that the past and future of a Markov chain are conditionally
independent given the present (X,_; in this case). &

As a second example, let us now return to the DAG shown in Figure 1(b).

Example 4 (Conditional independence for a more complex DAG). For this DAG, the
basic conditional independence assertions (using the canonical ordering) can again
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be read off from the graph. In particular, the non-trivial relations are X3 Ll X | X,
Xs 1L (X1,X0) | (X3,X4), as well as

Xo 1L (X1,X2,X3,X4) | X5, and X7 1L (X1,X2,X3,X4,X6) | Xs5.

2.1.2 Equivalence of representations

For any directed graph O, we have now defined two families of probability distribu-
tions: the family 7+..(D) of all distributions with a factorization of the form (2), and
the family 7,..(D) of all distributions that satisfy the basic Markov properties (5). It
is natural to ask how these two families are related; pleasingly, they are equivalent,
as shown in the following result.

Theorem 1 (Equivalence for directed graphical models). For any directed
acyclic graph D, we have F,.(D) = F . (D).

Proof. The proof of this result is straightforward given our development thus far.
We begin with the inclusion ¥, (D) € Fr..(D). From Lemma 1 used in the proof of
Proposition 1, for any vertex ¢ € V, we have

t t—1
Pt = [ | Pl = [ | pGsslxne) PGl
s=1 s=1

=p(x1,...,X-1) PO Xr(n))-

By the definition of v(f), we have {1,...,r— 1} = n(f) Uv(¢), and consequently we can
write

PXr(ys Xve)s X)) PXr(e)s Xv(r))

= Pt Xn(r) = P | Xn(r)) POXt | X)),
P(Xr(r) P(Xn(r)) #1Am() v(o) | Xn(r) P(Xt | Xr(r)

which shows that X; 1L X, | Xx(s).

In order to establish the reverse inclusion, suppose that the basic Markov prop-
erties hold, where we are still using {1,2,..., N} as our topological ordering. Using
the chain rule for probability, we have

N
p(xt,...,xn) = p(x1) np(lexl,-~~,xr—1)
s=2

N

@)

= p(x1) HP(lexm)),
s=2
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where equality (i) follows by applying the Markov properties. O

2.2 Undirected graphical models

We now turn to discussion of undirected graphical models, which are also known as
Markov random fields or Gibbs distributions. Naturally, these models are built using
an undirected graphs, by which we mean a pair G = (V,E), where V ={1,...,N} is
the vertex set (as before), and & is a collection of undirected edges, meaning that
there is no distinction between the edge (s,f) and the edge (¢,s). As before, we
associate a random variable X with each vertex s € V of graph, and our interest is
in characterizing the joint distribution of the random vector X = (X1,...,Xy).

As with directed graphical models, there are two different ways in which the
probabilistic structure of the random vector X can be linked to the graphical struc-
ture: factorization and conditional independence properties. Let us begin our explo-
ration with the former property.

2.2.1 Factorization for undirected models
For undirected graphical models, the factorization properties are specified in terms

of cliques of the graph. A cligue C of an undirected graph G is a fully connected
subset C of the vertex set V (i.e., (s,t) € & for all 5,7 € C). A clique is maximal if

Fig. 2. (a) Illustration of cliques in an undirected graph. Sets A = {1,2,3} and B = {3,4,5}
are 3-cliques, whereas sets C = {4,6} and D = {5,7} are 2-cliques (that can be identified
with edges). (b) Illustration of a vertex cutset: removal of the vertices in S breaks the graph
into the separate pieces indexed by subsets A and B.

it is not contained within any other clique. Thus, any singleton set {s} is always a
clique, but it is not maximal unless s has no neighbors in the graph. See Figure 2(a)
for an illustration of some other types of cliques.

Given an undirected graph, we use € to denote the set of all its cliques. With
each clique C € €, we associate a compatibility function y¢c : Xc — R;: it assigns a
non-negative number ¥ ¢(xc) to each possible configuration x¢ = (x;,5 € C) € Xc.
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The factorization property for an undirected graphical model is stated in terms of
these compatibility functions.

Definition 4 (Factorization for undirected graphical models). A probabil-
ity distribution p factorizes over the graph G if

1
pxtaeaw) = > [ Jucte), ©)

CeC

for some choice of non-negative compatibility function ¢ : X¢ — R, for each
clique C € €. We use 7+,.(G) to denote the set of all distributions that have a
factorization of the form (6).

As before, the quantity Z is a constant chosen to ensure that the distribution is
appropriately normalized. (In contrast to the directed case, we cannot take Z = 1
in general.) Note that there is a great deal of freedom in the factorization (6); in
particular, in the way that we have written it, there is no unique choice of the com-
patibility functions and the normalization constant Z. For instance, if we multiply
any compatibility function by some constant @ > 0 and do the same to Z, we obtain
the same distribution.

Let us illustrate these definitions with some examples.

Example 5 (Markov chain as an undirected graphical model). Suppose that we re-
move the arrows from the edges of the chain graph shown in Figure 1(a); we then
obtain an undirected chain. Any distribution that factorizes according to this undi-
rected chain has the form

=
p(x1,...,x5) = 7 nl/fs(xs) Yia(x1, x2) Yi2(xr, x2) Yio(xr, x2) Yi2(x1,x2)  (7)
s=1

for some choice of non-negative compatibility functions. Unlike the directed case,
in general, these compatibility functions are not equal to conditional distributions,
nor to marginal distributions. Moreover, we have no guarantee that Z = 1 in this
undirected representation of a Markov chain. The factorization (7) makes use of
both maximal cliques (edges) and non-maximal cliques (singletons). Without loss
of generality, we can always restrict to only edge-based factors. However, for ap-
plications, it is often convenient, for the purposes of interpretability, to include both
types of compatibility functions. *

Example 6. As a second example, consider the undirected graph shown in Fig-
ure 2(a). Any distribution that respects its clique structure has the factorization
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1
p(X1,...,x7) = 7 Y123(x1, X2, X3) Y345(X3, X4, X5) Ya.6(X4, X6) Y57(X5,X7),

for some choice of non-negative compatibility functions. In this case, we have re-
stricted our factorization to the maximal cliques of the graph. *

2.2.2 Markov property for undirected models

We now turn to the second way in which graph structure can be related to prob-
abilistic structure, namely via conditional independence properties. In the case of
undirected graphs, these conditional independence properties are specified in terms
of vertex cutsets of the graph. A vertex cutset is a subset S of the vertex set V
such that, when it is removed from the graph, breaks the graph into two or more
disconnected subsets of vertices. For instance, as shown in Figure 2(b), removing
the subset S of vertices breaks the graph into two disconnected components, as in-
dexed by the vertices in A and B respectively. For an undirected graph, the Markov
property is defined by these vertex cutsets:

Definition 5 (Markov property for undirected graphical models). A ran-
dom vector (X1,...,Xy) is Markov with respect to an undirected graph G if,
for all all vertex cutsets S and associated components A and B, the conditional
independence condition X4 1L Xp | X¢ holds. We use %,,..(G) to denote the
set of all distributions that satisfy all such Markov properties defined by G.

For example, for any vertex s, its neighborhood set
N(s):={teV | (s,1)e&E} )

is always a vertex cutset. Consequently, any distribution that is Markov with respect
to an undirected graph satisfies the conditional independence relations

X 1L X\ (sjunes) | Xns)- 9

The set of variables Xy 5) = (X;,t € N(s)} is often referred to as the Markov blanket
of Xj, since it is the minimal subset required to render X conditionally indepen-
dent of all other variables in the graph. This particular Markov property plays an
important role in pseudolikelihood estimation of parameters [11], as well as related
approaches for graphical model selection by neighborhood regression (see the pa-
pers [50, 54] for further details).

Let us illustrate with some additional concrete examples.

Example 7 (Conditional independence for a Markov chain). Recall from Example 5
the view of a Markov chain as an undirected graphical model. For this chain graph,
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the minimal vertex cutsets are singletons, with the non-trivial ones being the subsets
{s} for s € {2,...,N — 1} Each such vertex cutset induces the familiar conditional
independence relation

(Xla‘”aXS—l)J—L(XS+19“‘9XN)| XS ) (10)
——
Past Future Present

corresponding to the fact that the past and future of a Markov chain are conditionally
independent given the present. *

Example 8 (More Markov properties). Consider the undirected graph shown in Fig-
ure 2(b). As previously discussed, the set S is a vertex cutset, and hence it induces
the conditional independence property X4 1L Xp | Xs. &

2.2.3 Hammersley-Clifford equivalence

As in the directed case, we have now specified two ways in which graph struc-
ture can be linked to probabilistic structure. This section is devoted to a classical
result that establishes a certain equivalence between factorization and Markov prop-
erties, meaning the two families of distributions 7+,.(G) and %, (G) respectively.
For strictly positive distributions p, this equivalence is complete.

Theorem 2 (Hammersley-Clifford). If the distribution p of random vector
X = (X1,...,XN) factorizes over a graph G, then X is Markov with respect to
G. Conversely, if a random vector X is Markov with respect to G and p(x) > 0
for all x € X[y, then p factorizes over the graph.

Proof. We begin by proving that 7..(G) C F11.(G)- Suppose that the factorization (6)
holds, and let S be an arbitrary vertex cutset of the graph such that subsets A and B
are separated by S. We may assume without loss of generality that both A and B are
non-empty, and we need to show that X4 11 Xp | X5 . Let us define subsets of cliques
byCy:={CeC|CNA#0},Cp:={CeC|CNB+#0},and €5 :={CeC|CCS}.
We claim that these three subsets form a disjoint partition of the full clique set—
namely, € = €4 UCEg U Cp. Given any clique C, it is either contained entirely within
S, or must have non-trivial intersection with either A or B, which proves the union
property. To establish disjointness, it is immediate that €g is disjoint from €4 and
Cp. On the other hand, if there were some clique C € €4 N Ep, then there would exist
nodes a € A and b € B with {a,b} € C, which contradicts the fact that A and B are
separated by the cutset S .
Consequently, we may write
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1
poaasxm) = [ [ Jwceol [[]wceal [[]wewol.

CeCy CeCg CeCp

Pa(xa,xs) Py (xs) Pp(xp,xs)

Defining the quantities

Za(xs):= Z Ya(xa,xs), and Zp(xs):= Z ¥Yp(xB, X5 ),
XA XB

we then obtain the following expressions for the marginal distributions of interest

Z Z 7
plis) = ZUDZIUS) (1) and g, xs) = 220

Pa(xa, xs) Ps(xs),

with a similar expression for p(xp, xs). Consequently, for any xg for which p(xg) > 0,
we may write

p(xa,Xs,xp) _ %?’A(XA,XS)Y’S(XS)Y’B(XB,XS)

p(xs) - ZA(XS)ZZB(XS) P (xg)
_ Pa(xa, xs)¥p(xp, xs) (11
Za(xs) Zp(xs)
Similar calculations yield the relations
Zp(xs)
p(xa,xs) =7 Pu(xa,xs) Ps(xs) _ Pa(xa,xs) and (12a)
p(xs) ZACS)ZBCS) (x5 Za(xs)
p(xp,Xxs) ZA(ZXS) Yp(xp,xs) ¥s(xs)  ¥p(xp,xs) (12b)
p(xs) LASZBS) g (x5 Zp(xs)
Combining equation (11) with equations (12a) and (12b) yields
p(xa,xg,xs) _ p(xa,xs) p(xp,Xs)
p(xa,xp | xs) = = = p(xa | xs) p(xg | xs),

p(xs) plxs)  p(xs)

thereby showing that X4 Ll Xp | Xs, as claimed.

In order to prove the opposite inclusion—namely, that the Markov property for a
strictly positive distribution implies the factorization property—we require a version
of the inclusion-exclusion formula. Given a set [N] ={1,2,...,N}, let P([N]) be its
power set, meaning the set of all subsets of [N]. With this notation, the following
inclusion-exclusion formula is classical:
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Lemma 2 (Inclusion-exclusion). For any two real-valued functions ¥ and @
defined on the power set P([N]), the following statements are equivalent:

D(A) = Z(—D'A\Bl ¥(B) forall A€ P(IN]). (13a)
BCA

P(A) = Z ®(B) for all A € P(IN)). (13b)
BCA

Proofs of this result can be found in standard texts in combinatorics (e.g., [47]).
Returning to the main thread, let y € X| 5} be some fixed element, and for each subset
A € P([N]), define the function ¢ : Xy — R via

oA = 3 (1) og BT

14
& 0) 1

(Note that taking logarithms is meaningful since we have assumed p(x) > 0 for all
x € X[n}). From the inclusion-exclusion formula, we have log % = 3 pca $B(X),
and setting A = [N] yields

P =pMexpl D, ¢p). (15)

BeP(IN])]

From the definition (14), we see that ¢4 is a function only of x4. In order to
complete the proof, it remains to show that ¢4 = O for any subset A that is not a
graph clique. As an intermediate result, we claim that for any ¢ € A, we can write

da(x) = Z (—1A-Bl logp—(xtle’yBr\m)_ (16)
BCA\(t} p(yrlea)’BC\{t})

To establish this claim, we write

Pa(x) = Z(—l)"‘\Bl log STV Z(_I)IA\B\ log P(XB,yp)

BcA p(y) o PO
B2t Bat
= _1 |A\B| 1 p(xB,YB”) _1 p(XBUt,yBc\[t])
ng\{tl( ) { o8 ) 8 p(y) }
= Z (—1)|A\B| 10g M a7

BT P(XBUYBe\(r))

Note that for any B C A\{¢}, we are guaranteed that ¢t ¢ B, whence

p(xB,ype) =P(yz|x3,va\{f})
p(xgunyBevry)  P(Xe|XB,yBev@)
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Substituting into equation (17) yields the claim (16).

We can now conclude the proof. If A is not a clique, then there must some exist
some pair (s,7) of vertices not joined by an edge. Using the representation (16), we
can write ¢4 as a sum of four terms (i.e., g4 = Z?zl T;), where

Ti= D D"logp(ylxz,yse ),
BCA\{s,1}

= ). (DN log plx;|xp,ypeyn)
BCA\{s,t}

T = > (=DM Do iy xpug,yeesy),  and
BCA\{s.1}

Tu(x) = Z (_l)lA\(Bu{s,t})I 108 P(X; | XBU{s) VB [s.1])-
BCA\{s,1}

Combining these separate terms, we obtain

PO X8, B 1) P(X | XBU(s)» VB (s.1))
P xB,YBAE) POt | XBULs) VB (s.t)

pa0= > (~1)"\¥log

BCA\{s,t)

But using the Markov properties of the graph, each term in this sum is zero. Indeed,
since s ¢ N(t), we have

DXt | xB,yBeviny) = P(Xe | XBUgs)s YBevis,y),  and p(ye|xB, ¥Bevy) = POV | XBus)s YBA(s.1))s

which completes the proof. O

2.2.4 Factor Graphs

For large graphs, the factorization properties of a graphical model, whether undi-
rected or directed, may be difficult to visualize from the usual depictions of graphs.
The formalism of factor graphs provides an alternative graphical representation, one
which emphasizes the factorization of the distribution [44, 48].

Let ¥ represent an index set for the set of factors defining a graphical model dis-
tribution. In the undirected case, this set indexes the collection C of cliques, while
in the directed case # indexes the set of parent—child neighborhoods. We then con-
sider a bipartite graph G = (V,¥,E), in which V is (as before) an index set for the
variables, and ¥ is an index set for the factors. Given the bipartite nature of the
graph, the edge set & now consists of pairs (s,a) of nodes s € V such that the fact
a € N(s), or equivalently such that a € N(s). See Figure 3(b) for an illustration.

For undirected models, the factor graph representation is of particular value when
C consists of more than the maximal cliques. Indeed, the compatibility functions for
the nonmaximal cliques do not have an explicit representation in the usual represen-
tation of an undirected graph— however, the factor graph makes them explicit. This
explicitness can be useful in resolving certain ambiguities that arise with the stan-
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1 7

3 5

Fig. 3. Illustration of undirected graphical models and factor graphs. (a) An undirected
graph on N = 7 vertices, with maximal cliques {1,2,3,4}, {4,5,6} and {6,7}. (b) Equivalent
representation of the undirected graph in (a) as a factor graph, assuming that we define com-
patibility functions only on the maximal cliques in (a). The factor graph is a bipartite graph
with vertex set V = {1,...,7} and factor set ¥ = {a,b, c}, one for each of the compatibility
functions of the original undirected graph.

dard formalism of undirected graphs. As one illustration, consider the three-vertex
cycle shown in Figure 4(a). Two possible factorizations that are consistent with this
graph structure are the pairwise-only factorization

1
p(x1,%x2,%3) = zlﬁlz(xl,xz) U23(x2,x3) Y13(x1, X3), (18)

which involves only the non-maximal pairwise cliques, versus the generic triplet
factorization p(x1,x2,X3) = %¢123()C1,X2,X3). The undirected graph in panel (a)
does not distinguish between these two possibilities. In contrast, the factor graph
representations of these two models are distinct, as shown in panels (b) and (c)
respectively. This distinction between the pairwise and triplet factorization is im-

3
3 3
(@) (b) (©
Fig. 4. (a) A three-vertex cycle graph that can be used to represent any distribution over
three random variables. (b) Factor graph representation of the pairwise model (19). (c)
Factor graph representation of the triplet interaction model.
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portant in many applications, for instance when testing for the presence of ternary
interactions between different factors underlying a particular disease.

3 Exact algorithms for marginals, likelihoods and modes

In applications of graphical models, one is typically interested in solving one of a
core set of computational problems. One example is the problem of likelihood com-
putation, which arises in parameter estimation and hypothesis testing with graph-
ical models. A closely related problem is that of computing the marginal distri-
bution p(x4) over a particular subset A C V of nodes, or similarly, computing the
conditional distribution p(x4 | xp), for disjoint subsets A and B of the vertex set.
This marginalization problem is needed to in order to perform filtering or smooth-
ing of time series (for chain-structured graphs), or the analogous operations for
more general graphical models. A third problem is that of mode computation, in
which the goal is to find a configuration X € X|y; of highest probability—that is,
xe€ max,ex,,, P(x). In typical applications, some subset of the variables are ob-
served, so these computations are often performed for conditional distributions, with
the observed values fixed. It is straightforward to incorporate observed values into
the algorithms that we discuss in this section.

At first sight, these problems—-likelihood computation, marginalization and
mode computation—might seem quite simple and indeed, for small graphical mod-
els (e.g., N ® 10—20), they can be solved directly with brute force approaches.
However, many applications involve graphs with thousands (if not millions) of
nodes, and the computational complexity of brute force approaches scales very
poorly in the graph size. More concretely, let us consider the case of a discrete
random vector (Xj,...,Xn) € X[n] such that, for each node s € V, the random vari-
able X takes values in the state space Xy = {0,1,...,m — 1}. A naive approach to
computing a marginal at a single node — say p(x;) — entails summing over all
configurations of the form {x” € X" | x| = x,}. Since this set has mN~1 elements, it
is clear that a brute force approach will rapidly become intractable. Given a graph
with N = 100 vertices (a relatively small problem) and binary variables (m = 2),
the number of terms is 2°%, which is already larger than estimates of the number of
atoms in the universe. This is a vivid manifestation of the “curse-of-dimensionality”
in a computational sense.

A similar curse applies to the problem of mode computation for discrete ran-
dom vectors, since it is equivalent to solving an integer programming problem.
Indeed, the mode computation problem for Markov random fields includes many
well-known instances of NP-complete problems (e.g., 3-SAT, MAX-CUT etc.) as
special cases. Unfortunately, for continuous random vectors, the problems are no
easier and typically harder, since the marginalization problem involves computing
a high-dimensional integral, whereas mode computation corresponds to a generic
(possibly non-convex) optimization problem. An important exception to this state-
ment is the Gaussian case where the problems of both marginalization and mode
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computation can be solved in polynomial-time for any graph (via matrix inversion),
and in linear-time for tree-structured graphs via the Kalman filter.

In the following sections, we develop various approaches to these computational
inference problems, beginning with discussion of a relatively naive but pedagog-
ically useful scheme known as elimination, then moving onto more sophisticated
message-passing algorithms, and culminating in our derivation of the junction tree
algorithm.

3.1 Elimination algorithm

We begin with an exact but relatively naive method known as the elimination algo-
rithm. It operates on an undirected graphical model equipped with a factorization of
the form

1
p(x1,...,xN) = 7 nllfc(xc)-

CeC

As input to the elimination algorithm, we provide it with a farget vertex T € V (or
more generally a target subset of vertices), an elimination ordering I, meaning an
ordering of the vertex set V such that the target T appears first; as well as the collec-
tion of compatibility functions {yc,C € €} defining the factorization (6). As output,
the elimination algorithm returns the marginal distribution p(x7) over the variables
x7 at the target vertices.

Elimination algorithm for marginalization

1. Initialization:
(a) Initialize active set of compatibility functions A = {y¢,C € C}.
(b) Initialize elimination ordering 7 (with the target vertex T appearing
first).
2. Elimination: while card(J) > card(T):
(a) Activate last vertex s on the current elimination order:
(b) Form product

DX, XN(5) = l_[ Ye(xe),

¥c involving x;

where N (s) indexes all variables that share active factors with s.
(c) Compute partial sum:

e (nGs) = Z d(Xs, XN (5))s
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and remove all {{/¢} that involve x, from active list.
(d) Add ZN( 5) to active list, and remove s from index set 7.
3. Termination: when 7 = {T'}, form the product ¢ (x7) of all remaining func-
tions in A, and then compute

o7 (x7)
A

7= Z¢T(xT) and p(xr) =
X7

We note that in addition to returning the marginal distribution p(xr), the algorithm
also returns the normalization constant Z. The elimination algorithm is best under-
stood in application to a particular undirected graph.

Example 9 (Elimination in action). Consider the 7-vertex undirected graph shown
in Figure 2(a). As discussed in Example 6, it induces factorizations of the form

P(X1,. .0, X7) o< r123(X1, X2, X3) Y345(X3, X4, X5) Yae(X4,X6) Ys7(x5,%7),

Suppose that our goal is to compute the marginal distribution p(xs). In order to
do so, we initialize the elimination algorithm with 7 = 5, the elimination ordering
I =1{5,4,2,3,1,6,7}, and the active set A = {123,345, VY16, Y57}

Eliminating x;: At the first step, s = 7 becomes the active vertex. Since Y57 is
the only function involving x7, we form ¢(xs,x7) = ¥57(xs,x7), and then com-
pute the partial sum 55(X5) = Xy, ¥s7(xs,x7). We then form the new active set
A = {123,345, a6, 95} _
Eliminating xg: This phase is very similar. We compute the partial sum ¢4(x4) =
2xs Wa6(x4,x6), and end up with the new active set A = {tﬁ123,w345,55,54}.
Eliminating x;: We compute azg(xg,x3) = 2y, Y123(x1, X2, x3), and conclude with
the new active set A = {523,1//345,55,54}.

Eliminating x3: In this phase, we first form the product ¢p345(x2,x3,x4,x5) =
523(@,):3)(&345 (x3, x4, x5), and then compute the partial sum

$245(x2,X4,%5) = Z¢2345(X2,X3,x4,xs)-
X2

We end up with the active set A = {5245,55 54}

Eliminating x,: The output of this phase is the active set A = {¢45,(.]55,54}, where
@45 is obtained by summing out x; from ¢;4s.

Ellmmatlng x4: We form the product ¢as5(x4,xs5) = ¢4(x4)¢45 (x4, xs), and then the
partial sum ¢(x5) = Dy, Pa5(x4, x5). We conclude with the active set A = {¢>5,¢5}

After these steps, the index set 7 has been reduced to the target vertex 7' = 5. In the
final step, we form the product ¢5(xs) = ¢5(x5)¢p5(xs), and then re-normalize it to
sum to one. *
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A few easy extensions of the elimination algorithm are important to note. Al-
though we have described it in application to an undirected graphical model, a sim-
ple pre-processing step allows it to be applied to any directed graphical model as
well. More precisely, any directed graphical model can be converted to an undi-
rected graphical model via the following steps:

e remove directions from all the edges
e “moralize” the graph by adding undirected edges between all parents of a given
vertex—that is, in detail

for all s € V, and for all #,u € n(s), add the edge (¢, u).

e the added edges yield cliques C = (s,7(s)); on each such clique, define the com-
patibility function ¥c(xc) = p(Xs|Xx(s))-

Applying this procedure yields an undirected graphical model to which the elimina-
tion algorithm can be applied.

A second extension concerns the computation of conditional distributions. In
applications, it is frequently the case that some subset of the variables are observed,
and our goal is to compute a conditional distribution of X7 given these observed
variables. More precisely, suppose that we wish to compute a conditional probability
of the form p(x7 | Xp) where O C V are indices of the observed values Xp = Xp. In
order to do so, it suffices to compute a marginal of the form p(x7, Xp). This marginal
can be computed by adding binary indicator functions to the active set given as input
to the elimination algorithm. In particular, for each s € O, let I ;.5 (x;) be a zero-one
indicator for the event {x; = X;}. We then provide the elimination algorithm with the
initial active set A = {¢¢c,C € €}U{lx s € O}, so that it computes marginals for
the modified distribution

qa,.o ) e [ Jweto) [ Lo, (xo),

Ce€ s€0

in which g(x) = 0 for all configurations xg # Xp. The output of the elimination algo-
rithm can also be used to compute the likelihood p(xp) of the observed data.

3.1.1 Graph-theoretic versus analytical elimination

Up to now, we have described the elimination algorithm in an analytical form. It
can also be viewed from a graph-theoretic perspective, namely as an algorithm that
eliminates vertices, but adds edges as it does so. In particular, during the elimination
step, the graph-theoretic version removes the active vertex s from the current elim-
ination order (as well as all edges involving s), but then adds an edge for each pair
of vertices (#,u) that were connected to s in the current elimination graph. These
adjacent vertices define the neighborhood set N(s) used in Step 2(c) of the algo-
rithm. This dual perspective—the analytical and graph-theoretic—is best illustrated
by considering another concrete example.
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(©)
1 2 3
4
7 8 9
(d) ®

Fig. 5. (a) A 3 x3 grid graph in the plane. (b) Result of eliminating vertex 9. Dotted ver-
tices/edges indicate quantities that have been removed during elimination. (¢) Remaining
graph after having eliminated vertices {1,3,7,9}. (d) Resulting graph after eliminating ver-
tex 4. (e) Elimination of vertex 6. (f) Final reconstituted graph: original graph augmented
with all edges added during the elimination process.

Example 10 (Graph-theoretic versus analytical elimination). Consider the 3 x 3
grid-structured graph shown in panel (a) of Figure 5. Given a probability distri-
bution that is Markov with respect to this grid, suppose that we want to compute
the marginal distribution p(xs), so that the target vertex is 7 = 5. In order to do so,
we initialize the elimination algorithm using the ordering 7 = {5,2,8,6,4,1,3,7,9}.
Panel (b) shows the graph obtained after eliminating vertex 9, now shown in dotted
lines to indicate that it has been removed. At the graph-theoretic level, we have re-
moved edges (8,9) and (6,9), and added edge (6,9) At the analytical level, we have
performed the summation over xg to compute

Plx6,X5) = Z!//69(X6,X9)!//89(XS,X9),
X9

and added it to the active list of compatibility functions. Notice how the new func-
tion 563 depends only on the variables (x¢, xg), which are associated with the edge
(6, 8) added at the graph-theoretic level. Panel (c) shows the result after having elim-
inated vertices {1,3,7,9}, in reverse order. Removal of the three vertices (in addition
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to 9) has a symmetric effect on each corner of the graph. In panel (d), we see the
effect of eliminating vertex 4; in this case, we remove edges (4,5), (4,2), and (4, 8),
and then add edge (2,8). At the analytical stage, this step will introduce a new com-
patibility function of the form Ezsg(xz,xs ,x3). Panel (e) shows the result of removing
vertex 6; no additional edges are added at this stage. Finally, panel (f) shows the re-
constituted graph G, meaning the original graph plus all the edges that were added
during the elimination process. Note that the added edges have increased the size
of the maximal clique(s) to four; for instance, the set {2,5,6,8} is a maximal clique
in the reconstituted graph. This reconstituted graph plays an important role in our
discussion of junction tree theory to follow. &

3.1.2 Complexity of elimination

What is the computational complexity of the elimination algorithm? Let us do some
rough calculations in the discrete case, when X ={0,1,...,m — 1} for all vertices
s € V. Clearly, it involves at least a linear cost in the number of vertices N. The
other component is the cost of computing the partial sums $ at each step. Supposing
that we are eliminating s, let N'(s) be the current set of its neighbors in the elimi-
nation graph. For instance, in Figure 5, when we eliminate vertex s = 4, its current
neighborhood set is N(4) = {2,5,8}, and the function 5253 at this stage depends on
(x2, x5, x8). Computing 5258 incurs a complexity of O(m%), since we need to perform
a summation (over x4) involving m terms for each of the m> possible instantiations
of (xz, X5, xg).

In general, then, the worst-case cost over all elimination steps will scale as
OmNOH) where |N(s)| is the neighborhood size in the elimination graph when
eliminating s. It can be seen that the worst-case neighborhood size (plus one) is
equivalent to the size of the largest clique in the reconstituted graph. For instance,
in Figure 5(f), the largest cliques in the reconstituted graph have size 4, consistent
with the O(m®) calculation from above. Putting together the pieces, we obtain a con-
servative upper bound on the cost of the elimination algorithm—namely, O(m°N),
where c is the size of the largest clique in the reconstituted graph.

A related point is that for any given target vertex T, there are many possible
instantiations of the elimination algorithm that can be used to compute the marginal
p(x7). Remember that our only requirement is that 7' appear first in the ordering, so
that there are actually (N — 1)! possible orderings of the remaining vertices. Which
ordering should be chosen? Based on our calculations above, in order to minimize
the computational cost, one desirable goal would be to minimize the size of the
largest clique in the reconstituted graph. In general, finding an optimal elimination
ordering of this type is computationally challenging; however, there exist a variety
of heuristics for choosing good orderings, as we discuss in Section 4.
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3.2 Message-passing algorithms on trees

We now turn to discussion of message-passing algorithms for models based on
graphs without cycles, also known as trees. So as to highlight the essential ideas
in the derivation, we begin by deriving message-passing algorithms for trees with
only pairwise interactions, in which case the distribution has form

1
POty = 2 | w0 [ ] v, (19)

seV (s,1)e&

where 7 = (V,&) is a given tree, and {5, s € V} and {y &, (s, 1) € E} are compatibility
functions. For a tree, the elimination algorithm takes a very simple form—assuming
that the appropriate ordering is followed. Recall that a vertex in a graph is called a
leaf if it has degree one.

The key fact is that for any tree, it is always possible to choose an elimination
ordering 7 such that:

(a) The last vertex in Z (first to be eliminated) is a leaf; and
(b) For each successive stage of the elimination algorithm, the last vertex in J re-
mains a leaf of the reduced graph.

This claim follows because any tree always has at least one leaf vertex [17], so that
the algorithm can be initialized in Step 1. Moreover, in removing a leaf vertex, the
elimination algorithm introduces no additional edges to the graph, so that it remains
a tree at each stage. Thus, we may apply the argument recursively, again choosing a
leaf vertex to continue the process. We refer to such an ordering as a leaf-exposing
ordering.

In computational terms, when eliminating leaf vertex s from the graph, the al-
gorithm marginalizes over x;, and then passes the result to its unique parent 7(s).
The result a,r(x) of this intermediate computation is a function of xy); following
standard notation used in presenting the sum-product algorithm, we can represent
it by a “message” of the form M;_, (), where the subscript reflects the direction
in which the message is passed. Upon termination, the elimination algorithm will
return the marginal distribution p(x7) at the target vertex 7' € V; more specifically,
this marginal is specified in terms of the local compatibility function 7 and the
incoming messages as follows:

peer)ecyrar) [ | Moortar).

seN(r)

Assuming that each variable takes at most m values (i.e., |X| < m for all s € V),
the overall complexity of running the elimination algorithm for a given root vertex
scales as O(m>N), since computing each message amounts to summing m numbers
a total of m times, and there are O(N) rounds in the elimination order. Alternatively,
since the leaf-exposing ordering adds no new edges to the tree, the reconstituted
graph is equivalent to the original tree. The maximal cliques in any tree are the
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edges, hence of size two, so that the complexity estimate O(m>N) follows from our
discussion of the elimination algorithm.

3.2.1 Sum-product algorithm

In principle, by running the tree-based elimination algorithm N times—once for
each vertex acting as the target in the elimination ordering—we could compute all
singleton marginals in time O(m>N?). However, as the attentive reader might sus-
pect, such an approach is wasteful, since it neglects to consider that many of the
intermediate operations in the elimination algorithm would be shared between dif-
ferent orderings. Herein lies the cleverness of the sum-product algorithm: it re-uses
these intermediate results in the appropriate way, and thereby reduces the overall
complexity of computing all singleton marginals to O(m*>N). In fact, as an added
bonus, without any added complexity, it also computes all pairwise marginal distri-
butions over variables (x;, x;) such that (s,7) € &.

For each edge (s,?) € &, the sum-product algorithm maintains two messages—
namely, M,_,; and M,_,,—corresponding to two possible directions of the edge.!
With this notation, the sum-product message-passing algorithm for discrete random
variables takes the following form:

Sum-product message-passing algorithm (pairwise tree):

1. Atiteration k = 0:
For all (s,7) € &, initialize messages

MY, (x)=1 forallx;eX; and M, (x)=1 forallx €KX,

2. For iterations k= 1,2,...:
(1) For each (z, s) € &, update messages:

M) —a Y{atpucd [ Mol eo)

ueN()/s

where @ > 0 chosen such that } M’§_>S(xs) =1.
(i) Upon convergence, compute marginal distributions:

pe) = asus(x) || Mioy(x), and (21a)
teN(s)
pst(xsa X)) = Qg WSI(X_W Xt) l_[ M, s(xy) 1_[ M, i(xp),
ueN()\{t} ueN()\{s}
(21b)

! Recall that the message M;_,, is a vector of |X;| numbers, one for each value x; € X;.
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where a; > 0 and a;; > 0 are normalization constants (to ensure that the
marginals sum to one).

The initialization given in Step 1 is the standard “uniform” one; it can be seen
that the final output of the algorithm will be same for any initialization of the mes-
sages that has strictly positive components. As with our previous discussion of the
elimination algorithm, we have stated a form of message-passing updates suitable
for discrete random variables, involving finite summations. For continuous random
variables, we simply need to replace the summations in the message update (20)
with integrals. For instance, in the case of a Gauss-Markov chain, we obtain the
Kalman filter as a special case of the sum-product updates.

There are various ways in which the order of message-passing can be scheduled.
The simplest to describe, albeit not the most efficient, is the flooding schedule, in
which every message is updated during every round of the algorithm. Since each
edge is associated with two messages—one for each direction—this protocol in-
volves updating 2|&| messages per iteration. The flooding schedule is especially
well-suited to parallel implementations of the sum-product algorithm, such as on a
digital chip or field programmable gate array, in which a single processing unit can
be devoted to each vertex of the graph.

In terms of minimizing the total number of messages that are passed, a more effi-
cient scheduling protocol is based on the following rule: any given vertex s updates
the message M;_,; to its neighbor t € N'(s) only after it has received messages from
all its other neighbors u € N'(s)\{t}. In order to see that this protocol will both start
and terminate, note that any tree has at least one leaf vertex. All leaf vertices will
pass a message to their single neighbor at round 1. As in the elimination algorithm,
we can then remove these vertices from further consideration, yielding a sub-tree of
the original tree, which also has at least one leaf node. Again, we see that a recursive
leaf-stripping argument will guarantee termination of the algorithm. Upon termina-
tion, a total of 2|&| messages have been passed over all iterations, as opposed to per
iteration in the flooding schedule.

Regardless of the particular message-update schedule used, the following result
states the convergence and correctness guarantees associated with the sum-product
algorithm on a tree:

Proposition 2. For any tree T with diameter d(7"), the sum-product updates
have a unique fixed point M*. The algorithm converges to it after at most d(7")
iterations, and the marginals obtained by equations (21a) and (21b) are exact.

Proof. We proceed via induction on the number of vertices. For N = 1, the claim
is trivial. Now assume that the claim holds for all trees with at most N — 1 vertices,
and let us show that it also holds for any tree with N vertices. It is an elementary
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fact of graph theory [17] that any tree has at least one leaf node. By re-indexing
as necessary, we may assume that node N is a leaf, and its unique parent is node
1. Moreover, by appropriately choosing the leaf vertex, we may assume that the
diameter of 7~ is achieved by a path ending at node N. By definition of the sum-
product updates, for all iterations k = 1,2,..., the message sent from N to 1 is given
by

My, (x) = a Z UNGEN)UNL(XN, X1).

XN

(It never changes since vertex N has only one neighbor.) Given this fixed mes-
sage, we may consider the probability distribution defined on variables (xq,...,xy-1)
given by

N-1
P(xl,-u,xN—l)OcM;_,l(xl)[l—llﬁs(xs)] l_[ Vst (Xs, ;).

s=1 (s,neE\{(1,N)}

Our notation is consistent, in that p(xi,...,xy—1) is the marginal distribution ob-
tained by summing out xy from the original problem. It corresponds to an instance
of our original problem on the new tree 7' = (V',&") with V' ={1,...,N -1} and
& = &E\{(1,N)}. Since the message M;/_>1 remains fixed for all iterations k > 1, the
iterates of the sum-product algorithm on 7 are indistinguishable from the iterates
on tree (for all vertices s € V"’ and edges (s,f) € &').

By the induction hypothesis, the sum-product algorithm applied to 7 will con-
verge after at most d(7") iterations to a fixed point M* = {M;_,,, M/, | (s,t) € E'},
and this fixed point will yield the correct marginals at all vertices s € V’ and edges
(s,t) € &. As previously discussed, the message from N to 1 remains fixed for all
iterations after the first, and the message from 1 to N will be fixed once the iterations
on the sub-tree 7 have converged. Taking into account the extra iteration for node
1 to N, we conclude that sum-product on 7~ converges in at most d(7") iterations as
claimed.

It remains to show that the marginal at node N can be computed by forming the

product p(xy) o Yn(xn)M]_, \(xn), where

Mi_ G = Y i) winGeaw) [ ] My, (e,

ueN(H\{N}

By elementary probability theory, we have p(xy) = X\, p(xy | x1)p(x1). Since N
is a leaf node with unique parent 1, we have the conditional independence relation
Xy 1L Xqq1y | X1, and hence, using the form of the factorization (19),

UNGN) YN (X1, xN) « YN Yin(xr, xn)
Zay YNCen) YN (e, xn) My (x1)

p(xy | x1) = (22)

By the induction hypothesis, the sum-product algorithm, when applied to the distri-
bution (22), returns the marginal distribution
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plx) o [My_ opnGe] [ ] M.

teN(D\{N}

Combining the pieces yields
plew) = D" pla |x1)p(xr)
X1

Yin(x1, xy)

M ey M- vl [T Mo

keN(D\{N}

o< yn(an) ).

X1

oc v (xn) My N (xn),

as required. A similar argument yields that equation (21b) yields the correct form of
the pairwise marginal for the edge (1, N) € &; we leave the details as an exercise for
the reader. O

3.2.2 Sum-product on general factor trees

In the preceding section, we derived the sum-product algorithm for a tree with pair-
wise interactions; in this section, we discuss its extension to arbitrary tree-structured
factor graphs. A tree factor graph is simply a factor graph without cycles; see Fig-
ure 3(b) for an example. We consider a distribution with a factorization of the form

1
pOxtaecw) = = | [ | [vatxa), (23)

seV acF

where V and ¥ are sets of vertices and factor nodes, respectively.

Before proceeding, it is worth noting that for the case of discrete random vari-
ables considered here, the resulting algorithm is not more general than sum-product
for pairwise interactions. Indeed, in any distribution over discrete random variables
with a tree-structured factor graph—regardless of the order of interactions that it
involves—can be converted to an equivalent tree with pairwise interactions. We re-
fer the reader to Appendix E.3 in the monograph [67] for further details on this
procedure. Nonetheless, it is often convenient to apply the non-pairwise form of the
sum-product algorithm directly to a factor tree, as opposed to going through this
conversion.

We use M,_,, to denote the message from vertex s to the factor node a € N(s),
and similarly M,_,, to denote the message from factor node a to the vertex s € N'(a).
Both messages (in either direction) are functions of x;, where M,_,;(x;) (respec-
tively M,_,,(x,)) denotes the value taken for a given x; € X;. We let x, = {x,,5 €
N (a)} denote the sub-vector of random variables associated with factor node a € .
With this notation, the sum-product updates for a general tree factor graph take the
following form:
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Sum-product updates for tree factor graph:

Myoa(x) — as(x) [ | Mpos(xs), and (24a)
beN(s)\{a}
Moss) o Y [t [ Moa]  (24b)
Xz, teN(a)\{s} teN(a)\{s}

Here the quantity @ again represents a positive constant chosen to ensure that
the messages sum to one. (As before, its value can differ from line to line.) Upon
convergence, the marginal distributions over x; and over the variables x, are given,
respectively, by the quantities

P =ap(xr) [ | Maos(xo), and (25a)
aeN(s)

Pe) = () | | Misalx). (25b)
teN(a)

We leave it as an exercise for the reader to verify that the message-passing up-
dates (24) will converge after a finite number of iterations (related to the diameter
of the factor tree), and when equation (25) is applied using the resulting fixed point
M* of the message updates, the correct marginal distributions are obtained.

3.2.3 Max-product algorithm

Thus far, we have discussed the sum-product algorithm that can be used to solve the
problems of marginalization and likelihood computation. We now turn to the max-
product algorithm, which is designed to solve the problem of mode computation. So
as to clarify the essential ideas, we again present the algorithm in terms of a factor
tree involving only pairwise interactions, with the understanding that the extension
to a general factor tree is straightforward.

The problem of mode computation amounts to finding a vector

«
x* €arg max p(xi,...,xXy),
XEX[NJ

where we recall our shorthand notation Xy = X1 XXz X---XXn. As an intermediate
step, let us first consider the problem of computing the so-called max-marginals
associated with any distribution defined by a tree 7 = (V,E). In particular, for each
vertex s € V, we define the singleton max-marginal

ve(xg) i= max  p(x},...,xy), (26)
(¥ eXny | xs=x)



28 Martin J. Wainwright

For each edge (s,1) € &, the pairwise max-marginal is defined in an analogous man-
ner:

vij(xi, xj) = max P(x],. ., xN), 27

(¥ €Xiny 1 ) =(xinx )}

Note that the singleton and pairwise max-marginals are the natural analogs of the
usual marginal distributions, in which the summation operation has been replaced
by the maximization operation.

Before describing how these max-marginals can be computed by the max-
product algorithm, first let us consider how max-marginals are relevant for the prob-
lem of mode computation. This connection is especially simple if the singleton
max-marginals satisfy the unique maximizer condition—namely, if for all s € V,
the maximum over v,(x;) is achieved at a single element, meaning that

arg max vs(x;) = x; forall s€V. (28)
xs€Xs
In this case, it is straightforward to compute the mode, as summarized in the follow-
ing:

Lemma 3. Consider a distribution p whose singleton max-marginals satisfy
the unique maximizer condition (28). Then the vector x* = (x],...,x5) € X|n)
is the unique maximizer of p(x1,...,XN).

Proof. The proof of this claim is straightforward. Note that for any vertex s € V, by
the unique maximizer condition and the definition of the max-marginals, we have

vs(xy) = mea}é( ve(xg) = rél/\gx p(x1,...,XN).
Xs€EN s XEA[N]

Now for any other configuration % # x*, there must be some index ¢ such that x; # X;.
For this index, we have
L)
max p(xi,...,xn) = vi(x;) > vi(%) = p(X),
XEX[N]

where inequality (i) follows from the unique maximizer condition, and inequal-

ity (ii) follows by definition of the max-marginal. We have thus established that

p(x) < m{\gx p(x) for all X # x*, so that x* uniquely achieves the maximum. |
XEA|N]

If the unique maximizer condition fails to hold, then the distribution p must have
more than one mode, and it requires a bit more effort to determine one. Most impor-
tantly, it is no longer sufficient to extract some x € argmaxy cx, vi(xy), as illustrated
by the following toy example.
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Example 11 (Failure of unique maximizer). Consider the distribution over a pair of
binary variables given by

0.45 if x1 # xp, and

,X2) = 29
p(x1.x2) {0.05 otherwise. 29

In this case, we have vi(x]) = va(x) = 0.45 for all (x,x2) € {0,1}2, but only con-
figurations with x; # x» are globally optimal. As a consequence, a naive procedure
that looks only at the singleton max-marginals has no way of determining such a
globally optimal configuration. &

Consequently, when the unique maximizer condition no longer holds, it is nec-
essary to also take into account the information provided by the pairwise max-
marginals (27). In order to do so, we consider a back-tracking procedure that sam-
ples some configuration x* € arg maXyeX,y, p(x). Let us assume that the tree is rooted
at node 1, and that V ={1,2,..., N} is a topological ordering (i.e., such that (s) < s
for all s € {2,...,N}). Using this topological ordering we may generate an optimal
configuration x* as follows:

Back-tracking for choosing a mode x*
1. Initialize the procedure at node 1 by choosing any x| € arg me}? vi(x1).
X1€AX]

2. Foreach s =2,...,N, choose a configuration xj at vertex s such that

k k
Xg € afggle% Vs,n(s)(xs, xn(s))'

Note that this is a recursive procedure, in that the choice of the configuration x; de-
pends on the previous choice of x7, 5 Our choice of topological ordering ensures that
x;(s) is always fixed before we reach vertex s. We establish that this back-tracking
procedure is guaranteed to output a vector x* € argmaxex,,, P(x) in Proposition 3
below.

Having established the utility of the max-marginals for computing modes, let
us now turn to an efficient algorithm for computing them. As alluded to earlier,
the max-marginals are the analogs of the ordinary marginals when summation is
replaced with maximization. Accordingly, it is natural to consider the analog of the
sum-product updates with the same replacement; doing so leads to the following
max-product updates:

Mis(x) @ max{paCron) - [ M), (30)
! ueN()/s

where @ > 0 chosen such that max, M, (x,) = 1. When the algorithm converges to
a fixed point M*, we can compute the max-marginals via equations (21a) and (21b).
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Let us summarize the properties of the max-product algorithm on any undirected
tree:

Proposition 3. For any tree 7~ with diameter d(7°), the max-product updates
converge to their unique fixed point M* after at most d(T) iterations. More-
over, equations (21a) and (21b) can be used to compute the max-marginals,

and the back-tracking procedure yields an element x* € arg mXax p(x).
xeX[n]

Proof. The proof of convergence and correct computation of the max-marginals is
formally identical to that of Proposition 2, so we leave the details to the reader
as an exercise. Let us verify the remaining claim—namely, the optimality of any
configuration x* € X[y returned by the back-tracking procedure.

In order to do so, recall that we have assumed without loss of generality (re-
indexing as necessary) that V ={1,2,...,N} is a topological ordering, with vertex 1
as the root. Under this ordering, let us use the max-marginals to define the following
cost function:

N
v Xg, X
J(x1,. 0 xn5v) = vi(xr) 1_[ Yort (X Xats)
§=2 Vﬂ(s)(xn(s))

(3D
In order for division to be defined in all cases, we take 0/0 = 0.

We first claim that there exists a constant @ > 0 such that J(x;v) = a p(x) for all
x € X[np, which implies that argmaxyexy, J (x;v) = arg maXyeXy, p(x). By virtue of
this property, we say that v defines a reparameterization of the original distribution.
(See the papers [65, 66] for further details on this property and its utility in analyzing
the sum and max-product algorithms.)

To establish the reparameterization property, we first note that the cost function
J can also be written in the symmetric form

N

J(xv) = l_[Vs(xs) l_[

s=1 (s,H)e&

Vi (X, X1)

et 32
vs(xs)v(xr) 32)

We then recall that the max-marginals are specified by the message fixed point
M* via equations (21a) and (21b). Substituting these relations into the symmetric
form (32) of J yields

N l,bs( N l)
J(x;v) o []—[;lrs(xs) ]_[ MH(xs)][ 1_[ M;‘_}t()tc,;CM;:S(Xs)]

seV ueN(s) (s,1)e&
2RI RZEED
seV (s,)EE

o« p(x),
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as claimed.

Consequently, it suffices to show that any x* € X[ returned by the back-tracking
procedure is an element of arg max yex,, J(x;v). We claim that for each vertex s € V
such that 7(s) # 0,

VS”(S)(xz’xjr(x)) Vsn(.s‘)(xs‘7 xn(s))

Vﬂ(S)(-x;(s)) T V) (Xa(s)

for all (xs,x,r(s))EszX,r(s). (33)

By definition of the max-marginals and our choice of x*, the left-hand side is
equal to one. On the other hand, the definition of the max-marginals implies that
Va(s)(Xn(s)) = Vor(s)(Xs, Xn(s)), showing that the right-hand side is less than or equal to
one.

By construction, any x* returned by back-tracking satisfies vl(x’f) > vi(xy) for
all x; € Xj. This fact, combined with the pairwise optimality (33) and the defini-
tion (31), implies that J(x*;v) > J(x;v) for all x € X|n;, showing that x* is an element
of the set argmax ex,, J(x;v), as claimed. a

In summary, the sum-product and max-product are closely related algorithms,
both based on the basic principle of “divide-and-conquer”. A careful examination
shows that both algorithms are based on repeated exploitation of a common al-
gebraic property, namely the distributive law. More specifically, for arbitrary real
numbers a,b,c € R, we have

a-(b+c)=a-b+a-c, and a-max{b,c}=max{a-b, a-c}.

The sum-product (respectively max-product) algorithm derives its power by exploit-
ing this distributivity to re-arrange the order of summation and multiplication (re-
spectively maximization and multiplication) so as to minimize the number of steps
required. Based on this perspective, it can be shown that similar updates apply to any
pair of operations (®,®) that satisfy the distributive law a® (b&c) =a®b & a®c,
and for which ® is a commutative operation (meaning a ® b = b®a). Here the el-
ements a,b,c need no longer be real numbers, but can be more exotic objects; for
instance, they could elements of the ring of polynomials, where (®,®) correspond
to multiplication or addition with polynomials. We refer the interested reader to the
papers [1, 28, 57, 63] for more details on such generalizations of the sum-product
and max-product algorithms.

4 Junction tree framework

Thus far, we have derived the sum-product and max-product algorithms, which are
exact algorithms for tree-structured graphs. Consequently, given a graph with cy-
cles, it is natural to think about some type of graph transformation—for instance,
such as grouping its vertices into clusters—-so as to form a tree to which the fast
and exact algorithms can be applied. It turns out that this “clustering”, if not done
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carefully, can lead to incorrect answers. Fortunately, there is a theory that formal-
izes and guarantees correctness of such a clustering procedure, which is known as
the junction tree framework.

4.1 Clique trees and running intersection

In order to motivate the development to follow, let us begin with a simple (but cau-
tionary) example. Consider the graph with vertex set V = {1,2,3,4,5} shown in
Figure 6(a), and note that it has four maximal cliques—namely {2,3,4}, {1,2}, {1,5}
and {4,5}. The so-called clique graph associated with this graph has four vertices,
one for each of these maximal cliques, as illustrated in panel (b). The vertices corre-
sponding to cliques C| and C; are joined by an edge in the clique graph if and only
if C1 N C, is not empty. In this case, we label the edge joining C1 and C, with the set
S = C1NC,, which is known as the separator set. The separator sets are illustrated
in gray boxes in panel (b). Finally, one possible tree contained within this clique
graph—known as a clique tree—is shown in panel (c).

1
2@

5
3 4

Fig. 6. (a) A graph with cycles on five vertices. (b) Associated clique graph in which cir-
cular vertices are maximal cliques of G; square gray boxes sitting on the edges represent
separator sets, corresponding to the intersections between adjacent cliques. (c) One clique
tree extracted from the clique graph. It can be verified that this clique tree fails to satisfy
the running intersection property.

Now suppose that we were given a MRF distribution over the single cycle in
panel (a); by the Hammersley-Clifford theorem, it would have the form

P(X1,...Xx5) oc Yo34(x2, X3, X)W 12(x1, X2)¢15(X1, X5)W45(xs, X5). (34)

We can provide an alternative factorization of (essentially) the same model on the
clique graph in panel (b) by making two changes: first, introducing extra copies
of each variable from the original graph appears in multiple places on the clique
graph, and second, introducing indicator functions on the edges to enforce equality
between the different copies. In our particular example, we introduce extra variables
X, for s € {1,2,4,5}, since these variables appear twice in the clique graph. We then
form a distribution g(x,x’) = q(xl,xg,xg,x‘;,xsx; ,xa,x;,x;) that factorizes as
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q(x, x") oc o34 (x2, X3, X W12 (X1, X)W 15(X], X5 )Was(xy, x5) X H Ixy = x{],
s€N(3)
(35)

where I[x, = x}] is a {0, 1}-valued indicator function for the event {x; = x;}. By
construction, for any s € {1,2,3,4,5}, if we were to compute the distribution g(x;) in
the expanded model (35), it would be equal to the marginal p(x;) from the original
model (34). Although the expanded model (35) involves additional copies x}, the
indicator functions that have been added enforce the needed equalities to maintain
model consistency.

However, the clique graph in panel (b) and the distribution (35) are not still not
trees, which leads us to the key question. When is it possible to extract a tree from
the clique graph, and have a factorization over the resulting clique tree that remains
consistent with the original model (34)? Panel (c) of Figure 6 shows one clique
tree, obtained by dropping the edge labeled with separator set {5} that connects the
vertices labeled with cliques {4, 5} and {1, 5}. Accordingly, the resulting factorization
r(-) over the tree would be obtained by dropping the indicator function I[xs = x],
and take the form

r(x,x") oc Y34 (X2, X3, Xa W12 (X1, XyW15(x], X5)as(xy, x5) X 1—[ I[xs = x}],
S€V\(3,5)
(36)

Of course, the advantage of this clique tree factorization is that we now have a dis-
tribution to which the sum-product algorithm could be applied, so as to compute
the exact marginal distributions r(x;) for i = 1,2,...,5. However, the drawback is
that these marginals will not be equal to the marginals p(x;) of the original dis-
tribution (34). This problem occurs because—in sharp contrast to the clique graph
factorization (35)—the distribution (36) might assign non-zero probability to some
configuration for which x5 # x5. Of course, the clique tree shown in Figure 6(c) is
only one of spanning trees contained within the clique graph in panel (b). However,
the reader can verify that none of these clique trees have the desired property.

A bit more formally, the property that we require is the clique tree factorization
always have enough structure to enforce the equivalences x; = x; = x; = ..., for all
copies of a given variable indexed by some s € V. (Although variables only appeared
twice in the example of Figure 6, the clique graphs obtained from more complicated
graphs could have any number of copies.) Note that there are copies x; and x} of a
given variable x; if and only if s appears in at least two distinct cliques, say C; and
C». In any clique tree, there must exist a unique path joining these two vertices, and
what we require is that the equivalence {x; = x} be propagated along this path. In
graph-theoretic terms, the required property can be formalized as follows:

Definition 6. A clique tree has the running intersection property if for any
two clique vertices C; and C», all vertices on the unique path joining them
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contain the intersection C; N Cy. A clique tree with this property is known as
a junction tree.

To illustrate this definition, the clique tree in Figure 6 fails to satisfy running
intersection since 5 belongs to both cliques {4,5} and {1, 5}, but does not belong to
the clique {2,3,4} along the path joining these two cliques in the clique tree. Let us
now consider a modification of this example so as to illustrate a clique tree that does
satisfy running intersection, and hence is a junction tree.

: (D
2
5
3 4

(@ (©) ©
Fig. 7. (a) A modified version of the graph from Figure 6(a), containing the extra edge
(1,4). The modified graph has three maximal cliques, each of size three. (b) The associated
clique graph has one node for each of three maximal cliques, with gray boxes representing
the separator sets. (c) A clique tree extracted from the clique graph; it can be verified that
this clique tree satisfies the running intersection property.

Figure 7(a) shows a modified version of the graph from Figure 6(a), obtained by
adding the extra edge (1,4). Due to this addition, the modified graph now contains
three maximal cliques, each of size three. Panel (b) shows the associated clique
graph; it contains three vertices, one for each of the three maximal cliques, and the
gray boxes on the edges represent the separator sets. Panel (c) shows one clique tree
extracted from the clique graph in panel (b). In contrast to the tree from Figure 6(a),
this clique tree does satisfy the running intersection property, and hence is a junction
tree. (For instance, vertex 4 belongs to both cliques {2,3,4} and {1,4,5}, and to every
clique on the unique path joining these two cliques in the tree.)

4.2 Triangulation and junction trees

Thus far, we have studied in detail two particular graphs, one (Figure 6(a)) for which
it was impossible to obtain a junction tree, and a second (Figure 7(a)) for which a
junction tree could be found. In this section, we develop a principled basis on which
to produce graphs for which the associated clique graph has a junction tree, based
on the graph-theoretic notion of triangulation.
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A cycle in a graph is a sequence of vertices (s1, 52,... ¢, 51) such that (s¢,51) € &
and (s;sir1) € Eforalli=1,...,£— 1. The cycle is chordless if there are no edges in
the graph joining non-successive vertices in the cycle—that is, the graph does not
contain any edges apart from those listed above that form the cycle. For example,
the cycle (1,2,4,5,1) in the graph from Figure 6(a) is chordless, whereas in contrast,
the cycle (1,2,3,4,5, 1) contains the chord (2,4).

Definition 7. A graph is triangulated if it contains no chordless cycles of
length greater than three.

Thus, the graph in Figure 6(a) is not triangulated (due to the chordless cycle
(1,2,4,5,1)), whereas it can be verified that the graph in Figure 7(a) is triangulated.
We now state the fundamental connection between triangulation and junction trees:

Theorem 3. The clique graph associated with a graph G has a junction tree
if and only if G is triangulated.

We provide a proof of this result as a part of a more general set of graph-theoretic
equivalences in Appendix A. The practical significance of Theorem 3 is that it en-
ables us to construct a modified graph G—by triangulating the original graph G—
such that the clique graph associated with G is guaranteed to have at least one junc-
tion tree. There are a variety of algorithms for obtaining triangulated graphs. For
instance, recall the vertex elimination procedure discussed in Section 3.1; it takes as
input a graph G = (V, &) and then processes the vertices in a pre-specified order so
as to produce a new graph.

Lemma 4. The output é =(V, 5) of the vertex elimination algorithm is a tri-
angulated graph.

We leave the proof of Lemma 4 as an exercise for the reader. This fact establishes
that there is a connection between the elimination algorithm and the property of
triangulation.

Example 12 (Triangulation and junction tree). To illustrate the triangulation proce-
dure, consider the 3 x 3 grid shown in Figure 8(a). If we run the vertex elimina-
tion algorithm using the ordering 7 = {1,3,7,9,4,6,2,8}, then we obtain the graph
G shown in panel (b). (Note that the graph would not be triangulated if the addi-
tional edge joining vertices 2 and 8 were not present. Without this edge, the 4-cycle
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1 2 3

4 6

7 8 9
(b)

(d

Fig. 8. Illustration of junction tree construction. (a) Original graph is a 3 x 3 grid. (b) Trian-
gulated version of original graph. Note the two 4-cliques in the middle. (c) Corresponding
clique graph for triangulated graph in (b), with maximal cliques depicted within ellipses,
and separator sets within rectangles. (d) A junction tree extracted from the clique graph in
(c). It is a clique tree that satisfies the running intersection property.

{2,4,8,6,2} would lack a chord). Note that é has six maximal cliques: two 4-cliques
in the middle of the graph, and four 3-cliques on the boundary. The clique graph as-
sociated with G is illustrated in panel (c), and one clique tree is shown in panel (d).
It can be verified that this clique tree satisfies the running intersection property, and
so is a junction tree. &

4.3 Constructing the junction tree

Given that any triangulated graph has a junction tree (JT), the first step in the JT pro-
cedure is to triangulate the graph. At least in principle, this operation is straightfor-
ward since it entails adding edges so as to remove chordless cycles from the graph.
(However, see the discussion at the end of Section 4 for discussion of optimal trian-
gulations.) The focus of this section is the next step of the JT procedure—namely,
how to form a junction tree from a triangulated graph. Any graph with cycles has
more than one clique tree. Given a triangulated graph, we are guaranteed that at least
one of these clique trees has the running intersection property, and so is a junction
tree. How to find such a junction tree? It turns out that there is a simple procedure,
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based on solving a certain maximum weight spanning tree problem, that is always
guaranteed to find a junction tree.

Given a triangulated graph, we again consider the clique graph, as previously
defined. Recall that vertices C; and C, (corresponding to cliques from the orig-
inal graph) are connected by an edge if and only if the associated separator set
S =C1NC, is non-empty. Accordingly, for each edge e = (C1,C3) of the clique
graph, we can associate the positive weight w(e) = card(Cy N Cz). We refer to
the resulting object as the cardinality-weighted clique graph. Given this weighted
graph, the maximum weight spanning tree problem corresponds to finding the tree
T (whose vertex set includes every node) such that the weight w(T') := Y o7 w(e) is
maximized.

Proposition 4. Any maximal weight spanning tree of the cardinality-weighted
clique graph is a junction tree for the original graph.

Proof. Suppose that the triangulated graph G has M maximal cliques, so that (by
definition) the weighted clique graph has M vertices. Let us consider an arbitrary
spanning tree T of the weighted clique graph, say with vertices {C,...,Cy} and
an associated edge set {S1,...,S »—1}, where we have identified each edge with its
associated separator set. The weight of this spanning tree can be written as w(7") =

?’i _11 card(S ;). Letting I [ € S ;] be an {0 — 1}-valued indicator function for the event
{t € S ;}, we may write card(S ;) = >,cq/I[z € S ;], and hence we have

M-1 M-1
W)= Mlres;]= > Y Ires)] 37)
j=1 teV teV j=1

We now claim that for any 7 € V, we have the inequality
M-1 M
Zﬂ[tesj]sZE[reci]—l, (38)
j=1 i=1

with equality if and only if the subgraph induced by ¢ is connected. To establish this
claim, consider the subgraph of T that induced by vertex t—meaning the subgraph
formed by the clique vertices C; that include 7, and the associated edges or separator
sets S ; that also include 7. Since it is a subgraph of the tree T', it must also be acyclic,
from which the inequality (38) follows. If the subgraph has a single connected com-
ponent, then equality holds. When T is actually a junction tree, this equality will
hold for any vertex ¢.
Substituting the bound (38) into the earlier inequality (37), we conclude that
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w(T)sZ{iﬂ[tec,-]—l},

eV i=l

where equality holds if and only 7 is a junction tree. Since the given tree T was
arbitrary, the claim follows. O

Putting together the pieces of our development, we are led to the following algo-
rithm:

Junction tree algorithm Given an undirected graph G = (V,&):

1. Run a triangulation procedure to obtain a triangulated graph G.

2. Form the weighted junction graph, and find a maximum weight spanning
tree via a standard algorithm (e.g., using Kruskal’s algorithm, or Prim’s
algorithm).

3. Given the junction tree, define appropriate compatibility functions on its
vertices and edges to reproduce the original distribution, and run the sum-
product algorithm.

There are various techniques for finding some triangulation of a graph; as noted
in Lemma 4, running the vertex elimination algorithm (using any ordering) yields
a triangulation. Note, however, that the complexity of tree inference depends on
the size of the state spaces at each node in the junction tree, which are determined
by the clique sizes in the triangulated graph. It would be desirable, then, to obtain
a triangulation with minimal maximal clique size, or equivalently, with minimal
treewidth.

Definition 8. The freewidth «(G) of a undirected graph G is the size of largest
clique (minus one) in the best triangulation.

As an illustration, any ordinary tree has treewidth one, whereas the graph in Fig-
ure 7(a) has treewidth two, and the grid in Figure 8 has treewidth three.

For any fixed treewidth k = k(G), there are efficient algorithms—meaning polynomial-
time in the graph size—to test whether the graph has treewidth «, and if so, to
determine an associated junction tree (e.g., [62, 16]). However, the complexity of
these algorithms grows exponentially in the treewidth «, so they are feasible only
for graphs of bounded treewidth. For a general graph, the problem of finding an op-
timal triangulation is NP-hard [68, 6]. Despite this negative result, there are a variety
of heuristic algorithms for obtaining “good” triangulations of a graph. Some of most
widely studied are the minimum degree and the minimum fill heuristics [36, 4]. The
minimum degree heuristic is based on following the elimination ordering obtained
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by choosing a minimum degree vertex (in the partially reduced graph) at each step.
The minimum fill heuristic operates similarly, but instead is based on choosing a
vertex s so as to minimize the total number of edges required to make the neighbor-
hood N(s) a clique, a quantity known as the “fill”.

5 Basics of graph estimation

Up to this point, we have considered various types of “forward problems”, by
which we mean that the graphical model—both the graph and the functions in its
factorization—are known quantities. In this section, we turn our attention to various
classes of “inverse problems”, in which either the functions and/or the structure of
the graph are unknown. Given a black box that generates samples from the distribu-
tions, we consider two possible problems:

e assuming that the clique structure is known, how to estimate the functions in the
factorization?

e given no a priori information, how to estimate the clique structure and the func-
tions?

The former problem is one of parameter estimation, since it involves estimating
the parameters that specify either the conditional probabilities (for a directed graph-
ical model) or the compatibility functions (for an undirected graphical model). In
contrast, the latter problem is a form of model selection, since we need to select the
correct graph from competing families of graphs. In the machine learning commu-
nity, the latter problem is also known as structure learning. We begin our discussion
with the former problem, as it is simpler both conceptually and computationally.

5.1 Parameter estimation for directed graphs

The problem of parameter estimation is particularly simple for directed graphical
models, in which case, as long as the data is fully observed, the solution can be
obtained in closed form. N

More concretely, for a known directed graph D = (V, &), consider the set of all
distributions that factorize in the form

p(X1,...,xN) = 1_[ pxs |xﬂ'(5‘))’

seV

where 7(s) C V is the parent set of vertex s. Suppose we observe a collection of n
samples, each of the form X;, = (Xi1,...,Xin) € Xn;. Given the collection of sam-
ples X{’: = {X1e,X20,..., X4}, Our goal is to estimate the conditional distributions at
each vertex s € V. In these notes, we focus exclusively on the case of discrete vari-
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ables, in particular with X; = {0, 1,...,m — 1} for all vertices s € V. (The extension
to discrete variables with differing numbers of states per vertex is straightforward.)

By definition, each conditional distribution can be written as a ratio of two
marginal distributions—namely, as

P(Xs| Xn(s)) = .
s1) P(Xn(s))

A natural estimate of each marginal distribution are the empirical marginal distri-
butions—namely, the quantities

_ 1 ¢ _ 1 ¢
plxg) = ;l ZH(XM =x), and plx, -xﬂ'(S)) = ; ZH(XM = xs,Xiﬂ'(s) = xn(s)),
= 1=

where [(X;, = x,) is a zero-one valued indicator function for the event that {X;; = x,},
with the other indicator similarly defined. In words, the empirical marginal p(x;) is
simply the relative fraction of times that X = x; in the data.

Given these estimates of the marginal distributions, a natural “plug-in” estimate
of the conditional distribution is given by

— 39
p(xﬂ'(s)) (39)

ﬁ(xs | xzr(s)) =

(To be clear, we take 0/0 to be equal to 0, since these correspond to configurations
that never appear in the data set.)

5.2 Parameter estimation for undirected graphs

For undirected graphical models, the problem of parameter estimation is not so sim-
ple in general. In particular, given an undirected graph G = (V, &), consider the set
of all distributions that factorize in the form

1
pxtxvi) = | [vetxo), (40)

CeC

where € is the set of all maximal cliques of the graph. In this setting, our goal is
to estimate the unknown compatibility functions ¢¢ : X¢ — (0, 00) associated with
each clique of the graph. A challenge here is that, at least in general, the compatibil-
ity functions are not directly related to conditional or marginal distributions of the
graph. The exception to this rule is given by undirected trees (and more generally,
junction trees), in which case there is always a choice of compatibility functions that
is related to the marginal and/or conditional distributions.

In these notes, we limit our discussion to the method of maximum likelihood
for estimating the compatibility functions. It is based on choosing the compatibility
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functions ¥ = {¥¢,C € €} so as to maximize the (rescaled) log likelihood of the data,
namely the quantity

1 n
(Wi Xie. Xp) = = ) log p(Xiait). (41)
i=1

We use fp\z {fp\c, C € (¢} to denote the maximum likelihood estimate, namely a choice
of compatibility functions that maximize the log likelihood. A remark about param-
eterization before proceeding: since we are considering discrete random variables,
the estimate ’1/7 can be viewed as a vector of real numbers. In particular, the estimate
W can be represented as a sub-vector of m/¢! real numbers, one for each possible
configuration J = {J, s € C} € X¢ that the variables xc may assume. By concate-
nating all of these sub-vectors, we obtain a vector ’zp\ € RP, where D = ¥ e mll.
Consequently, the rescaled log likelihood is a function from R” to R.

5.2.1 Maximum likelihood for undirected trees

Let us begin by considering the maximum likelihood problem for an undirected tree
T =(V,8), say with a factorization of the form

1
e R B (2N B RZES0! 42)

eV (s,)EE

For any tree, we claim that the maximum likelihood estimate ¥ can be expressed in
terms of the empirical marginals at the vertices and edges of the tree—namely, the
quantities

. ) 1 n . ) 1 n
P =J) =~ Zlﬂs; X and B(Grex) = (k) = Zlﬂsr; wXisn Xi),  (43)
1= =

where I, ;(x,) is a zero-one indicator for the event that {x; = j}, with L, jx(xs, x)
similarly defined. With these empirical marginals computed from the data, the max-
imum likelihood estimates of the compatibility functions are given by

— _ — Plxg, x1)
Gae) =Plx), and ey, x) = -2 (44)
Plxs)p(xr)
(As before, we take 0/0 = O for concreteness.) We prove in the following section, as
a corollary of a more general result, that the relations (44) do in fact define a global
maximizer of the log likelihood (41) for a tree-structured graph.
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5.2.2 Maximum likelihood on general undirected graphs

In the case of graphs with cycles, the MLE no longer has a convenient closed-form
expression. In order to appreciate the challenges, it is convenient to discuss the max-
imum likelihood objective using an alternative exponential parameterization. Let us
do so for a graph with general clique set €, understanding that the undirected tree is
a special case. For a given clique C and configuration J = {J;, s € C} € X¢, we define
the function

1 if =J
]IC;J(XC)={ 1 e (45)

0 otherwise,

corresponding to a binary-valued indicator for the event that {xc = J}. Note that
these functions are generalizations of the vertex-based functions I ;.; and edge-based
functions I, % discussed previously.

We use I ¢ = {I¢.;,J € Xc} to denote the vector all of m/“! such indicator functions
associated with clique C. With this notation, any function ¢ : X¢ — (0, 0) can be
parameterized in the log-linear form

logyc(xc) =<0c, Ic(xc)) = Z Oc.s1c,i(xc)
JeXc

for some real vector O¢ = {fc.;, J € X¢} in ml€! dimensions. If we adopt this pa-
rameterization for each clique in the graph, then the overall factorization can be
re-written in the form

P x:0) = expf D (e, Le(xe)) - 2(0)) (46)
CeC

where 8 = {6¢,C € €} is a real-valued vector of parameters to be estimated, and

@) :=log ) exp{ ) (fc, Ic(xc)) @7)

xeX|n CeC€

is the log normalization constant. The representation (46) shows that an undirected
graphical model can be associated with an exponential family, namely one with
sufficient statistics {I¢(:),C € €} and natural parameter 6 = {6¢,C € €} € RP. This
connection is useful, since there is a rich and classical statistical literature on the
properties of exponential families (e.g., [30, 19, 67]). We make use of some of these
properties here. Moreover, an attractive property of the maximum likelihood esti-
mate is its invariance to reparameterizations: namely, if we can compute the MLE
0'in our new, exponential parameterization, then e exp@) will define the MLE in
the original parameterization. We use this fact freely in the discussion to follow.

One convenient property of the exponential parameterization is that the log likeli-
hood €(0; X e,..., Xye) := % ?:1 log p(X;.;0) can be written in terms of the empirical
marginals
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1 n

fcu =+ > Leu(Xio), (48)
i=1

at each clique. Note that zi¢c.; = p(xc = J) corresponds to the average fraction of
times that {Xc = J} in the data set. Let us define the vector fic = {tic.s,J € Xc} € m!€,
as well as the inner product {f¢, tc) = Y e xc 0.y Hc.s. With this notation, the max-

imum likelihood estimate @ takes the form

6= Mgzgﬂ%g{é(@cﬁc) - B(©)). (49)

In order to understand the structure of this optimization problem, we require
some useful properties of the function @:

Lemma 5. The function @ is convex and infinitely differentiable on RP, and
in particular, we have

0P

30,0~ ;pu; 0) Lc.s(xc)

plxc=J;0)

This result shows that taking the partial derivatives of @ with respect to the param-
eters over clique C yields the marginal distribution over that clique. The proof of
these properties are relatively straightforward, so we leave them as an exercise for
the reader.

Lemma 5 allows us to characterize the structure of the maximum likelihood esti-
mate (49). First, it shows that the rescaled log likelihood ¢ is a concave function of
6, and hence has no local optima that can trap an iterative algorithm. Secondly, it can
be used to characterize the stationary conditions that characterize a global optimum;
more precisely, by taking derivatives of the rescaled log likelihood and setting them
to zero, we find that the MLE 0 satisfies the stationary conditions

p(xc =J:0)=7ic.y forall C€G,andJ e Xc. (50)

In words, the maximum likelihood estimate @ is such that the marginals computed
under the distribution p(-; ?0\) are equal to the empirical marginals determined by the
data. This type of moment-matching condition characterizes the MLE in any expo-
nential family; see the monograph [67] for further details.

Let us now return to our previously open question: for a tree-structured graph
7 with the factorization (42), why does equation (44) specify the maximum likeli-
hood estimate? We simply need to verify that the moment-matching conditions are
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satisfied. Given the suggested form of @ from equation (44), we have

. ()Cy,X[)
reer XN s !
p(X1,. XN ) = gp(x ) (1:!5 Plxs)plx)” ey

Our claim is that in this factorization, we must necessarily have Z = 1 and moreover

plxg;) =plxy) forall seV,and  p(xs,xi39) = plxs,x) forall (5,1) €.
(52)

In order to verify this claim, we first observe that any undirected tree can be con-
verted to an equivalent directed form as follows: first, designate one vertex, say r, as
the root, and then orient all edges away from the root toward the leaves. See Figure 9
for an illustration of this procedure.

(@ (b)
Fig. 9. (a) Undirected tree. (b) Conversion of undirected tree to a directed tree rooted at
vertex r. Each vertex s € V\{r} now has a unique parent 7(s). Any given parent may have
multiple children.

After this conversion, each vertex s € V\{r} has a unique parent n(s), and we
can associate the product Es(xs) @S”(S)(xs,xﬂ(s)) with the directed edge (7(s) — s)
and the term E,(x,) with the root vertex. In this way, the factorization (51) can be
written the directed form

— 1 — — 1 D(Xg, Xn(s))
p(x1,..., xN3 ) = = (x,) | | Ys(xs) Q;l’sn(s)(xs»xﬂ(s)) = = plx) | | Ab 7o) .
z seV\(r) Z—. seviin P (¥r(s))
Jr(xr) —_—

fs(xs,xn(s))

Note that this is now a factorization of the general directed form (2), with functions
{fs, s € V} that satisfy the normalization condition (1). Consequently, an application
of Proposition 1 implies that

p(Xr;’l,;) - 5(x,), and P(Xs, Xn(s)> ) _ D (X5, X(s) for all 71(s) — s.

p(xﬂ'(s) N /l/;) F(xn(s))
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A recursive argument, moving from the root r out to the leaves, then shows that the
marginal-matching condition (52) holds. We leave the details of this final step as
an exercise for the reader. (Start with the case of a Markov chain to see the general
idea.)

5.2.3 Iterative proportional scaling

Thus far, we have seen that in the special case of a tree-structured graph, it is
straightforward to find a set of compatibility functions v (or equivalently, a vec-
tor of parameters 0) that satisfy the moment-matching conditions (50). The same
basic idea can be extended to any triangulated graph, by first building a junction
tree, and then following the analogous procedure on the junction tree.

In contrast, for a general undirected graph (with cycles, not triangulated), the
MLE problem no longer has a closed-form solution, and needs to be solved by
an iterative algorithm. Since the moment-matching conditions (50) characterize the
global optimum of the convex program (49) that defines the MLE, a variety of stan-
dard algorithms from convex programming [9, 18] could be applied. Here we de-
scribe one particular algorithm, attractive due to the simplicity of its updates, known
as iterative proportional scaling, or IPS for short. As we will see, it amounts to a
block co-ordinate ascent of the objective function. The IPS algorithm takes as input
the empirical marginals {tic,C € €}, computed from the data set as in equation (48),
as well as a particular ordering of clique set.

[Iterative proportional scaling (IPS)]

1. Initialize estimate 6. = 0 for all cliques C € €.
2. Cycling over cliques in the given order:
a. Activate clique A, and given current parameter estimate 6’, compute
marginal probabilities

,ul’“ =p(xa =J;6) forall J € Xy, (53)

and form the vector y//, = {¢t,. ;. J € Xa}.
b. Update the parameter estimate 6’ — 6 via

{e'c for all C € €\{A}
C =\, A _
9A+log#2‘ for C = A.

3. Iterate until convergence.
Observe that Step 2(a) of the algorithm requires computation of the marginal dis-

tribution p(x4;6’) over the currently active clique A. Doing so requires running the
elimination algorithm, or building a junction tree on which to run a message-passing
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algorithm. This step can be computationally expensive if the graph treewidth is high,
in which context approximate methods for marginalization become important (see
the monograph [67] for more details). The update in Step 2(b) fixes the parameter
estimate on all cliques except for the active one A; for this clique, the update can be
equivalently written in the form

. 4 AA;J
a = Par 'u,— for all J € Xy.
Ha.g

This form of the update clarifies the origins of the name “proportional scaling”,
since the parameters are being adjusted by the relative proportions of the empirical
marginal 24.; and the current model marginal y;‘; 7+

It is clear from the IPS updates that any fixed point must satisfy the moment-
matching conditions (50), and hence be a global optimum of the log likelihood.
Less clear, however, is whether convergence is guaranteed (though it is assumed in
the statement of Step 3). Among other properties, the following result shows that
the IPS algorithm is indeed guaranteed to converge to the MLE:

Proposition 5 (IPS properties). The IPS algorithm has the following proper-
ties:

(a) We have ®(0") = @(0) over all updates 6’ — 6 of the algorithm.
(b) After updating clique A, the estimate 0 satisfies

p(xA = J,H) =ﬁA;J fO}"llll JEXA. (54)

(c) The algorithm iterates converge to an MLE solution 6.

Proof. (a), (b) By definition of the update, for each J € X4, we have

pea=Ji0= > pOxO)ay(xa)
)CEX[NJ
O Ly

= > P8 ——— ()
u

xEX[N] AJ
Dixexy PO 45 (xa)
] ; —~  B@)-dO
- " a6 =20
A
&(6)-D(6)

= HA;Je

Summing both sides over J € X4 yields that @(8") = &(0) as claimed in part (a), and
we then see that p(x4 = J;0) = 4. as claimed in part (b).
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(c) Note that the rescaled log likelihood can be block partitioned in the form
£(0..,C € €). With ¢ fixed in all co-ordinates except those indexed by A, let us
consider the function

04— £(04,0,,C € C\A).

It is a concave function of 64. Moreover, by combining Lemma 5 with the result
of part (b), we see that, after updating clique A, the IPS algorithm has maximized
this function over 84. Thus, the IPS algorithm is equivalent to performing block co-
ordinate ascent of the log-likelihood function. By known results on the convergence
of such procedures [9], it follows that IPS converges to a global optimum. O

5.3 Tree selection and the Chow-Liu algorithm

In our discussion thus far, we have assumed that the graph structure is known, and
that only the compatibility functions need to be estimated. In this section, we con-
sider an instance of the more general problem in which neither is known. As pre-
viously mentioned, this problem is known as model selection for graphical models,
or graph structure learning. We limit ourselves to the problem of selecting tree-
structured graphical models. See the bibliographic section for discussion of other
methods suitable for more general forms of graph structure learning.

Given our data set {Xj.,...,X,e}, suppose that our goal is to choose the “best-
fitting” spanning tree graphical model. More formally, let T be the set of all spanning
trees on N vertices. For a given tree 7 € T and a given distribution p(x;6(7")) that is
Markov with respect to 7, we measure its fit in terms of its rescaled log likelihood
€OT)) = £ 1 log p(Xie; O(T)).

In principle, the solution to this problem is straightforward: for each tree 7 € T,
we compute the maximum likelihood estimate

0(7") = arg {013%5(9(7 ),

thereby obtaining a list {£ (5(7'), 7 € T} of maximized likelihoods for every tree 7~ in
the set T of all spanning trees. We then choose the tree 7 with the highest maximized
likelihood, that is T = argmaxqer f(’e\(‘f )). However, a graph with N vertices has an
enormous number of possible spanning trees—N"~? to be precise [20]—so that a
brute force approach is infeasible. Fortunately, as previously shown (44), the MLE
for a tree-structured graph has a very special structure, which can be exploited to
obtain an efficient algorithm for finding the best-fitting tree.

[Chow-Liu algorithm for maximum likelihood tree]
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1. Compute the empirical marginals (43) associated with all vertices s € V
and all distinct vertex pairs (s, ?).
2. For each distinct pair of vertices (s, ), compute the empirical mutual infor-
mation
ﬁ(xS3 -xt)

Iy= xs, x;) log =22t (55)
! (XSth)GZXsXti o gp(xs)P(xt)

3. Using {I,) as edge weights, compute a maximum weight spanning tree

J = argmax Z Ig. (56)
Tel (hesr)

4. Return the maximum likelihood estimate /9\(7') on the tree from the previ-
ous step:

’G\s(xs;‘?) =logps(xs) forall s €V, and

BusCter s T = log LD gl (5,1 € ).
p(xs)p(xsr)

Note that Step 3 requires solving a maximum weight spanning tree problem. As
mentioned previously during our treatment of the junction tree algorithm, there are
various efficient methods for this problem, including Kruskal’s algorithm and Prim’s
algorithm. See the bibliographic section for further discussion.

We claim that the Chow-Liu algorithm is guaranteed to return a maximum like-
lihood tree—namely, one satisfying

T e argmax 5(5(7')) = argmax {max Z(H(T))}.
TeT 7eT Lo

The proof of this claim is straightforward given our previous discussion. For any
fixed tree 7, the maximum likelihood solution has the form (44), whence

- 1 <& -
(E(T) =~ > log p(X;a:0(T))
i=1

L@ N PXis, Xir)
:ZZ{ZIOf,’p(Xis)Jr > logﬁ%(Tﬁ(Xln)}

i1 sev (s.)e8(T)
— — — (x5, X1)
= D Plwloghln) + 3 Pluswlog= =2t
seV (.DEET) PXs) Pl

=C+ Z ’I;I’
(s,H€E(T)
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where C denotes a constant that is independent of the tree 7. Consequently, the
maximum weight spanning tree obtained in Step 3 corresponds to the maximum
likelihood tree.

Intuitively, one might think that an analogous procedure could be extended to
junction trees, requiring solving a maximum weight spanning hypertree problem
as opposed to a maximum weight spanning tree problem. Unfortunately, unlike the
case of spanning trees, computing a maximum weight hypertree is computationally
expensive, so that in practice, exact methods are limited to ordinary spanning trees,
as in the Chow-Liu algorithm.
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6 Bibliographic details and remarks

Graphical models were developed independently in a number of different commu-
nities. The notion of a Gibbs distribution appeared initially in the statistical physics
literature, a notable example being the Ising model [40] that was introduced to
model ferromagnetism. Other communities in which graphical models were devel-
oped include information theory and coding theory [34, 61], contingency tables and
discrete multivariate analysis [38, 13], image processing [35, 12], and artificial in-
telligence [52].

The Hammersley-Clifford theorem derives its name from a manuscript that was
never published [39]. Besag [10] and Grimmett [37] were the first to publish proofs
of the result; in these notes, we have adapted the latter proof. See Clifford [22] for
some discussion of the history of the result. Lauritzen [45] provides discussion of
how the Markov-factorization equivalence can break down when the strict positivity
condition fails to hold.

Forms of the sum-product and max-product algorithms were independently de-
veloped in many different communities, including the work of Kalman in control
theory [42], work on LDPC codes [34] and Viterbi decoding [64, 32] in error-control
coding, the alpha-beta or forward-backward algorithms in signal processing [53],
Pearl’s work [52] in artificial intelligence, and work on non-serial dynamic pro-
gramming [8]. Dating back to the 1960s, a number of authors (e.g., [51, 56]) studied
the relation between graph triangulation and the vertex elimination algorithm, and
pointed out the connection to the complexity of Gaussian elimination algorithms for
solving linear systems of equations. (In the statistical setting, this problem can be
cast as an inference problem for a multivariate Gaussian.) At the end of the 1980s,
several groups of researchers independently recognized that the significance of tree
decompositions and triangulation extended beyond solving linear equations to more
general classes of graph-theoretic problems [46, 15]. Within the statistics and artifi-
cial intelligence communities, the junction tree framework was developed by Lau-
ritzen and Spielgelhalter [46]. The paper [14] contains an extensive description of



50 Martin J. Wainwright

treewidth and related notions of graph complexity. There are various algorithms for
solving the maximum weight spanning tree problem, including Kruskal’s algorithm
and Prim’s algorithm [23].

Early work on iterative proportional fitting and scaling algorithms include the
papers [60, 31, 27]. These algorithms are actually special cases of more gen-
eral Bregman-based projection algorithms [29, 26, 24, 25]; see also the work of
Amari [2, 3] on the information geometry of exponential families. The Chow-Liu al-
gorithm for finding the maximum likelihood tree appeared in the paper [21]. Karger
and Srebro [43, 59] studied generalizations of this problem to junction trees of
higher treewidth, establishing the hardness of the problem (in a complexity-theoretic
sense) but also proposing an approximation algorithm. There is a very large litera-
ture on methods for graphical model selection, local forms of £;-regularized regres-
sion (e.g., [50, 54]), £;-regularization and global likelihoods (e.g., [33, 7, 55, 49]),
as well as multiple testing and related approaches (e.g., [58, 41, 5]).

Appendix
A: Triangulation and equivalent graph-theoretic properties

In this Appendix, we prove Theorem 3 as part of a more general discussion of trian-
gulation and related graph-theoretic properties. Having already defined the notions
of triangulations and junction tree, let us now define the closely related notions of
decompsable and recursively simplicial. The following notion serves to formalize
the “divide-and-conquer” nature of efficient algorithms:

Definition 9. A graph G = (V,E) is decomposable if either it is complete, or
its vertex set V can be split into the disjoint union of three sets AUBUS such
that (a) A and B are non-empty; (b) the set S separates A and B in G, and
is complete (i.e., (s,7) € & for all s,# € §); and (c) AUS and BUS are also
decomposable.

Recall from our discussion of the elimination algorithm in Section 3.1 that when
a vertex is removed from the graph, the algorithm always connects together all of
its neighbors, thereby creating additional edges in the reduced graph. The following
property characterizes when there is an elimination ordering such that no edges are
added by the elimination algorithm.

Definition 10. A vertex is simplicial if its neighbors form a complete sub-
graph. A non-empty graph is recursively simplicial if it contains a simplicial
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vertex, and when s is removed, any graph that remains is recursively simpli-
cial.

It should be intuitively clear that these four properties—namely, triangulated,
decomposable, recursively simplicial, and having a junction tree—are related. We
now show that all four properties are actually equivalent:

Theorem 4. The following properties of an undirected graph G are all equiv-
alent:

Property (T): G is triangulated.
Property (D): G is decomposable.
Property (R): G is recursively simplicial.
Property (J): G has a junction tree.

We prove the sequence of implications (7)) = (D) = (R) = (J) = (T).

(T) = (D): We proceed via induction on the graph size N. The claim is trivial for
N =1, so let us assume it for all graphs with N vertices, and prove that it also
holds for any graph G with N + 1 vertices. If G is complete, then it is certainly
decomposable. Moreover, if G has more than one connected component, each of
which is complete, then it is also decomposable. Otherwise, we may assume that at
least one connected component of G is not complete. (Without loss of generality in
the argument to follow, we assume that G has a single connected component which
is not complete.) Since G is not complete, it contains two non-adjacent vertices a, b.
Let S be a minimal set that separates a and b; the set S must be non-empty since G
has a single connected component. Define A as the set of all vertices connected to a
in V\S, and set B := V\(AUS). Clearly, S separates A from B in G.

Now we need to show that S is complete. If || = 1, the claim is trivial. Oth-
erwise, for any two distinct vertices s,7 € S, there exist paths (s,ay,...,a;,t) and
(s,b1,...,bj,t) where a; € A, by € Band i, j > 1. (This claim relies on the minimality
of §': if there did not exist a path from a to s, then vertex s could be removed from S.
Similar reasoning applies to establish a path from a to ¢, and also the paths involving
B.)

We claim that s and ¢ are joined by an edge. If not, take the path from s to ¢
through A with minimal length, and similarly for B. This pair of paths forms a cycle
of length at least four, which must have a chord. The chord cannot be in A or B,
since this would contradict minimality. It cannot be between vertices in A and B
since S separates these two sets. Therefore, s and ¢ are joined, and S is complete.
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Finally, we need to show that AUS and BUS are also decomposable. But they
must be triangulated, since otherwise G would not be triangulated, and they have
cardinality strictly smaller than N + 1, so the result follows by induction.

(D) = (R): Proof by induction on graph size N. Trivial for N = 1. To complete the
induction step, we require the following lemma:

Lemma 6. Every decomposable graph with at least two vertices has at least two
simplicial vertices. If the graph is not complete, these vertices can be chosen to be
non-adjacent.

Proof. Proof by induction on graph size N. Trivial for N = 2. Consider a decompos-
able graph with N + 1 vertices. If the graph is complete, all vertices are simplicial.
Otherwise, decompose the graph into disjoint sets A, B and S. The subgraphs AU S
and BUS are also chordless, and hence we have two simplicial vertices in AUS .
If AUS is not complete, these can be chosen to be non-adjacent. Given that S is
complete, one of the vertices can be taken in A. Otherwise, if AU S is complete,
choose any node in A. Proceed in a symmetric fashion for B. The simplicial vertices
thus chosen will not be connected, since S separates A and B. a

Thus, given a decomposable graph, we can find some simplicial vertex s to re-
move. We need to show that the remaining graph is also decomposable, so as to
apply the induction hypothesis. In particular, we prove that G decomposable implies
that any vertex-induced subgraph G[U] is also decomposable. We prove this induc-
tion on |U|. Trivial for |U| = 1. Trivially true if G is complete; otherwise, break into
AUS UB. Removing a node from § leaves S \{s} complete, and AUS and BUS de-
composable by the induction hypothesis. Removing a node from A does not change
BUS, and either leaves A empty (in which case remainder BU S is decomposable),
or leaves AUS decomposable by induction.

(R) = (J): Proof by induction on graph size N. Trivial for N = 1. Let s be a simplicial
vertex, and consider subgraph G’ obtained by removing s. By induction, G’ has a
junction tree 7, which we will extend to a junction tree 7~ for G. Let C’ be a
maximal clique in 7 that contains all the neighbors of s; this must exist since s is
simplicial. If C” is precisely the neighbors of s, then we can add s to C’ so as to
obtain 7-, which is a junction tree for G.

If not (i.e., if C” contains the neighbors of s as a proper subset), then we can add
a new clique containing s and its neighbors to 7/, with an edge to C’. Since s is in
no other clique of 7 and C\{s} is a subset of C’, the tree 7’ is a junction tree for G;,

(J) = (T): Proof by induction on number of vertices M in junction tree. For M =1, G
is complete and hence triangulated. Consider a junction tree 7~ with M + 1 vertices.
For a fixed leaf C of 77, let C” be the unique neighbor of C in 7, and let 7 be the
tree that remains when C is removed.

Step 1: If C S C’, then 7 is a junction tree for G, and result follows by induction.
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Step2: If CNC’ c C (in a strict sense), then consider the subgraph G’ formed by

removing the non-empty set R := C\C’ from V. We claim that it is chordal. First,
observe that R has an empty intersection with every clique in 7 (using junction
tree property). (Le., say RN D # 0 for some clique node D in 7. Then there
exists s € CN D, but s ¢ C’, with violates running intersection.) Follows that 7
is a junction tree for G’, and so G’ is chordal (by applying induction hypothesis).

Step 3:  Now claim that G is chordal. Any cycle entirely contained in G’ is chord-

less by induction. If the cycle is entirely within the complete subgraph G[C], it is
also chordless. Any other cycle must intersect R, C N C” and V\C. In particular,
it must cross C N C’ twice, and since this set is complete, it has a chord.
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