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2009

This thesis presents a class of graphical models for directly representing the joint cumula-
tive distribution function (CDF') of many random variables, called cumulative distribution
networks (CDNs). Unlike graphical models for probability density and mass functions, in
a CDN, the marginal probabilities for any subset of variables are obtained by computing
limits of functions in the model. We will show that the conditional independence prop-
erties in a CDN are distinct from the conditional independence properties of directed,
undirected and factor graph models, but include the conditional independence properties
of bidirected graphical models. As a result, CDNs are a parameterization for bidirected
models that allows us to represent complex statistical dependence relationships between
observable variables. We will provide a method for constructing a factor graph model
with additional latent variables for which graph separation of variables in the correspond-
ing CDN implies conditional independence of the separated variables in both the CDN
and in the factor graph with the latent variables marginalized out. This will then allow
us to construct multivariate extreme value distributions for which both a CDN and a
corresponding factor graph representation exist.

In order to perform inference in such graphs, we describe the ‘derivative-sum-product’

(DSP) message-passing algorithm where messages correspond to derivatives of the joint
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cumulative distribution function. We will then apply CDNs to the problem of learning to
rank, or estimating parametric models for ranking, where CDNs provide a natural means
with which to model multivariate probabilities over ordinal variables such as pairwise
preferences. We will show that many previous probability models for rank data, such
as the Bradley-Terry and Plackett-Luce models, can be viewed as particular types of
CDN. Applications of CDNs will be described for the problems of ranking players in
multiplayer team-based games, document retrieval and discovering regulatory sequences

in computational biology using the above methods for inference and estimation of CDNs.
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Chapter 1

Introduction

Probabilistic graphical models are widely used for representing statistical dependence
relationships between random variables in problems such as error-correction coding [41],
information retrieval [7, 9, 44, 70] and computational systems biology [25, 26, 27, 28, 29].
A graphical model provides a pictorial means of specifying a joint probability density
function (PDF) of many continuous random variables, the joint probability mass func-
tion (PMF) of many discrete random variables, or a distribution defined over a mixture of
continuous and discrete variables. Each variable in the model corresponds to a node in a
graph and edges between nodes in the graph convey statistical dependence relationships
between the variables in the model. The graphical formalism allows one to ascertain the
conditional independence relationships between random variables in a model by inspect-
ing the corresponding graph, where the separation of nodes in the graph implies a par-
ticular conditional independence relationship between the corresponding variables. For
example, in computational biology, genes that participate in certain biological processes
are likely to share a common set of regulators that control their patterns of expression.
The constraints dictating which genes are regulated by which regulators can be expressed

in the form of a graph with edges linking regulator nodes to regulated gene nodes.

A consequence of representing independence constraints between subsets of variables
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using a graph is that the joint probability factors into a product of functions defined over
subsets of neighboring nodes in the graph. This allows us to decompose a large mul-
tivariate distribution into a product of simpler functions, so that the task of inference
and estimation of such models can also be simplified and efficient algorithms for per-
forming these tasks can be implemented. For any given application, a graphical model
also allows us to simplify the computations required for parameter estimation and infer-
ence for variables in the model. As graphical models have been applied to increasingly
complex problems with larger numbers of variables to be modeled, the computational
complexity required for estimation and inference has also dramatically increased. For
many real-world problems, one must often introduce latent variables into a model in or-
der to explain complex statistical dependence relationships between observable variables
and then marginalize out these latent variables to obtain a model over the observable
variables. There are possibly an infinite number of latent variable models associated
with any given model defined over observable variables, so designing latent variables for
any given application can often present difficulties in terms of model identifiability [10],
which causes problems if one wishes to interpret the parameters in a graphical model.
Finally, performing inference and estimation under such models often requires one to ei-
ther approximate intractable marginalization operations [50] or to sample from the model
using Markov Chain Monte Carlo (MCMC) methods [53]. These issues may hamper the
applicability of graphical models for many real-world problems in the presence of latent
variables, since it may be computationally expensive or challenging to perform exact in-
ference and estimation, in addition to selecting amongst several possible latent variable

models for any given problem.

Another limitation of graphical models is that the joint PDF/PMF itself might not
be appropriate for certain applications. For example, in learning to rank, the cumula-
tive distribution function (CDF) arises naturally as a probability measure over inequality

events of the type {X < z}. The joint CDF lends itself to problems that are easily
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described in terms of inequality events in which statistical dependence relationships also
exist among events. Examples of this type of problem include web search and document
retrieval [7, 9, 35, 70|, predicting ratings for movies [57] or predicting multiplayer game
outcomes with a team structure [23]. In contrast to the canonical problems of classi-
fication or regression, in learning to rank we are required to learn some mapping from
inputs to inter-dependent output variables so that we may wish to model both stochastic

orderings of variable states and statistical dependence relationships between variables.

As a means to address the above issues, in this thesis we present a class of graphical
models called cumulative distribution networks (CDN) in which we represent the joint
CDF of a set of variables. In Chapter 3 we will present the basic properties of CDNs
and show that the rules for ascertaining conditional independence relationships amongst
variables in a CDN are distinct from the rules in directed, undirected and factor graphs
[56, 42, 41]. In contrast to these graphical models, marginalization in CDNs involves
tractable operations such as computing limits and the derivatives of local functions in
the graph. In addition, the global normalization constraint can be enforced locally for
each function in the CDN, unlike the case of Markov random fields. We will show that
the conditional independence properties in a CDN include the conditional independence
properties for bidirected graphs [13, 58, 59], so that CDNs are a parameterization for such
models. We will provide a method for constructing a factor graph corresponding to a
CDN in which we introduce additional latent variables into the factor graph. Under such
a construction, the joint probability modeled by the CDN satisfies the same conditional
independence relationships amongst CDN variables as those of its corresponding factor

graph with the latent variables implicitly marginalized out.

In Chapter 4, we will discuss the problem of performing inference under CDNs. The
principal challenge is to compute the derivatives of the joint CDF. We will describe
a message-passing algorithm for inference in CDNs called the derivative-sum-product

algorithm.
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In Chapter 5, we will take advantage of the graphical representation for the CDF in
order to apply CDNs to the problem of learning to rank. We will devise a model and
estimation method for multiplayer games where the CDN provides us with a means for
modelling the team-based structure of such games in addition to ordering constraints be-
tween model variables. We will then develop a general framework for structured ranking
learning in which we are given many observations of partial orderings over many objects
to be ranked and we wish to learn a model to rank these objects whilst accounting for
a statistical dependence relationships between preferences. We will then present results
on applications of structured ranking learning to the problems of document retrieval and
regulatory sequence discovery in computational biology [25, 26, 27, 28, 29]. Chapter 6

will present future research directions for estimation, inference and applications of CDNs.



Chapter 2

Background

2.1 Cumulative distribution functions

In this section, we will review the properties of CDFs for real-valued random variables.
Here we will omit some proofs for conciseness and refer the reader to [55] for additional

properties of CDFs and additional proofs.

2.1.1 Joint cumulative distribution functions

Definition 2.1.1. Let X be a set of random variables, denoted individually as X,. The
joint cumulative distribution function F(x) is defined as the function F : RXI s [0, 1]

such that

F(x) =P| Nx,ex {Xa < 70} | = P[X < x] (2.1)

for some probability P, where X < x denotes the elementwise inequality between the
vector of random variables X and vector x. Thus the CDF is a probability measure
defined over the intersection of events {X, < z,}. Alternately, the CDF can be defined

in terms of the joint probability density function (PDF) or probability mass function
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(PMF) P(x) via
F(x) = / " P(u) du, (2.2)

where [*__ - du denotes the multivariate integral with respect to vector u and P(x), if

it exists, satisfies P(x) > 0V x € Rl [ P(x) dx = 1 and P(x) = 0 [F(x)} where

8K
Ox H denotes the higher-order mixed derivative operator O ... 4 H = TS v for
Ty OTK

x =z - xxg] EeRE. O

Our analysis here encompasses both discrete and continuous random variables. In the
discrete case where x € X’ for some discrete set X C Rl we can define P(x) = P[X = x|

as a sum of shifted multivariate Dirac delta functions 6(x) with the property that

[ 9= x)g(x) dx = g(xc) (2.3)

for any function g : Rl = R and x* € R, Thus in the discrete case, we can write
P(x) as
P(x)=PX =x]= > pud(x—u). (2.4)
uex

Theorem 2.1.1. A function F : R¥l + [0,1] is a CDF for some probability P if and

only if F' satisfies the following conditions:
1. The CDF F(x) converges to unity as all of its arguments tend to oo, or

F(oc0) = lim F(x) = 1. (2.5)

2. The CDF F(x) converges to 0 as any of its arguments tends to —oo, or
F(—o00,x\ z,) = xali—>n—100F(xa7X \zo) =0 VX, €X. (2.6)
3. The CDF F(x) is monotonically non-decreasing, so that
Fx)<Fly)Vx<y, x,y € RIXI. (2.7)

where x <y denotes elementwise inequality of all the elements in vectors x,y.
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4. The CDF F(x) is right-continuous, so that

lim F(x+¢€) = F(x)Vx e RXI (2.8)

e—0+

The above conditions can be shown to follow from the Kolmogorov axioms of proba-

bility: for a detailed derivation, we refer the reader to [55].

Proposition 2.1.2. Let F(x4,x3) be the joint CDF for variables {X4, Xg}. The joint
probability of the event {X4 < x4} N {a < Xz < b} for any random variable X5 ¢ X4

and any subset of variables X4 C X is given in terms of F(x4,z3) as

P {XASXA}H{CL<X5 Sb} :F(XA,b)—F(XA,CI,). (29)

Proposition 2.1.3. Let F'(x4,xp) be the joint CDF for variables X where X4, X for
a partition of the set of variables X. The joint probability of the event {X 4 < x4} is

then given in terms of F'(x4,Xp) as
F(x,) = IP’{XA < XA] — lim F(xa,xp). (2.10)

XpB—00

The above proposition follows directly from the definition of a CDF in which
lim Neeav{Xa < 2o} = Naeca{Xa < 240} (2.11)
Xp—o0

Thus, marginal CDFs of the form F'(x4) can be computed from the joint CDF by com-
puting limits. Furthermore, the CDF is closed under marginalization, so that F'(x 4, 00)

satisfies the properties of a CDF.
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2.1.2 Conditional cumulative distribution functions

In this thesis we will be making use of the concept of a conditional CDF for some subset

of variables X 4 conditioned on event M. We formally define the conditional CDF below.

Definition 2.1.2. Let M be an event with P[M] > 0. The conditional CDF F(x4 | M)

conditioned on event M is defined as

IP’{{XA < x4} N M]

Fxa|M)=P IP’[M}

(2.12)

XASXA‘M]:

We will now find the above conditional CDF for different types of events M. In what
follows, we will use the notation Oy, H to denote a mixed derivative with respect to

variables x 4.

Lemma 2.1.4. Let F(x¢) be a marginal CDF obtained from the joint CDF F(x) as
given by Proposition 2.1.3 for some X C X. Consider some variable set X4 C X. Let

M = w(xe) = {Xe < x¢} for X € X If F(x¢) > 0, then F(x4|w(xc)) = F(xa]Xe <
F(XA,Xc)

F(xo) . O

Xc) =

Lemma 2.1.5. Consider some variable set X4 C X. Let M = {25 < Xg < x5 +
e} with € > 0 for some scalar random variable Xz ¢ X 4. If F(xg) and F(xa,2p)
are differentiable with respect to w3 so that d,, [F (l’g)} and 0, {F (XA,xﬁ)] exist with
Ors |:F(l’ﬁ):| > 0, then the conditional CDF F(x4|zg) = El_i)lron+ F(xalzg < Xg <x5+e€) =

IP’{{XA < xa} N {zg < X5 < 25+ e}]

lim is given by

0" ]P{:L’g <X5§ZL’5—|—E}

9., {F(Xm Iﬁ)]
0, {F(Iﬁ)]

F(xalzg) = x 0, [F(XA, xﬁ)]. (2.13)
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Proof. We can write

P {XAng}ﬂ{x5<X5§:L’g+e}]

F(XA‘SL’Q <Xﬁ ng—i-E) =
P[:L’g <Xg §x5+€]

—P{{XA < XA} N {l’g < Xﬁ < g+ 6}] F(xa,2p+e)—F(xa,2p)
= = T +eE F(x
%PSL’5<X5§SL’5+€:| Flzs Z (s)
(2.14)

Taking limits, and given differentiability of both F(zg) and F(x4,xs) with respect to

xg, the conditional CDF F(x4|zs) is given by

lim,_, F(xa,z5+e)—F(xa,23) (99% {F(XA, :L’g)
Fxalrg) = oo e = x O, {F(XA, o), (2.15)
lime_ g+ ——— Ou,s [ F(x 5)}
where the proportionality constant does not depend on x4. O

Lemma 2.1.6. Let M = {x¢ < X¢ < x¢ + €} = Nyec{r, < X, < 2, + €} with
€ >0for X C X and € = [¢ --- ¢]7 € RXel. Consider the set of random variables
X4 C X with Xe N Xy = 0. If both Ok, [F(XC)] and Oy, {F(XA,Xc)] exist for all xo
with Ox, [F(Xc)] > 0, then the conditional CDF F(x4|x¢) = El_i)lgl+ F(xalxc < X¢ <

P {XASXA}H{X0<X0§XC—|—€}:|

Xc +€) = lim is given by

0t ]P)[XC < Xeg <x¢+ 6]

O [F(XA, xc)]

e [Plxc)]|

x Oy, [F(XA, xc)], (2.16)

F(xalxc) =

where Oy, H is a mixed derivative operator with respect to {z,,v € C'}.

Proof. We can proceed by induction on variable set X with the base case given by
Lemma 2.1.4. Let X¢ = X U X with Xg ¢ X U Xy, Let M = M'(€) = {x¢ <

XC’ S XC/+€} = ﬂfyecl{xmf < Xa, S xfy‘i‘g} and M = M(£,€> = M,ﬁ{flfﬁ < X,B S xﬁ+€}
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with € = [¢7 €]T. Suppose that Oy o [F (x¢r)| > 0 and we have computed

Ox e [F (X4, 73,Xcr)
F(xa,plxcr) = lim F(xa, 25/ M'(€)) = o [P (2.17)
Xor Xor ]

and

O, [F(:cﬁ, xc/)]

Faglxer) = lim F (w5 M'(€)) = (2.18)
O, [F(XC,)
Then we can write
IP’{{XA <xa} N < X5 <ag+ e} | M/} F(xa el M)~ Fxa gl M)
Fleal = P{xg < Xg<uwzg+el M’} - F(xﬁJre'ME_F(mﬁ'M/)
(2.19)

Thus, since O, {F (X(j)] > 0 by hypothesis, we obtain

F /) — F /
FoaagteM)-Focaagd)  lim (x4, 25 + e[xcr) = Fxa, /%)

_ : € __ =0 €

Flealxe) = 0 T Tos i reiy = T, 4 dxe) — Flalxe)
€ 1m
e—0t €
8xﬁ,xc/ |:F(XA7 g, XC’)] axc [F(XA, XC)}
= - . (2.20)
aIB,XCl |:F(:Eﬁ> XC”):| axc [F(XC’)]

O

Proposition 2.1.7. Let F(x¢) and F(x4,%Xc) be marginal CDFs obtained from the

joint CDF F(x) as given by Proposition 2.1.3. If dy,. {F(XA,XC) ex-

and Ok, [F (x¢)

ist and are continuous, then computing Ox,. {F (XA,XC)], Oxc. {F (x¢)

and F(x4|x¢c)

Oxc. [F (x4, XC)} is invariant to the order of differentiation. O

The above proposition is a generalization of Schwarz’s theorem to mixed derivatives

of a multivariate function with respect to n > 2 variables.
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Lemma 2.1.8. Let F(x¢) and F(x4,Xc) be marginal CDFs obtained from the joint
CDF F(x) as given by Proposition 2.1.3. If 0, {F(Xc)] and Ox, x. {F(XA, Xc)] exist for

all xc and x4 then Oy, {F(XA,Xc)] >0V xc and x4.

Proof. If both Ok, [F(X(j)] and Ox, xo {F(XA,Xc)] exist then they must be the PDFs

P(x¢) and P(x4,x¢) respectively. We can then write
Xo XA
F(xa,xc) = / / P(uya,ue) duy - duc (2.21)
so that

I XCO XA
8XC {F(XA,Xc)} = 8XC /_ /_ P(LIA, uC) duA . duo

I XCc [rXa
- axc \/—oo \/—oo P(uA|uC)P(uC) duA . duC’]

XA

— P(xc) / P(ua|xc) dus

—0o0

= P(x¢)F(xalxc), (2.22)

where we have made use of the Fundamental Theorem of Calculus. The fact that P(x¢)

and F'(xa|x¢) are both non-negative completes the proof. O

Thus the above lemma demonstrates that for a joint CDF, mixed derivatives with

respect to any and all subsets of variables are always non-negative.

2.2 Stochastic orderings of random variables

In many applications, it is useful to define the stochastic ordering of random variables.
Informally, a stochastic ordering relationship X < Y holds between two random variables
X, Y if samples of Y tend to be larger than samples of X. We can formalize this notion
in terms of constraints on the marginal CDFs Fx(z) and Fy (y). We will define below the

concept of first-order stochastic orderings among random variables, as this is the primary
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definition for a stochastic ordering that we will make use of in this thesis. We refer the

reader to [43, 62| for additional definitions of stochastic orderings.

Definition 2.2.1. Consider two scalar random variables X and Y with marginal CDFs
Fx(z) and Fy(y). Then X and Y are said to satisfy the first-order stochastic ordering

constraint X <Y if Fx(t) > Fy(t) for all t € R. O

The above definition of stochastic ordering is stronger than the constraint E[X] <
E[Y] which is often used and one can show that X <Y implies the former constraint.
Note that the converse is not true: E[X]| < E[Y] does not necessarily imply X <Y. For
example, consider two Gaussian random variables X and Y for which E[X| < E[Y] but
Var[X] > Var[Y]. An illustration of a pairwise first-order constraint X <Y is shown
in Figure 2.1, where Fx(t) > Fy(t) for all t € R. The definition of a stochastic ordering

can also be extended to disjoint sets of variables X 4 and Xp.

Definition 2.2.2. Let X4 and X be disjoint sets of variables so that X4 = {Xa,, -+, Xax }
and Xp = {Xp,, -+, X, } for some strictly positive integer K. Let Fx,(t) and Fx,(t)
be the CDFs of X4 and Xpg. Then X4, Xp are said to satisfy the stochastic ordering
relationship X, < Xp if

Fx () = Fxp(t) (2.23)

for all t € RX. O

Note that in general, it does not follow that if X, < Xp, then A is not independent
of B, or AJB. Furthermore, the reverse statement is generally not true. A simple
counter-example in the latter case is two independent Gaussian random variables X and
Y with identical variances and E[X| < E[Y].

In addition to the ability to specify stochastic orderings of variables via CDFs, we
can also construct multivariate CDFs from a set of univariate CDFs. We describe the
corresponding concept of a copula function that allows us to accomplish this in the next

section.



CHAPTER 2. Background 13

Figure 2.1: Two random variables X, Y satisfy the stochastic ordering X <Y if and only if

Fx(t) > Fy(t) for all t € R.

2.3 Copulas

Copula functions are often used to model statistical dependence relationships between
random variables as a function of the marginal distributions of these variables. Copulas
allow one to specify a joint cumulative distribution function over variables Xy, ---, Xk in
terms of the marginal CDFs F} (z1), - - - , Fx () whilst allowing for statistical dependence
relationships between the variables. We will formally define the copula below and present

some of the corresponding properties.

Definition 2.3.1. A copula ¢ : [0, 1]% + [0,1] is a joint cumulative distribution function
whose marginal PDFs are uniform. The copula function ((u) = ((u,- - ,ux) must

satisfy

lim ((u)=0Vk=1,--- K

up—0

lim ((u)=uVk=1--- K

u\ug—1

lim ((u) = 1. (2.24)

u—1

The existence of such copula functions for modelling joint CDFs F(x) is established

in Sklar’s theorem [54], which we present below.

Theorem 2.3.1 (Sklar’s theorem). Let F(x) = F(x1,--+ ,2k) be a joint CDF over the
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variables X = { X}, -+, X} with marginal CDFs Fy(z1),- - -, Fx(zx). Then there exists

a copula function ¢ such that
F(x) = C(F1($1)7 e 7FK(5CK)) Ve, e R E=1,--- | K. (2.25)

Conversely, if ( is a copula function and Fy (), - -, Fx(zk) are marginal CDFs over the
variables X1, -, X, then F(x) is the joint CDF over variables X with marginals CDFs
given by Fi(z1), -, Fx(xk). Furthermore, if the marginal CDFs Fi(xy),- -, Fx(zk)

are continuous, then ( is unique. O

Thus, Sklar’s theorem allows one to model any joint CDF in terms of its marginals
through the use of a copula function, so that copulas allow one to model a variety of
multivariate CDFs. Note that the definition of a copula does not by itself imply any
particular set of conditional independence relationships among variables. In Chapter 3,
we will make use of the ability of copulas to model CDFs in tandem with the graphical
modelling framework that is the focus of this thesis to construct multivariate cumulative
distributions defined over graphs in which we can introduce additional conditional inde-
pendence relationships amongst variables that are not implied by the definition of the
copula. To this end, we will now establish some terminology and concepts for graphical

models that will prove useful in later chapters.

2.4 Graph terminology

In this section, we will define some terms that will be frequently used throughout the

thesis in the context of graphs.

Definition 2.4.1. A graph is a pair G = (V, E) where V is a finite set of nodes and
E CV xV is aset of edges consisting of ordered pairs (a, 3) of distinct nodes o, 3 € V.

|
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The above definition of a graph does not allow for loops of the form («, &) nor does
it allow for multiple edges between two nodes «, 3. That is, the graphs to be discussed
throughout the thesis are assumed to be simple graphs.

Having defined a graph, we can distinguish between three types of graphs G = (V, E).
If for any distinct o, 5 € V, (o, ) € E < (B, ) € E, then G is said to be an undirected
graph, whereas if (o, ) € E = (§,a) ¢ E, then G is said to be a directed graph. We will
occasionally denote undirected edges (o, 3) as @ — 3 and directed edges as o — 3, «— f.
Furthermore, we will also refer to bidirected graphs as graphs that are defined identically
to undirected graphs for the purposes of this thesis, but in which edges in the graph are
exclusively bi-directed and denoted as a «» (3. Note that a bidirected edge o <= 3 in a
bidirected graph does not correspond to both a — (§ and « «+— (3. As we will demonstrate
shortly, although bidirected graphs are defined identically to undirected graphs, they lead
to different semantics in the context of probability models defined on graphs, so that we
distinguish between undirected edges and bidirected edges.

With the above notation in mind, we will now proceed to define various terms for

denoting subsets of nodes and/or edges in a graph.

Definition 2.4.2. Let G = (V, E) be a graph. Then the set of neighbors N'(a) of a node

a € V is given by

N)={BeV,f#a:(a,B) € Eor (B,a) € E}. (2.26)

Definition 2.4.3. Let G = (V, E) be a directed graph. The parents of node o € V' is

defined with respect to G as

pa() ={feV,0#a:(f,a) € E}. (2.27)
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Definition 2.4.4. Let G = (V, E) be a directed graph. The children of node o € V' is

defined with respect to G as

ch(a) ={peV,0#a:(a,p) € E}. (2.28)
O

Definition 2.4.5. Let G = (V, E) be a graph. An undirected path of length n between
two nodes «, 3 € V is defined as a sequence of distinct vertices v, -« , v, With 79 = «

and -y, = (3 such that the for i = 1,---  n, either (v;_1,7:) € E or (v;,7vi-1) € E. O

Definition 2.4.6. A directed path of length n from node a to node [ is defined as a

sequence of distinct vertices vg, - - - , ¥, with 79 = a and v,, = # such that fort =1,--- ,n,

(Yi—1,7:) € E and (vi,7vi-1) ¢ E. O

The above definition for a path specifies that the sequence vy, - - - , 7, does not contain
repeated nodes, so that the paths defined above are in fact called simple paths. In the
sequel we will only make use of the definition for simple paths, unless otherwise specified.
In the case in which the nodes o and (3 are the same, the path is then called a cycle,

which we now define.

Definition 2.4.7. Let G = (V, E) be a graph. For o € V| an undirected cycle of length

n is defined as an undirected path 7, --- ,7, with 7y = a and v, = «. O

Definition 2.4.8. A directed cycle of length n is defined as a directed path g, -+, v,

with 79 = a and v, = «. O

In the context of directed graphs, a directed graph that does not contain any directed

cycles is said to be a directed acyclic graph (DAG).

Definition 2.4.9. Let G = (V, E) be a directed acyclic graph. The descendants of node
a € V is defined with respect to G as the set of all nodes # € V'\ « for which there is a

directed path in G leading from « to 5. O
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Figure 2.2: Example of a set C' (consisting of nodes in red) separating node sets A and B in

an undirected graph.

Definition 2.4.10. Let G = (V| E) be an undirected graph. A clique is a subset C C V

such that a € C,f € C = (o, ) € E. O

In other words, the set of nodes in a clique is fully connected. Furthermore, a maximal
clique is a clique such that it is not possible to include any other nodes from the graph

in the set without it ceasing to be a clique.

Definition 2.4.11. Given a graph G = (V, E/) and a nonempty subset of nodes C' C V,
C is said to be a connected set if « € C, 3 € C implies that there is an undirected path

between « and 3, where we allow for C' = . O

Definition 2.4.12. Given a graph G = (V, F) and disjoint subsets of nodes A, B,C C V,
C is said to separate A from B with respect to G if all undirected paths from any node

a € A to any node 3 € B contain a node v € C. O

The above notion of graph separation is illustrated in Figure 2.2 for disjoint node sets

A, B, C in an undirected graph.
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Bipartite graphs

The definitions presented above can also be modified for bipartite graphs in which the set
of nodes consists of two disjoint sets of nodes such that every edge in the graph connects
a node in one set to a node in the other set. We will formally define a bipartite graph

below.

Definition 2.4.13. A bipartite graph G = ((V,S),E) = (V, S, E) is a triplet of sets
V.S, E where V, S are two disjoint sets of nodes and £ C V x SUS x V is a set of edges

that correspond to ordered pairs (o, s) or (s,a) for« € V and s € §. O

In the sequel, a bipartite graph will be assumed to be undirected so that for any
ac€VselS, (a,8) € E < (s,a) € E and so any edge in a bipartite graph can be
written s — «a, although this is not a strict requirement of the above definition (see [16]).
Since bipartite graphs contains two sets of nodes, we will introduce some additional

notation. Let N'(a) and N (s) denote the sets

N(a)={se S:(a,s) € E}

N(s)={aeV:(a,s) € E}.

Furthermore, let N'(A) = UyeaN (o). An example of the neighboring set N'(A) for a
node set A is given in Figure 2.3.

In a bipartite graph, the definition of separation is identical to that presented above,
so that given a bipartite graph G = (V, S, E) and disjoint subsets of nodes A, B,C C V,
C separates A from B with respect to G if and only if all paths from any node o € A to

any node 3 € B include a node v € C.

2.5 Probabilistic graphical models

When modelling probabilities over many random variables for real-world applications, it

is often advantageous to augment the analysis using graphs. These provide a simple way
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Figure 2.3: Example of the set of neighboring nodes s € S AN (A) in a bipartite graph for
A C V. The set A consists of nodes in red and neighboring nodes s € S enclosed by the dotted

curve are in the set N'(A).

to visualize the set of conditional independence relationships amongst many variables and
can be used to design models defined over large numbers of variables. A graph/graphical
model, is said to represent/provide a representation for a joint probability over a set of
random variables if and only if the variables over which the probability is defined satisfy
conditional independence relationships that are implied by separation of nodes in the
graph, where nodes in the graph correspond to variables in the model. Equivalently, a
probability is said to be defined over a graph if and only if the variables over which the
probability is defined satisfy conditional independence relationships that are implied by
separation of nodes in the graph. The graph separation of nodes also implies that the
joint probability factors into a product of functions defined over variables for which the

corresponding nodes are neighbors in the graph.

As a result of allowing one to model conditional independence relationships amongst
variables, graphs also allow one to simplify the computations required for inference in the
model, which requires computing conditional probabilities of the form P(z|y). Examples
of such problems of inference would be “Given a sequence of binary 0/1 symbols, what
is the probability that the next symbol will be a 17”7, or “Given a person’s salary, what

is the probability of his/her voting Republican?”. Such graphical representations also
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allow for insights into independence relationships amongst model variables that can be
obtained by inspection of the graph. A probabilistic graphical model accounts for the set of
independence relationships between variables in a corresponding probability distribution.
Each node v € V' in the graph corresponds to a random variable X,. The graph allows
us to visualize independence constraints between subsets of variables in the model, so
that for any particular graph separation criterion, variables that are separated in the
graph with respect to the given criterion also satisfy a particular marginal or conditional
independence constraint. A consequence of this is that the joint probability over all of
the variables can typically be decomposed into a product of functions, each depending
only on a subset of the variables in the model. In such cases, a graph is said to model
(or represent) a probability if the probability factors into a product of functions such
that the variables in the model satisfy independence constraints dictated by separation
of nodes in the graph.

In the following, we review three classes of graphical model that are commonly used

in practice:

1. Directed graphical models, or Bayesian networks, which consist of a directed acyclic
graph and a set of conditional probabilities defined for each variable in the model

given its parents in the directed graph.

2. Undirected graphical models, or Markov random fields, which consist of an undi-
rected graph and a set of potential functions defined over cliques of variables in the

model.

3. Factor graph models, or simply factor graphs, which consist of bipartite graphs
of the form G = (V,S, E) in which factors in the model for the joint probability
correspond to factor nodes s € S in the graph and random variables in the model

correspond to nodes a € V.

In addition to these three classes of graphical model, there are also bidirected graphical
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models, which consist of probabilities defined on bidirected graphs. An example of each
of the above types of graphical model for five variables X, X5, X3, Xy, X5 is shown in
Figures 2.4(a), 2.4(b) and 2.4(c).

Before we proceed to describe each of the above types of graphical model, we first
note that the models describe joint probability density functions (PDFs) in the case
of continuous variables, joint probability mass functions (PMFs) in the case of discrete
variables, or hybrid PDFs/PMFs in the case of a mixture of continuous and discrete
random variables. Here we will denote all of these as P(x) and we will by default refer
to P(x) as the probability density function, or simply probability. Also, throughout this
manuscript we will refer to a node a in a graph and the corresponding random variable
X, interchangeably (similarly for sets of nodes A and the associated random variables

X,4).

2.5.1 Directed graphical models

Definition 2.5.1. A directed graphical model, or Bayesian network, consists of both a
directed acyclic graph (DAG) G = (V, E) and a set of conditional probability functions
so that the joint probability P(x) is given by
P(x) = [ P(zalXpa@)), (2.29)
agV
where Xp,() denotes the configuration of the parent nodes for a. In the case where

pa(a) = (), we simply have P(z4|Xpa(a)) = P(za). O

A main feature of the directed graphical model is that the graph allows one to in-
corporate knowledge about causal relationships between variables, so that edges between
a node « and its parents allow us to model the causal influence of the parent variables
on variable X, through the conditional distribution P(%s|Xpa()). The directionality of
edges in Bayesian networks equivalently allows one to ascertain conditional independence

relationships by inspecting the graph, so that statistical independence relationships may
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Figure 2.4: a) A Bayesian network over five variables X1, X3, X3, X4, X5; b) A Markov random
field; b) A factor graph; d) A bidirected graphical model.

exist only between certain subsets of variables in the model. Thus the Bayesian net-
work allows us to model a more complex joint density as a product of local conditional
probabilities that each depend on only some subset of the variables. To illustrate such a

graphical model, consider the following example.

Example 2.5.1. For the Bayesian network shown in Figure 2.4(a), the joint probability

over the variables X7, X5, X3, X4, X5 is given by

P($1,l’2,$3,$4,l’5) = P($1|I2,$3)P(I3|LE4,$5)P($2)P($4)P(SL’5). (230)



CHAPTER 2. Background 23

2.5.2 Undirected graphical models

Definition 2.5.2. An undirected graphical model, or Markov random field, consists of an
undirected graph G = (V, F) and a set of clique potential functions v.(x.) > 0 for ¢ in
the set of maximal cliques C of the graph G so that the joint probability P(x) is given
by

Pe) = [T 0ex) (231)

ceC

where the normalization constant Z = > [] e(x.) ensures that P(x) sums to unity.
X ceC
When variables are continuous, we replace the above summation operator by an integra-

tion operator. O

Note that the potential functions 1. are not required to directly correspond to marginal
or conditional probabilities. This is in contrast to Bayesian networks, where each func-
tion in the expression for the joint probability corresponds to the conditional probability
of a variable given its parent variables. However, in special cases such as when the
Markov random field is constructed by starting with a Bayesian network, the potential
functions may indeed have such an interpretation. One consequence of the generality of
the potential functions ¥.(x.) is that their product will in general not sum or integrate
to unity, so that we require an explicit normalization factor given by Z~1. To illustrate a
simple Markov random field over five variables X1, X5, X3, X4, X5, consider the following

example.

Example 2.5.2. The Markov random field shown in Figure 2.4(b) models the joint

probability
1
P(xy, 29, 03,24, 75) = §¢1($1,$2,$3)¢2(9§3,934#55), (2.32)

where Z = Yo Un(w, wa, ws) (w24, w5). O

T1,22,3,L4,T5
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It is worth noting that if the potentials 1. are allowed to be negative, then the joint
probability P(x) does not necessarily factor into a product form as given in (2.31) (see

[42, 51] for an example).

2.5.3 Factor graph models

Definition 2.5.3. A factor graph model, or simply factor graph, consists of a bipartite
graph G = (V, S, E), where V' denotes a set of nodes corresponding to variables and
S denotes nodes corresponding to factors in the model for the joint probability, with
edges in E connecting factor nodes in S to variable nodes in V. The factor graph also
includes a specification of the factors, or functions fs(x,) for each factor node s € S,
where x; = Xp(s) and f, : RVl R, Given graph G and factors fi(x;), the joint
probability P(x) is then given as the product

P(x) = [T fs(x). (2.33)

seS

In a factor graph, there is a node o € V for every variable in the joint probability
and additional nodes s € S (depicted by squares) for each factor fs(xs) in the model for

the joint probability P(x).

Example 2.5.3. The factor graph shown in Figure 2.4(c) corresponds to the joint prob-

ability

P(x1, 2,73, 04, 75) = fi1(25) fo(wa) f3(23, 24, ¥5) fa(22) f5(21, 225 23) fo (23). (2.34)

Factor graphs make the factorization of the joint probability over variables explicit.
In a factor graph, one can have multiple functions defined over the same sets of variables

and functions need not be defined over maximal cliques in the factor graph, whereas in
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a Markov random field one must combine these functions together into a single potential
defined over a clique of variable nodes in the graph. Similarly, the factors in a factor
graph can provide an explicit factorization for a joint probability that would not be

explicit in an Bayesian network.

To convert between graphical models, if we are given a probability model that is
expressed in terms of an undirected graph, then we can readily convert it to a factor
graph by creating variable nodes in the factor graph corresponding to the nodes in the
original undirected graph and additional factor nodes for each of the maximal cliques
in the undirected graph, so that the factors fs(xs) are set to the clique potentials v, of
the corresponding Markov random field. Note that there may be several different factor
graphs that correspond to the same Markov random field in terms of the set of conditional
independence properties being modelled. From (2.31), we see that Markov random fields
are a special case of factor graphs in which the factors correspond to potential functions
over the maximal cliques, where the normalizing constant Z~! can be viewed as a factor

defined over the empty set of variables.

We can also show that Bayesian networks, whose corresponding factorization is de-
fined by (2.29), represent special cases of factor graphs in which the factors fy(xs) corre-
spond to conditional probabilities. To convert a Bayesian network to a factor graph, we
first create variable nodes in the factor graph corresponding to the nodes of the directed
graph, factor nodes corresponding to the conditional probabilities in the model and edges
connecting factor nodes to their arguments. In addition, edges in the factor graph may
be directed [16] in order to indicate conditional probabilities in the model. Again, there
can be multiple factor graphs that can correspond to the same Bayesian network in terms

of the set of conditional independence properties being modelled.
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2.5.4 Bidirected graphical models

In addition to Bayesian networks, Markov random fields and factor graphs, there are
also bidirected graphical models [13, 58, 59, 69] in which edges connecting nodes in the
graph are bidirected of the form a < (. Unlike the semantics of directed/undirected
edges in Bayesian networks and Markov random fields, bidirected edges allow one to
enforce marginal independence constraints between variables in the model, so that the
lack of an edge a « (3 between two nodes «a, (3 € V in a bidirected graph imply dif-
ferent conditional independence relationships compared to the absence of an edge in an
undirected /directed graphical model. An example of such a graph for a model with five
variables X7, Xs, X3, Xy, X5 is shown in Figure 2.4(d). As in the case of Bayesian net-
works, Markov random fields and factor graph models for probability densities, the joint
probability density modeled by a bidirected graphical model factors into a product of
local probabilities defined over connected subsets of variable nodes in the graph [13, 59].
Examples of bidirected graphical models are covariance graphs [37], binary models for
marginal independence [13] and latent variable mixture models [63] that are constructed
as Bayesian networks with latent variables. In a bidirected graphical model, the con-
ditional independence properties are distinct from those of Bayesian networks, Markov

random fields and factor graphs, as we will demonstrate below.

2.6 Conditional independence in graphical models

Conditional independence properties play an important role in using probabilistic models
by simplifying both the probability model and the computations needed to perform in-
ference and learning under that model. If we are given the joint probability over a set of
variables, then in principle we could test whether any potential conditional independence
relationship holds by repeated application of the sum and product rules of probability.

More precisely, we could assess whether for any disjoint subsets of variables X 4, X and
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X we would have P(x4,Xxp|xc) = P(xalxc)P(xp|Xc) so that X4 is independent of
Xp given X. In practice, such an approach would be very time consuming for an arbi-
trary joint probability as this would require us to marginalize over many variables in the
model in order to compute the quantities in the above expression. One important feature
of graphical models is that conditional independence relationships satisfied by the joint
probability can be read directly from the graph without having to perform any analyti-
cal manipulations. It is worth emphasizing here that one can only ascertain conditional
independence relationships due to graph separation in a graphical model: one cannot
ascertain conditional dependence between variables due to lack of graph separation. For
example, consider the simple graphical models a« — 3, a —  and o — B — 3. Although
clearly av and 3 are not separated in all three graphs, we can set P(zg|x,) = g(x) in the
first model, f(xa,x5) = ¥(xa,x5) = g(zg)h(z,) in the second and third models so that
X, is marginally independent of Xz in all three models. Thus with the above example
is mind, we will now describe these properties for each of the above types of graphi-
cal model: a more complete derivation of these and relevant theorems can be found in

[16, 42, 50].

2.6.1 Conditional independence axioms

Suppose we wish to ascertain whether a particular conditional independence statement is
implied by a given graph, so that for any disjoint variable sets X 4, X and X, any joint
probability defined over the graph satisfies P(xa,xp | xc) = P(x4 | x¢)P(x5 | X¢) and
so X4 is conditionally independent of Xp given Xo. We will use the notation of [12] to
denote the above conditional independence relationship as A 1L B | C for the context of
graphical models in which variable sets X 4, X5, X correspond to node sets A, B, C' in

the graphical model. The ternary relation A 1L B | C then satisfies the following axioms:

e IfALB|[Cthen BLA|C
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e IfALl B|[CandU C B,then A LU |C
elfAL B|CandU C B, then A L B|(CUU)

e IfALB|[Cand ALU|(CUB),then AL (BUU)|C

The above axioms correspond to the semi-graphoid axioms [42, 47, 56], which encapsulate
the formal properties of the notion of mutual irrelevance or separation of sets. With
the above axioms in mind, we will now present the resulting conditional independence

relationships which can be obtained by inspecting the graph for various graphical models.

2.6.2 Conditional independence in directed graphical models

Consider disjoint sets of nodes A, B,C' C V in a directed acyclic graph G = (V, E). In
the case of Bayesian networks, A and B are conditionally independent given C' if all

undirected paths between nodes in A and B are blocked by C' [56].

Definition 2.6.1. Let A, B,C C V be disjoint subsets of nodes in the graph G = (V, E).
An undirected path from node a@ € A to node € B in a directed acyclic graph is said

to be blocked by node set C' if the path contains a node  such that either:
e v € (' is on the path and arrows in the path do not meet head-to-head at ~, or

e v € V' \ C is on the path, 7 has no descendants in C' and arrows on the path meet

head-to-head at ~.

Node sets A and B are then said to be d-separated by C' with respect to G if all paths
from any node a € A to any node (5 € B are blocked by node set C' [56]. An example

for each of the above rules for blocked paths in a Bayesian network are shown in Figures

2.5(a), 2.5(b) and 2.5(c).
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Figure 2.5: a),b) Y and Z are d-separated by X and so Y L Z|X; ¢) Y and Z are not
d-separated by X; d) Y and Z are separated from X by U and so Y, Z L X|U; e) X and Z are

separated by U and so X 1L Z|U.

2.6.3 Conditional independence in undirected graphical models

The conditional independence relationships satisfied by Markov random fields are more
straightforward than those of Bayesian networks due to the absence of directed edges,
although this implies that it is more difficult to represent marginal independence rela-
tionships between variables in a Markov random field. For a Markov random field, the

corresponding probability P(x) obeys the Markov property, which we present below.

Proposition 2.6.1 (Markov property). Let G = (V, E) be an undirected graph and let

A, B,C C V be disjoint sets of nodes in GG. If C separates A from B relative to graph
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G, then A L B|C holds for any joint probability defined over G. O

It can be shown that the Markov property and the factorization of the joint probability
into clique potentials are equivalent. This is formalized by the Hammersley-Clifford

theorem, which we present below.

Theorem 2.6.2 (Hammersley and Clifford). Given an undirected graph G = (V, E), a

probability distribution P(x) satisfies the Markov property if and only if P(x) can be

modeled as P(x) = [ ¥«(x.) where C is the set of maximal cliques in the graph G and
ceC

e(x.) > 0 are potential functions defined over the random variables corresponding to

the nodes in clique c¢. O

The Hammersley-Clifford theorem establishes the equivalence between the above
Markov property and the factorization of the joint probability P(x) into clique potentials
1e(x.) under the assumption of non-negativity of the potentials 1. [42, 51]. A detailed
proof of the Hammersley-Clifford theorem can be found in [42]. An example of the

Markov property is shown for a simple undirected graph in Figure 2.5(d).

2.6.4 Conditional independence in factor graph models

We have shown that both Bayesian networks and Markov random fields can be converted
to factor graphs. Although for any given joint probability, one can have multiple cor-
responding factor graphs, one can nevertheless inspect the factor graph for separation
of sets of nodes to assess conditional independence between two set of variables. More
precisely, let A, B,C C V be disjoint subsets of variable nodes in the factor graph G.
Then the separation of A from B by C with respect to G implies A 1L B|C' in the factor
graph. An example of such separation is given in Figure 2.5(e).

It can also be shown that all of the conditional independence properties of Bayesian
networks can also be represented using directed factor graphs [16] by including directed

edges and allowing factors to correspond to conditional distributions of variables given
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their parents. In general, all conditional independence relationships that are implied
by graph separation in Bayesian networks and Markov random fields can be modeled
using directed factor graphs. However, there also exist models for which the set of
conditional independence relationships can be modeled by a factor graph but not by

Bayesian networks or Markov random fields [16].

2.6.5 Conditional independence in bidirected graphical models

() () (¥
OO @ ©) & ©

(a) (b)

Figure 2.6: a) A bidirected graphical model in which graph separation of nodes implies the
marginal independence relationships X7 1 X3, Xo 1 X4, X7 L Xy4; b) A possible Bayesian
network with latent variables Y7, Y5, Y3 in which graph separation implies the same marginal

independence relationships X7 1 X3, Xo 1 X4, X7 1L X4.

In a bidirected graphical model in which the joint probability density is defined over
a bidirected graph G = (V, E), the absence of an edge («, 3) in E implies the marginal
independence relationship o« I (3. The conditional independence properties of bidi-
rected graphical models are then distinct from the conditional independence properties
of Bayesian networks, Markov random fields and factor graphs. The independence prop-
erty for bidirected graphical models corresponds to the dual Markov property of [37],

which we present below.

Theorem 2.6.3 (Dual Markov property). Let A, B,C' C V be three disjoint node sets.
If V\ (AU BUC) separates A from B with respect to the bidirected graph G = (V, E).
Then A 1 B|C. O
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The above set of conditional independence relationships in a bidirected graphical
model can also be obtained from a Bayesian network defined over the variable nodes in
V', with additional latent variables introduced such that for any bidirected edge o < (3
in the bidirected graphical model, we introduce a latent variable node v and directed
edges a «— 7 — [ in the Bayesian network (Figures 2.6(a),2.6(b)). The dual Markov
property is then satisfied by any probability obtained from marginalizing out the latent
variables in the directed graphical model. Bidirected graphical models can be viewed as a
particular case of mized graphical models, or ancestral graphical models [58], which consist
of probabilities defined over graphs G = (V, F) containing a mixture of undirected edges
a — (3, directed edges o — (3 and bidirected edges a <+ (. For any disjoint subsets of
variable nodes A, B,C' C V in a mixed graph, the conditional independence relationship
A 1 B|C holds if A and B are m-separated by C with respect to G. The notion
of m-separation is a generalization of the notion of d-separation for mixed graphs in
which we account for the presence of different types of edges in the mixed graph [58].
Thus, bidirected graphs correspond to mixed graphs that contain only bidirected edges
and for which the conditional independence property corresponds to the independence
property for a mixed graph containing only bidirected edges. It is worth contrasting the
conditional independence properties of bidirected graphical models with those of Markov
random fields: in a Markov random field, the absence of an edge between two nodes
a, € V implies that o 1L 5|V \ (a U ) due to the Markov property, but the marginal
independence relationship o 1L § is not implied by the absence of the edge a — 3. In
contrast, in a bidirected graph the absence of an edge a < [ implies that a I 3, but
the conditional independence relationship oo L G|V \ (o U f3) is not implied. In Chapter
3 we will re-visit such graphs in more detail, as they are fundamentally connected to the

class of graphical models that are the focus of this thesis.
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2.7 The sum-product algorithm

In a graphical model, we often wish to compute quantities of the form P(x4) or P(x4 |
xp), so that we must solve the problem of marginalizing over variables in the model
by computing quantities of the form Z P(x). We will now discuss the problem of
marginalization in graphical models, thevr\eAwe wish to compute the marginal probabilities
for variables in the graph of the form P(x4) for some subset of variable nodes A in
the graph. Here we will review the sum-product algorithm [5, 18, 41] for performing
marginalization over variables in the factor graph model.

To begin, let G = (V, S, E) be a tree-structured bipartite graph and suppose we wish
to compute the marginal P(z,) for some variable X,. We note that we can root the
graph at some node o and we can write the joint probability as

=l fx)= ] T(XTa) (2.35)

s€S seEN (a

where x.. denotes the vector of configurations for all variables in the subtree 73 rooted

at variable node a: and containing only one factor node neighboring «, namely s (Figure

2.7), and T} (ng) corresponds to the product of all factors located in the subtree 7.
The marginal probability P(x,) for the root node « is then given by

Plza)= Y Px) =Y [ I1 T(XTa)]. (2.36)

XV\a XvV\a SGN )

We can take advantage of the fact that the graph has a tree structure and hence the node
sets 7 and 75 are disjoint, so that
> [ I (XTQ)} = I Y ()= IT mealea) (237
Xy\a | sEN(a) sEN (a) Xro\a sEN (o)

We have introduced the set of functions jis_q(x,) defined by

:us—mz(xa) = Z TS(XTS‘,")’ (238>

x‘r?\a
We can view the function ps_..(,) as a message being passed from factor node s € N'(«)

in the factor graph to a neighboring variable node «.
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Figure 2.7: Example of the subtrees 7, 5 for a tree-structured factor graph G.

We can now write T (XTsa) as a product of factors owing to the tree structure of the
graph G, so that
Ts(xrg) = fo(@axnena) T Ts (Xrg)> (2.39)
BEN (s)\a
where Xz denotes the vector of configurations for all variables in the subtree 75 that
is rooted at factor node s and contains only one neighbor of s, namely § (Figure 2.7),
and Tj is the product of all factors in the subtree 75. Substituting Equation (2.39) into
Equation (2.38), we obtain

,us_w(xa): Z [s(Ta, XN (s)\a) H Tﬁ(XTLsa)j' (2.40)
N

ng \a ﬁEN(S o

= > _fs(f'fa’XMs)\a) I1 ZTB(Xrg)] (2.41)

XN (s)\a | BeEN (s)\a XTE\;;

= Z fs (*Tau XN(S)\a) H :U/ﬁ—m(xﬁ)] ) (242>

XN (s)\a | BeN (s)\a
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where we have defined the message s_s(x3) sent from variable node 3 to factor node s.
Finally, to compute the messages p13_.s(z3) from variable nodes to factor nodes, we

can write each of the functions Tp (XTE) as a product such that

Ty(xes) = [I Tw (ng), (2.43)

s'eEN(B)\s
where Ty is defined identically to T above but for factor node s’. Substituting this into

the expression for ps_s(xg) in Equation (2.42) yields

poms(ws) = 3 To(xg) = T X Tw(xs) (2.44)

“po SN BN
= I no—slas). (2.45)
s’eN(B)\s

Thus, to compute messages from variable nodes to factor nodes, we simply take the
product of all incoming messages except for the message incoming from the destination
factor node. Note that variables with only two neighboring factors simply pass messages
through, unchanged. Messages can be computed recursively from one another: given an
arbitrary root variable node «, we propagate messages up from leaf nodes to the root
node. Here, leaf variable nodes o' send the message fio—s(xo) = 1 while leaf factor
nodes ¢ (x4) send the message fis.o (o) = ¢s(2o). By then multiplying together the
messages incoming into variable node o once all messages have been passed, we can then
obtain the marginal distribution P(z,) by computing

Plea) = T eealra). (2.46)

sEN (o)

We can thus efficiently compute the marginal probabilities for any node « in the factor
graph by applying the above message-passing algorithm to the factor graph rooted at «.
However, there is an even more efficient method to compute all marginal probabilities of

the form P(x,) in a tree-structured graph G. We can choose an arbitrary root node «
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and we can then pass messages from leaf nodes to «, and then from a back to the leaf
nodes. By passing messages in this fashion, we compute the marginal probability for all
variable nodes by multiplying all incoming messages for each node as in Equation (2.46).
The sum-product algorithm is summarized in Table 2.1: to illustrate the algorithm, we

will apply it to a simply toy example.

L Xo)—=

L

Figure 2.8: Messages in the sum-product algorithm

@ g(u, ,y) @ h(:f#Z) @

Figure 2.9: A toy example of a factor graph over four variables U, X,Y, Z.

Example 2.7.1. Consider a simple toy example of a factor graph over four random
variables U, XY, Z. The corresponding factor graph is shown in Figure 2.9 whose joint

probability mass function is given by
P(u,z,y,2) = g(u, z,y)h(y, 2). (2.50)

Let Z be the root node so that X and U are leaf nodes. Then the messages from leaves
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e For leaf variable nodes «, propagate fi,—s(x,) = 1. For leaf factor nodes s, propa-

gate s —a(Ta) = fs(Ta).

(Messages from variables to factors) For each non-leaf variable o and neighboring

factors s € N («a), propagate

,U/a—>s<xa> = H MS/_>Q<$Q) (247>
s'eN(a)\s

(Messages from factors to variables) For each non-leaf factor node s and neighboring

variables a € N (s),

poma(@a) = D fulxs) [I  pe—s(zp) (2.48)

XN (s)\ex BEN (s)\a

e Pass messages from root to leaf nodes according to above

For each node o € V', compute the marginal P(x,) as

P(za) oc I pe—alza) (2.49)
seN(a)

Table 2.1: The sum-product algorithm in a factor graph.

to root are given by

fx—g(z) =1
fix—g(u) =1

() = X (90,2 gy (w)

py —n(y) = tg—y (y)

pnz(2) = (h(y, Z)mmh(y))

Y

Figure 2.10(a) shows the flow of the above messages. Once we have propagated from
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leaves to root, the messages from root to leaf are given by

pz—n(z) =1

-y (y) = > h(y, 2)

py —g(y) = pin—y(2)

frg—v(u) = (g(u, z, y)uXAg(SC)uwg(yD

:Biy

pax(a) = 3 (g2, g(w)iiy—o(0) ). (2.51)

wy

The flow of messages from root to leaf are shown in Figure 2.10(b). Once we have
propagated messages in each direction along each edge, we can evaluate the marginal
distributions for each variable. For example, we can verify that the marginal probability

P(z) is computed correctly by multiplying all incoming messages to the node for variable

Z:
P(z) = pn—z(» =Z<h 2)py—n(y )>

> (h gz, y)ung(x)uUﬁg(U)))

h(y g(u z,y)))

= Y, 2)g(u, y)) > Plu,z,y,2). (2.52)

u,:(:,y UL, Y

The above example illustrates that we can take advantage of the factor graph model
for a joint probability to reduce the number of computations needed to compute the
marginals. If the graph is a tree, then the sum-product algorithm is guaranteed to yield
the exact marginals [18, 41]. However, if one applies the set of message updates in
the sum-product algorithm for graphs with cycles, the algorithm is not guaranteed to
converge to the exact marginals. In spite of this, the sum-product algorithm has been
applied to many problems involving graphs with cycles where one passes messages over

many iterations: this is often referred to as loopy belief propagation and has been shown
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@ 9(u, z,y) @ h(?#Z) @ @ g(u,alr,y) @ h(?#Z) @

|

(a) (b)

Figure 2.10: Flow of messages in the sum-product algorithm applied to Example 2. a) From
leaf variable nodes X, U to the root variable node Z; b) From the root node Z to the leaf nodes

X,U.

to converge and provide good approximations to marginal probabilities [41, 68] in a wide
variety of applications such as error-correction decoding [19], random satisfiability [49]

and clustering and facility location [17].

2.7.1 Inference using sum-product

The sum-product algorithm can be also be used for the problem of inference in which
we seek to compute probability distributions of the type P(x4|xp). If we condition on
observing variables Xp in the factor graph, then we need to marginalize over variable
nodes in V' '\ AU B using the sum-product algorithm. Since

P(xa,xB) 2xv (v P (x4, X, Xy\(4uB))

x Z P(x4,X5,Xv\(4uB)); (2.53)

XV\(AUB)

P(xalxp) =

we can use the sum-product algorithm to compute the above summation (up to a scaling
constant) with variables Xp fixed to xg. The scaling constant in the above expression
for P(x4|xp) corresponds to the summation ZXV\{B} P(xp,xy\p) and can be obtained

from the messages used to compute the sum ) P(XA,XB,XV\( AUB)). Thus, the

XV\(AUB)
sum-product algorithm can be used to compute any conditional distribution of the above
form by marginalizing over all unobserved variables in the factor graph save for those

variables for which we wish to perform inference. For any variable X, that is observed
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with value z¥, we can modify messages fio—s(Z,) SO as to constrain the variables X, to
values z7,. This yields
faas(@a) = 0w — ) T (). (2.54)
s's
In Chapter 4 we will describe a similar message-passing algorithm called derivative-sum-
product (DSP) for inference in which the quantities of interest correspond to derivatives
of a joint CDF defined over a bipartite graph, so that the marginalization operation in

the sum-product algorithm is replaced by differentiation.



Chapter 3

Cumulative distribution networks

As we have seen earlier, graphical models allow us to simplify the computations required
for obtaining conditional probabilities of the form P(x4|xp) or P(x4) by allowing us to
account for conditional independence constraints in terms of graph separation constraints.
Graphical modelling frameworks such as directed, undirected and factor graphs are there-
fore amenable to efficiently computing a conditional or marginal probability of the above
form. However, for many applications it may be desirable to compute other conditional
and marginal probabilities such as probabilities defined over events of the type {X < x}.
Here we will present the cumulative distribution network (CDN), which is a graphi-
cal framework for directly modelling the joint cumulative distribution function, or CDF.
With the CDN, we can thus expand the set of possible queries so that in addition to formu-
lating queries as conditional /marginal probabilities of the form P(x,4) and P(x4|xp), we
can also compute probabilities of the form F(x4|Xp < xp), F(xa|xp), P(x4|Xp < x5)

and F(x,), where F(xy) =P

Xy <xp

is a cumulative distribution function. Examples
of this new type of query could be “Given that the drug dose was less than 1 mg, what
is the probability of the patient living at least another year?”. A significant advantage
with CDNs is that the graphical representation of the joint CDF may naturally allow

for queries which would otherwise be difficult to compute under other types of graphical

41
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model.

In this chapter, we will define the CDN and we will show that the conditional indepen-
dence properties of such graphical models are distinct from the properties for Bayesian
networks, Markov random fields and factor graphs. We will then show that the condi-
tional independence properties of CDNs include the properties of bidirected graphical
models [13, 59] and so CDNs can provide a class of parameterizations for such proba-
bility models. We will later show in Chapter 5 that CDNs provide a tractable means of
parameterizing models for learning to rank in which we can construct multivariate CDFs

from product of CDFs defined over subsets of variables.

3.1 The cumulative distribution network: A graphical
model for cumulative distribution functions

Definition 3.1.1. A cumulative distribution network (CDN) is an undirected bipartite
graphical model consisting of a bipartite graph G = (V, S, E'), where V' denotes variable
nodes and S denotes factor nodes, with edges in £ connecting factor nodes to variable
nodes. The CDN also includes a specification of functions ¢s(xs) for each function node
s € S, where X, = X(s) and each function ¢, : RWEG) [0, 1] satisfies the properties of
a CDF (Theorem 2.1.1). The joint CDF over the variables in the CDN is then given by
the product over functions ¢y, or

F(x) = [] ¢s(xs)- (3.1)

seS

Example 3.1.1. For the CDN in Figure 3.1, the joint CDF over three variables XY, Z

is given by

F(*T? Y, Z) = ¢a($, y)¢b($7 Y, Z>¢C(y7 Z)¢d(z>‘ (32>
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Figure 3.1: A cumulative distribution network (CDN) over three variables and four functions.

In the CDN, each function node (depicted as a diamond) corresponds to one of the
functions ¢s(xs) in the model for the joint CDF F(x). Thus, one can think of the
CDN as a factor graph for modelling the joint CDF instead of the joint PDF. Since the
CDN is a graphical model for the joint CDF, the functions in the CDN must be such
that their product satisfies the conditions of Theorem 2.1.1 so that F(x) is a CDF for
some probability P. The following lemma establishes that it is sufficient that the CDN

functions ¢, be themselves CDFs in order for F' to be a CDF.

Lemma 3.1.1. Suppose that Uses N (s) = V. If all functions ¢4(x,) satisfy the properties

of a CDF, then the product H ¢s(xs) also satisfies the properties of a CDF (Theorem
seS

2.1.1).

Proof. If for all s € S, we have lim ¢s(xs) =1, then lim [] ¢s(xs) = 1. Furthermore,
s— 00 X—00 oty
we have that for any a € V| there exists s € N(a) so we have lim ¢4(x5) = 0 and

To——00

hence lim [] ¢s(xs) = 0.

To—>— 00
a ses

To show that the product of monotonically non-decreasing functions is monotonically
non-decreasing, we note that x, <y, for all s € S if x <y. Thus, since for all s € S we
have ¢4(xs) < ¢s(ys) for all x, <y, for all s € S, we can write

F(x) = ] ds(x) < II 0s(ys) = F(y). (3.3)

ses ses

Finally, a product of right-continuous functions is also right-continuous. Thus if all of

the functions ¢4(x;) satisfy the properties of a CDF, then the product of such functions
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also satisfies the properties of a CDF. O

Although the condition that each of the ¢, functions be a CDF is sufficient for the
overall product to satisfy the properties of a CDF, we emphasize that it is not a necessary
condition. One could construct a function which satisfies the properties of a CDF from
a product of functions that are not CDFs. The lemma above ensures, however, that we
can construct CDNs by multiplying together CDFs to obtain another CDF.

The above definition and lemma do not assume differentiability of the CDF or of the
CDN functions. The following proposition shows that differentiability and non-negativity
of the derivatives of functions ¢, with respect to all neighboring variables in N (s) imply

both differentiability and monotonicity of the joint CDF F(x).

Proposition 3.1.2. If the mixed derivatives Oy, [qbs(xs) satisfy Ox, [¢S(Xs)] > ( for all
s € S and A C N(s), then F(x) is differentiable, Oy F(x)} > 0 for all C C V, and
F(x) < F(y) for all x <.

Proof. A product of differentiable functions is differentiable and so F'(x) is differentiable.
To show that O {F (X)} >0V C CV, we can group the functions ¢4(x;) arbitrarily into

two functions ¢g(x) and h(x) so that F'(x) = g(x)h(x). The goal here will be to show that

if all derivatives Ok, {g(x) and Oy, {h(x)} are non-negative, then 0y, [F (X)] must also

be non-negative. For all C' C V', applying the product rule to F'(x) = g(x)h(x) yields

e [P

= 3 0, [960)] 0 [ 00 (34

ACC

so if Oy, {g(x)},@xC\A {h(x)} > 0 for all A C C then Oy, [F(x)} > 0. By recursively
applying this rule to each of the functions g(x), h(x) until we obtain sums over terms
involving O, [¢S(Xs)] V A C N(s), we see that if Oy, {qbs(xs)} > 0, then Oy, {F(X)] >
ovCCV.

Now, Ox. {F(X)} > 0 for all C' C V implies that 0, [F(x)] > 0 for all @« € V. By

the Mean Value Theorem for functions of several variables, it then follows that if x <y,
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then

F(y) = P = 3 0., [F)] (5o — 20) <0, (35

aeV

and so F'(x) is monotonic. O

Proposition 3.1.2 thus shows that we can ensure differentiability and monotonicity of
the joint CDF by constraining the derivatives of each of the CDN functions. We note
that although it is merely sufficient for the first order derivatives to be non-negative in
order for F'(x) to be monotonic, the condition that the higher order mixed derivatives
of the functions ¢4(xs) be non-negative also implies non-negativity of the first order
derivatives. Thus in the sequel, whenever we assume differentiability of CDN functions,
we will assume that for all s € S, all mixed derivatives of ¢¢(xs) with respect to any and
all subsets of argument variables are non-negative. While non-negativity of the mixed
derivatives is sufficient for monotonicity of F', it is not a necessary condition. Thus, the
sufficient condition allows us to easily design functions whose product yields a function
I which satisfies the properties of a CDF, but a result of this is that the CDN may only
be able to model a subset of the full set of all possible CDFs.

Having described the above conditions on CDN functions, we will now provide some

examples of CDNs constructed from a product of CDFs.

Gl (.’1,', y)

Galz,y)

Figure 3.2: A CDN defined over two variables X and Y with functions Gy (x,y), G2(x,y).

Example 3.1.2 (Product of bivariate Gaussian CDFs). As a simple example of a CDN,
consider two random variables X and Y with joint CDF modeled by the CDN in Figure
3.2, so that F(z,y) = Gi(x,y)Ga(z,y) with
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5
10 8
8 4 S 6
> 6 >3 % >4
4 2 > 2
2 1
2 4 6 8 1012 -4 -2 0 2 4
X X
(a) (b) (c)

Figure 3.3: a) Joint probability density function P(z,y) corresponding to the distribution

function F(z,y) using bivariate Gaussian CDFs as CDN functions; b),c) The PDFs correspond-

ing to Oy y [Gl (z, y)} and 0,y [Gg(l‘, y)}

2
qu71 21 _ Ux,l plo-xélo-%l

Y Y
Hy,1 P10%,10y,1 Oy

Gi(z,y) = q)( ﬁ ;ul,El), Py

Yy
2
‘| ;u2722)’ Moy = [Maﬁ] 7 22 — l O'x,2 ﬂzaxfay,z} : (36)

8

Yy Fy,2 P202,20y,2 0y.2

Ga(z,y) = ‘D( [

where ®(-;m, S) is the multivariate Gaussian CDF with mean vector m and covariance

S. Taking derivatives, the density P(x,y) is given by

P(x,y) = 0wy

Ga(a,y)Gal.v)|

= G1(2,Y)0ry [G2(x, y)] + 0, {G1 (z,y)

F(z, y)] = Ory

8y G2(.§L’, y)

+8y Gl(x7y> 8m G2(x7y> _'_am,y Gl(x7y> G2(x7y) (37)

We can compute each of the derivative terms as
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= Gaussmn( lﬂ s M, 21)7 am,y
Yy T
:/ Gaussicm( ltl s -, 21) dt

v
. . 2 . . 2
:Gaussmn(m,um’l,am’l)/ Gaussian(t; py|z1, 0y, 1) dt
—0o0

a‘r7y

GQ(:C7 y)

Gl(x7y>

ax Gl(x> y)

= Gaussian(z; fiz 1, Ui,l)q)(% Hyla,15 aj\x,l)

Oy {Gl(x’y)} = /_xoo Gaussicm< Lj Py, 21) ds

X
~ ) 2 ~ ) 2
:Gausszan(y,,u%l,ay’l)/ Gausszan(&ux|y,1,am|y,1)ds
— 0o

= Gaussian(y; fiy.1, 05,1)(1)(% Haly,1, Ug\y,l)

O {Gg(x’y)} = /_yoo Gaussz'an( lﬂ 5 Mo, 22) dt

Y
= Gausszan(:z;um,aiz)/ Gausszan(t;uy‘x,g,az‘m)dt
—o

= Gaussian(z; fiz 2, Ui,z)q)(% Hy|z,2, Uimz)

= /w Gaussmn( Lj ;u2,22) ds

X

_ . . 2 . . 2

= Gaussian(y; iy 2, 0y72) / Gaussian(s; fig)y,2, Ux|y,2) ds
—0oQ

9y

GQ(:C7 y)

= Gaussian(y; fy2, 0, 5) (T ftajy.2, 03y,5),

where

y71 0 1371
1( Y, )

(T = pg1)  Hajyn = Mo + 1

Hyle, = Hy1 + P1
Oz,1 Y,

Oy,2

Oz,2
(T — Ha2)  Maly2 = P2 + p2—(Y — [y2)

Hylz,2 = Hyz2 + P2
0,2 Uy,2

U§|x,1 =(1- P%)Uj,l U?c\y,l =(1- P%)Ui,l

U§|m,2 =(1- 03)05,2 Ug\y,z =(1- 03)02,2-

47

= Gaussmn( Lﬂ s U, 22)

(3.8)

(3.9)

(3.10)

(3.11)

(3.12)
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The resulting joint PDF P(z,y) obtained by differentiating the CDF' is shown in Figure
3.3(a), where the CDN function parameters are given by p,1 = 0,pz2 = 4,1y1 =
3 iy = 4,0,1 = \3,0,0 =5,0,1 = 1,0,5 = V10,p1 = 0.9, p = —0.6. The PDFs
corresponding to 0, {Gl(x, y)} and 0, , {Gg(x, y)} are shown in Figures 3.3(b) and 3.3(c).

O

The next example provides an illustration of the use of copula functions for construct-

ing multivariate CDFs under the framework of CDNs.

10 20 2

10

y
o
&
o
y
=

-10

0 5 10 -20 -2 0 2

Figure 3.4: a) Joint probability density function P(x,y) corresponding to the distribution
function F'(x,y) using bivariate Gumbel copulas as CDN functions, with Student’s-t and Gaus-

sian marginal input CDFs; b),c) The PDFs corresponding to 0, [Gl(:n, y)} and O,y [Gg(:n, y)}

Example 3.1.3 (Product of copulas). We can repeat the above for the case where each
CDN function consists of a copula function (see Section 2.3). Copula functions provide
a flexible means to construct CDN functions ¢, whose product yields a joint CDF under
Lemma 3.1.1. Copula functions allow one to construct a multivariate CDF ¢, from

marginal CDFs {F(z4) }acpr(s) s0 that

6:(%:) = G ({F @) bnens ) (313)

where (; is a copula defined over variables X,,a € N (s). For the CDN shown in Figure
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3.2, we can set the CDN functions G, Gy to Gumbel copulas so that

_ 1
Z

_ 1
6>

Gi(z,y) = G(Hy (), Hiy(y)) = exp ( — ( (log H, .(x) +log Hl,y(y)))el

Y

Gy(x,y) = CGo(Hau(x), Hay(y)) = exp ( - ( (log Hy.(x) + log H2,y(y)))62)

(3.14)

with H ,, Hy, set to univariate Gaussian CDFs with parameters p 4, fto.2, 01,4, 02, and
H,,, Hy, set to univariate Student’s-t CDFs with parameters oy ,,02,. One can then
verify that the functions Gy, Gy satisfy the properties of a copula function (Section 2.3)
and so the product of Gi,G; yields the CDF F(x,y). An example of the resulting
joint probability density P(z,y) obtained by differentiation of F'(x,y) for parameters
Pz = fogy =0,01, =09, = 01, = 09, = 10,0, = 6 = 1 is shown in Figure 3.4(a), with

Gl(x>y)

the PDFs corresponding to 0, and 0, , [Gg(l’, y)} shown in Figures 3.4(b) and

3.4(c). O

Figure 3.5: a) Joint probability density function P(z,y) corresponding to the distribution
function F'(z,y) using bivariate sigmoidal functions as CDN functions; b),c) The PDFs corre-

sponding to 0y 4 {Gl (z, y)} and O,y [G2($, y)}

Example 3.1.4 (Product of bivariate sigmoids). As another example of a probability

density function constructed using a CDN, consider the case in which functions G4 (z,y)
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and G(z,y) in the CDN of Figure 3.2 are set to be multivariate sigmoids of the form

1
1
Gy(z,y) = Y

1 4 exp(—w?ir) + exp(—wly)’

1 2 2

with wl, w,, i, w, non-negative. An example of the resulting joint probability density

P(z,y) obtained by differentiation of F(x,y) = Gi(z,y)Ga(z,y) for parameters w} =

T

1.5, wy, = 0.15,w} = 0.4, w; = 0.5 is shown in Figure 3.5(a), with the PDFs corresponding
to Oy {Gl (x, y)] and 0y, [Gg(l’, y)] shown in Figures 3.5(b) and 3.5(c). O

The above examples demonstrate that one can construct multivariate CDFs by taking
a product of CDFs defined over subsets of variables in the graph. Having defined the CDN
and presented some basic properties, we will now present the corresponding conditional

independence properties that are implied by the definition of a CDN.

3.2 Marginal and conditional independence properties

In this section, we will derive the marginal and conditional independence properties for
a CDN. We will see that the conditional independence properties for a CDN are distinct
from those of Bayesian networks, Markov random fields or factor graphs. To begin,
we consider a toy example of the marginal independence property for a three-variable
CDN in Figure 3.6, where variables X and Y are separated by variable Z and so are
marginally independent. In a CDN, variables that share no neighbors in the CDN graph

are marginally independent: we formalize this now with the following theorem.

Theorem 3.2.1 (Marginal Independence). Let G = (V, S, E) beaCDN and let A, B C V
be disjoint sets of variables. Then A I B if N(A) NN (B) = 0.

Proof. Since N'(A) NN (B) = 0, we have

F(x) = A];[( Os(xs) I os(x)  TI  @s(xw). (3.16)

) seN(B) $€N(A)UN(B)
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g(x, 2) h(z,y)

Figure 3.6: Marginal independence property of CDNs: if two variables X and Y share no

common function nodes, they are marginally independent.
Marginalizing over all other variables Xy (4up), we obtain

F(xa,xp)=_ lim F(x)

XY\ (AUB) =00

= lim I os(xs) JI os(xs) ds(xs)

XV\(AUB) T iy seN'(B) SES\(N(A)UN(B))

= H lim ¢s (Xs) H lim gbs (Xs) H lim ¢s (Xs)>

sEN(A) NENAT seN(B) NENET SES\W(A)UN(B)) N T
(3.17)
where in the last line we have the used the fact that the limit of a product is equal to
the product of limits. Let

gxa)= I | lim .(x.)

XA (s)\A— OO
sEN(A) NN

hxg) = ] lim  ¢g(x). (3.18)

seN(B) FN(H\BT7O0
Since g, h are products of CDFs, they satisfy the properties of a CDF and so by Lemma
3.1.1, we have II lim ¢s(x;) = 1 and lim g(xa) = lim h(xp) =
seS\(N(A)W(B)) N T rATeo xBTee
1. Furthermore, it follows that F(x4) = lim F(xa,x5) = ¢g(x4) and F(xp) =
XB—00

lim F(x4,xp) = h(xp) by marginalizing away the appropriate sets of variables. Thus,
XA—00
we have F(x4,xp) = F(xa4)F(xp) and so A 1L B. O

Note that the converse to the above does not generally hold: if disjoint sets A and

B do share functions in S, they can still be marginally independent, as one can easily
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construct a bipartite graph in which variable nodes are not separated in the graph but
the function nodes connecting A to B correspond to factorized functions so that A 1L B.

Having derived the marginal independence property in a CDN, we now consider the
conditional independence property of a CDN. To motivate this, we first present a toy
example in Figure 3.7 in which we are given CDNs for variables X,Y,Z W and we
condition on variable Z. Here the separation of X and Y by unobserved variable W
implies X 1 Y|Z, but separation of X and Y by observed variable Z only implies
the marginal independence relationship X 1 Y. In general, variable sets which are
separated in a CDN by unobserved variables will be conditionally independent given all
other variables. We formalize this conditional independence property with the following
theorem.

9(z, 2) h(z,y)

O 208 20

g(w, z

f (@, w) ) h(z,y)
On aln aOn 0

Figure 3.7: Conditional independence in CDNs. Two variables X and Y are marginally
independent given the variable Z that separates X from Y with respect to the graph (top).
When an unobserved variable W separates X from Y, X, Y are conditionally independent given

Z (bottom).
Theorem 3.2.2 (Conditional independence in CDNs). Let G = (V, S, E') be a CDN. For
all disjoint sets of A, B,C C V, if C' separates A from B relative to graph G then

AL BI[V\N(AuBUC). (3.19)

Proof. If C separates A from B, then marginalizing out variables in C' yields two disjoint
subgraphs with variable sets A’, B, with A C A,BC B', AUB' =V \ C and N(4) N
N(B') = 0. From Theorem 3.2.1, we therefore have A’ 1. B’. Now consider the set
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V\NAUBUC and let A, B denote the partition of the set so that

‘=0, BnA =9 (3.20)

From the axioms of conditional independence (Section 2.6.1), A’ 1L B’ implies A L
B|V\(AUBUCQC) since Ac A’ and B C B. O

An illustration of the above proof is provided in Figure 3.8(a). The above theorem
demonstrates that if C' separates A from B with respect to G for disjoint subsets of nodes
A,B,C,then A 1L B[V \(AUBUC().

The conditional independence property of CDNs is in fact identical to the dual Markov

property of [37] for bidirected graphs

Proposition 3.2.3. Let A, B,C C V be three disjoint node sets so that V' \ (AU BUC)

separates A from B with respect to G. Then A I B|C. O

Corollary 3.2.4. Let A, B,C C V be three disjoint node sets so that C' separates A

from B with respect to G. Then A 1L B. O

The corollary is readily proven by noting that V' \ (A U B) separates sets A and B
with respect to G.

In addition to the above, the conditional independence property in a CDN is closed
under marginalization, so that if G is a CDN model for F(x), then there is a CDN for

representing any marginal CDF F(x4) = lim  F(xa,Xy\4).
Xy\A—00

Proposition 3.2.5. Let G = (V, S, E) be a CDN and let A, B,C C V be disjoint sets of
nodes with C separating A from B with respect to G. Let G’ = (V', S’, E’) be a subgraph
of Gwith V' C V8" C S, E' C E. Similarly, let A = ANV B =BnV' . C'=CnV’
be disjoint sets of nodes with A’ C A, B’ C B,C" C C. Then C’ separates A’ from B’

with respect to G'. O
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(b)

Figure 3.8: Example of conditional independence due to graph separation in a CDN. a) Given
bipartite graph G = (V, S, E), node set C separates set A from B (nodes in red) with respect to
G. Furthermore, we have for A’, B’ (nodes in green dotted line) A C A’ BC B, AUB' =V \C
and N (A") NN (B') = () as shown. b) Marginalizing out variables corresponding to nodes in C
yields two disjoint subgraphs of G and so A 1L B[V \ (AU BUC).

As a result, the conditional independence relation A’ L B'|V'\ (AU B’ U C’) must

also hold in G’. The above closure property under marginalization is a property that also
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holds for Markov random fields, but not for Bayesian networks (see [58]).

Proposition 3.2.6. Let G = (V, S, E) be a CDN and let A, B,C C V be disjoint sets of

variable nodes. If C' separates A from B with respect to G, then A I B |w(xc) where

w(Xc) = {XC < Xc}.

Proof. 1f C' separates A from B with respect to G, then we can write

F(xa,xp,%xc) = 9(Xx4,Xc)h(Xp,Xc) (3.21)

for some functions g, h that satisfy the conditions of Lemma 3.1.1. This then means that

F(x4,xplw(x¢c)) is given by

F(x4,xp5,Xc)

F(XA7XB|W(XC)) = F(Xc)

x F(xa4,%xp,%Xc) = g(x4,%c)h(xp,Xc), (3.22)
which implies A L Blw(x¢). O

In the next theorem, we show that if a CDF F(x) satisfies the conditional indepen-
dence properties for a given CDN, then F' can be written as a product over functions

defined over neighboring sets of variable nodes in G.

Theorem 3.2.7 (Factorization property of a CDN). Let G = (V, S, E) be a bipartite
graph. Given a CDF F'(x), suppose F' satisfies all of the conditional independence prop-
erties implied by the CDN described by G (Theorem 3.2.2), so that for all disjoint subsets
of variable nodes A, B C V' and separating sets of variable nodes C' C V' \ AU B which
separate A and B with respect to G, A L B|V \ (AU B U () is satisfied. Then there

exist functions ¢,(x;), s € S that satisfy the properties of a CDF so that the joint CDF

F(x) factors as [] ¢s(xs).

ses
Proof. The proof here parallels that for the Hammersley-Clifford theorem for undirected

graphical models [42]. We begin our proof by defining ¢y (x), (y(x) as functions that
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depend only on variable nodes in some set U C V and that form a Mobius transform

pair
Yu(x) = Y Cw(x) (3.23)
WCU
Cwx) = > (=)Wl (x), (3.24)

where we take ¥y (x) = log F((xy). Now, we note that F(x) can always be written as
a product of functions H ¢u(x) where each function ¢ satisfies the properties of a
CDF: a trivial examplerngthis is to set ¢y (x) = F(x) and ¢py(x) = 1 for all U C V.
Since by hypothesis I satisfies all of the conditional independence properties implied by
the CDN described by G, if we take ¢y (x) = exp (CU(X)), then it suffices to show that
(u(x) = 0 for subsets of variable nodes U for which any two non-neighboring variable
nodes «, f € U are separated by variable nodes in some set C C U \ (e« U ). If U is
such that we can find «, § € U that are separated, then by Corollary 3.2.4, we must have
botha 1L 8| U\ (e« UFUC) and thus a 1 5. Now we can write (y(x) as
Cw(x)= > (=) ey (x)

wWcCcU

= Y () — w0 — Gwua() + dwan(x)). (3:25)

WCU\(aUp)
Since we have a L 3, we have F(z,, 23, Xw) = f(Za,xw)g(xg, xw) for W C U\ (aUp)

and for functions f, g that satisfy the properties of a CDF so that

[ (@, xw)g(ws, Xw)
f(xav XW)Q(oov XW)

F(SL’Q, LL’ﬁ, Xw)
F(:L’a, Xw)
— f(OO, XW)g(ZL'g, XW)
f(OO, XW)g(OO> XW)

wWUauﬁ(X) - wWUa(X) = log = log

= log F(z3,xw) — log F'(xw)

= Ywup(x) — Yw(x). (3.26)

Thus if U is any set where nodes «, f € U are separated by some set C' C U\ (aU[3), then

for all W C U\ (aUf3) we must have Yy (x) —twia(X) —wus(X) +¥wuaus(x) = 0 and so
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Cu(x) = 0. Since F(x) = exp(¢y(x)) = exp (Z CU(X)> = ] ¢v(x) where the product
is taken over subsets of variable nodes U that ar[é not separateUd, and noting that for each
s, variable nodes in A (s) are not separated, we can then substitute ¢y (x) = ¢s(xs) into
the product with U = N(s). Thus we can write F(x) = [] ¢s(x;), where each function

ses

¢, is defined over the set of variable nodes N (s). O

Thus, if F'(x) satisfies all of the conditional independence properties of a CDN, then

F can be written as a product of functions of the form [ ¢,(x,). Theorems 3.2.2 and

3.2.7 show that the conditional independence property Scffs a CDN is equivalent to the

factorization property, so that graph separation of disjoint subsets A and B by set C

implies A L B|V'\ (AU BUC) if and only if F(x) = [] ¢s(xs). The above closure and
ses

conditional independence properties for CDNs have also been previously shown to hold

for bidirected graphs as well, as we will now discuss.

3.3 Cumulative distribution networks as bidirected graphs

The independence properties of CDNs have in fact been studied previously in the statistics
literature. As shown above, the conditional independence property given in Proposition
3.2.3 for CDNs corresponds to the dual global Markov property of [37] (Theorem 2.6.3) in
the context of bidirected graphical models. Furthermore, the connected set property for
CDNs presented in Theorem 3.2.7 is in fact identical to the connected set property of [58],
which was also derived in the context of bidirected graphical models [13, 58, 59]. This
therefore suggests that graph separation in a CDN and a bidirected graph that contains
the same paths between variable nodes implies the same sets of independence statements.
More precisely, in a bidirected graphical model, the lack of an edge between two nodes
and [ implies o 1L 3. Concomitantly, we have shown that in a CDN, two nodes that do

not share any function nodes in common are marginally independent. An example of a
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bidirected graph and CDN that model the same set of marginal independence constraints

is shown in Figures 3.9(a), 3.9(b).

(a) (b)

Figure 3.9: a) A bidirected graph over four variables Xi, X5, X3, X4; b) A corresponding
CDN. Graph separation of nodes in both graphs imply the marginal independence relations

X; L Xy, Xo L X5

Several parameterizations had been previously proposed for bidirected graphical mod-
els. Covariance graphs [37] were proposed in which variables are jointly Gaussian with
zero pairwise covariance if there is no edge connecting the two variables in the bidirected
graph. In addition, [63] proposed a mixture model with latent variables in which depen-
dent variables in the bidirected graph can be explained by the causal influence of common
components in the mixture model. For bidirected graphical models defined over binary
variables, a parameterization was proposed based on joint probabilities over connected
components of the bidirected graph so that the joint probability of any subset of variables
could be obtained by Mo6bius inversion [13]. As we have shown that the above condi-
tional independence properties in CDNs are identical to those for bidirected graphical
models, CDNs supplement the above parameterizations with a class of parameterizations
for bidirected graphical models that are distinct from the parameterizations proposed by
[13, 37, 63].

While the conditional independence properties of continuous variable CDNs are iden-
tical to those of bidirected graphical models defined over continuous variables, in the

case of graphical models defined over discrete variables there is an additional conditional
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independence property that is distinct from the conditional independence properties of
bidirected graphical models. For a CDN defined over discrete variables taking values in
an ordered set X = {ry, -, 7k}, conditioning on the event X = r;1 yields conditional
independence between disjoint sets A, B, C' C V in which C separates A, B with respect

to G. We will define the corresponding min-independence property below.

Definition 3.3.1 (Min-independence). Let X 4, Xp, X be sets of ordinal discrete vari-
ables that take on values in the totally ordered alphabet X with minimum element r; € X
defined asr; < aVa #r;,a € X. X4 and Xp are said to be min-independent given X
if

X4 L X5Xe =11, (3.27)
where 711 =[r; - rq]7. O
Theorem 3.3.1 (Min-independence property of CDNs). Let G = (V. S, FE) be a CDN
defined over ordinal discrete variables that take on values in the totally ordered alphabet
X with minimum element r; € X defined as 1y < aVa #r,a € X. Let A,B,C CV
be arbitrary disjoint subsets of V, with C' separating A, B with respect to G. Then X4

and Xp are min-independent given Xg.
Proof. Since C separates A from B with respect to G, we can write
F(xa,xp,%xc) = ¢(x4,%xc)0(Xp, Xc). (3.28)

The conditional CDF F'(x4,xp|xc = r11) is then given by

P {XA S XA}ﬂ {XB S XB} N {XC = 7“11}
F(xa,xglxc =1r11) = — - . -
P XC:’/’ll

P {XA S XA} N {XB S XB} N {XC S 7”11}

P XC S 7’11
X ¢(XA>T11)¢(XB>T11)7 (329)

and so X4 1L Xp|Xec =m1. O
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Thus, in the case of a CDN defined over discrete variables where each variables can
have values in the discrete poset X', a finite difference with respect to variables X¢,
when evaluated at the vector of minimum elements X = 711 is equivalent to directly
evaluating the CDF at X = r11. Thus CDNs defined over discrete variables admit an
additional set of rules for assessing conditional independence between sets of variables
than those for bidirected graphs defined over discrete variables. This means that in the
case of models defined over ordinal discrete variables, the particular set of conditional
independence relationships amongst variables in the model is determined as a function
of the ordering over possible labels for each variable in the model, so that one must
exercise care in how such variables are labelled and what ordering is satisfied by such
labels. The above conditional independence property demonstrates however that CDNs
defined over discrete variables can be used to construct probability distributions which
naturally admit conditional independence relationships amongst model variables which

are a function of variable configurations in the model.

3.4 Converting a cumulative distribution network to a
factor graph

The connection with bidirected graphical models also allows us to establish a rule for
converting between CDNs and factor graphs. In particular, [58] established rules al-
lowing one to convert from a bidirected graphical to a canonical DAG model via the
introduction of additional latent variables and directed edges. The resulting probability
model obtained from marginalizing out these latent variables can be shown to satisfy
the same set of conditional independence properties that result from graph separation
in the original bidirected graph (see Figures 2.6(a), 2.6(b)). This transformation rule
thus allows one to explain the presence of statistical dependence relationships between

observable variables in the CDN through the causal influence of shared latent variables
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in the corresponding factor graph. We can take advantage of the connection between
bidirected graphical models and directed graphical models to construct a corresponding
factor graph for a CDN in which we introduce additional latent variables into the prob-
ability model. Any probability modeled by this factor graph must satisfy the same set
of independence constraints implied by graph separation of variables in the CDN. We

present the corresponding representation theorem below.

Theorem 3.4.1 (Factor graph representation for a CDN). Let G = (V, S, E) be a CDN
and let A, B,C C V be any disjoint subsets of nodes in G with C separating A from B
with respect to G. For each s € S, let Y, be a latent random variable corresponding to
function ¢, and let Y, = {Y; : s € N(a)} be a vector of such latent random variables
corresponding to functions connected to node o in G. Let Y = {Y; : s € S} with
Y, L Yy Vs # s and let Yy be the vector of variables {Y; : s € N(U)} for some
subset of variable nodes U. Let G’ = (V', S’, E’) be the factor graph modelling the joint
probability density function

P(x,y) = [[ P(xalya) [T P(ys)- (3.30)

aeV seS

with V' = (V| S) and S’ = V. Then for any disjoint subsets A, B,C C V where C sep-
arates A from B with respect to G, the probability density P(x) obtained by marginal-

izing the probability P(x,y) modeled by G’ with respect to the variables Y satisfies
ALl BV\(AUBUCOQ).

Proof. We begin by noting that by hypothesis, there is a one-to-one correspondence
between the latent variables in the factor graph and the function nodes in the CDN
and there is also a one-to-one correspondence between observable variable nodes V' in
the CDN and the factor nodes in the factor graph. Thus each latent variable Y; has
neighboring factor nodes f, for @ € N(s) in the factor graph G'.

If C separates A from B with respect to G, then removing nodes in C' from G by

marginalizing out the corresponding variables yields at least two disjoint subgraphs with
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node sets A, B', with AC A BC B, AUB =V\Cand N(A)NN(B)=0. In G,
we must therefore have Y N'Yp = (). The probability density P(xy\¢,y) modeled by

the factor graph G’ with variables X marginalized out can then be written as

P(XV\07Y) :/ P(XQ’) dxc
Xc

=1 Pw) Il Plzalya)

seS acV\C
:( 11 P(ys)) [T Plaalys) 11 P(ys)( II P(Iﬁlyﬁ))
sEN(AY) acA’ sEN(B’) BeB’
= fa(xXa,ya)fo (X, yB) (3.31)

for some functions far, fp'. Thus the conditional probability P(x4,Xp|Xv\(aupuc)) must

have the form

P(xa,Xp|Xv\(auBuc)) X P(Xa, X5, X1\ (auBUC))

<<\

XV\C>

= fA’(XA’aYA’ dy ar / e XB’aYB’) dy g
Y ar YB

= fa(xa,xana) f5(X5, Xp75B) (3.32)

for functions fa, f5, where in the last line we have used A C 4’, B C B'. Since ANB’ = 0,

the above is equivalent to A L B|V \ (AU BUC). O

Thus for any given CDN, there exists a factor graph that can be obtained by mapping
each variable node in the CDN to a factor node in the factor graph and each function
node in the CDN to a latent variable in the factor graph. We then connect each factor
node f, to its corresponding observable variable node o and all latent variable nodes
Y, whose CDN function nodes are connected to « in the CDN. Finally, we set each
factor f, to be equal to the conditional probability P(z,|y,) under the joint probability
P(x,y). By doing so, if A, B, C' are disjoint sets of variables where A is separated from

B by C with respect to G, then any joint probability P(x) obtained by marginalizing
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over variables Y in the joint probability P(x,y) modeled by the corresponding factor
graph G' = ((V,.9), S, E') will satisfy A 1L B[V \ (AU BU (). We note that the set of
conditional independence relationships amongst variables in the CDN are not preserved
in the construction if we set the factors f, to be arbitrary functions of neighboring
variables. Figures 3.10(a), 3.10(b), 3.10(c) provide examples of a CDN, a factor graph
and a Bayesian network in which any joint probability modeled by any of the three
graphical models must satisfy the same set of conditional independence relationships
between variables X7, Xo, X3, Xj.

In the above construction, the CDN models the CDF F'(x) corresponding to a proba-
bility P(x,y) with latent variables Y marginalized out. Often, the cost of marginalizing
out latent variables in probability density functions can be difficult and may require
approximation schemes such as that of [50] or the use of sampling techniques [53]. The
representation theorem suggests that CDNs can be used to directly construct models over
observable variables without the need to explicitly introduce latent variables and then
marginalize these out of the model. Equivalently, one can view CDNs as directed graph-
ical models with latent variables implicitly marginalized out, so that we are left with a
probability model defined over the remaining observable variables. Note however that the
above theorem does not guarantee uniqueness of the CDN-factor graph pair, nor does it
always yield a closed-form mapping between CDN functions and factors. As a result, the
CDF F(x) modeled by the CDN and the probability P(x,y) modeled by the factor graph
are related by P(x) = / P(x,y) = 0« [F (X)] The above representation theorem merely
guarantees the existencz of a CDN-factor graph pair for which graph separation in the
CDN imply the same set of conditional independence relationships between observable
variables in the factor graph model. There is however a particular closed-form mapping
between a CDN and factor graph in the special case where variables in the CDN are
constrained to be maxima of latent variables in the factor graph. We formalize this in

the following lemma.
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- o o O B

()

Figure 3.10: a) A CDN defined over observable variables X7, X5, X3, X4; b) A factor graph
with latent variables Y7, Ys introduced and factor nodes neighbouring observable variable nodes
are set to conditional probabilities conditioned on the latent variables; ¢) The corresponding
directed graphical model. Any joint probability modeled by any of three graphs satisfies the

marginal independence relations Xo 1L Xj.

Lemma 3.4.2. Let G’ be the factor graph for modelling the joint probability density

function

P(x,y)= ][ 5<xa, ma(x ys> 1T s (vs), (3.33)

aeV ses

where 15(ys) > 0 Vys € R. Then the corresponding CDF F'(x) obtained by marginalizing
out variables Y is given by the CDN G = (V, S, E) for

=11 %(éﬂ/\% a:a) (3.34)

ses
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with ¢s(u) = [ ¥s(t) dt and ¢(00) = [Z, vs(t) dt = 1.

Proof. This is a special case of the previous lemma with P(z,|y.) = 0 <l’a, mj\zfmgc) ys) and
seN (a

P(ys) = vs(ys). If we write the joint CDF of variables X,,a € V', then we obtain

F(x) =P| Naev {Xa < 2o} | =P| Naev {s:én/\éfl(};)y; < Za}| =P Naev ﬁsEN(a){Y; < 7.}
=P| N, Y, < min z,}| = IP{Y; < min z,
€s { aeN(s) } 3139 aeN(s)
=11 ¢S(a£%ré ) :ca>, (3.35)

ses

where we have used mutual independence of the Y, variables in the second to last line. [

The above theorem allows us to view CDNs of the form of Equation 3.34 as graphical
extreme value distributions where each observable variable X, in the model is equal to
the maximum over some finite subset of latent variables Y;. The graphical modelling
framework of CDNs thus allows one to model the set of statistical dependence relation-
ships between observable variables under the constraint that the observable variables are

equal to the maxima of subsets of latent variables, as we will now show with an example.

Example 3.4.1 (CDNs as graphical extreme value distributions). An example of an
extreme value distribution is the Gumbel distribution [21], which is the limiting distri-
bution of a maximum of an infinite number of random variables. Such distributions
arise frequently in applications in many fields, such as in finance and climate modelling.
Extreme value distributions allow us to model variables as being the result of comput-
ing the maximum of many random variables. As a result, such distributions typically
possess heavy tails, as opposed to many other distributions (e.g.: Gaussians, Poisson,
exponential distributions) in which tails decay exponentially.

In particular, the extreme value distributions which arise in practice are typically
multivariate and can be therefore be challenging to specify. If we model the statistical

dependence relationships between latent variables and observable variables as a factor
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graph as per Lemma 3.4.2 and if we assume the latent variables Y; in the factor graph
are Gumbel-distributed, so that the functions ¢,(y,) take the form of Gumbel cumulative

distribution functions

¢s(ys) = exp (— exp ( _ %)) Yy, € R, (3.36)

then the CDN provides a graphical representation for a multivariate Gumbel distribution,

as we now show.

Theorem 3.4.3 (Graphical Gumbel distributions). Let the latent variables {Y;}scs be
Gumbel-distributed so the marginal CDF of Y is given by Equation (3.36). Then the

CDN functions are each given by multivariate Gumbel distributions of the form

1

S exp < _Ta T “St)] E) (3.37)

a€eN(s) Ts

a€eN(s) t—oo

Ps(xs) = ¢s< min xa> = lim exp (— [

and the joint CDF is given by the multivariate Gumbel distribution

Y exp ( —— “St)] 1) . (3.38)

aeN(s) S

F(x) = [] éu(x.) = lim exp ( -y [

seS ses

Note that the CDN functional form for ¢,(x,) is a generalization of the bivariate

Gumbel distribution [21] with correlation coefficient n = 1 — 0.

Proof. We begin by noting that mj\ifr(l)xa can be written as
ac/N (s

1
min x, = hm ——1lo exp | — x,t 3.39
aeN(s) t & ae%(s) P ( ) ( )

so that

( . Lo — Ns)
Z —exXp| — min
aEN(s) Og

ses

1 a — Ms
= exp (Z—exp(—tlirgo—glog > eXp<_ To — [ t))
seS

a€eN(s) Ts

1
= lim exp (—Z [ > exp(—xa_'ust>] ) (3.40)
feo s€S | aeN(s) Ts

I iy, ) =

ses
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The CDN thus provide a graphical framework with which one can construct multivari-
ate extreme-value distributions in which additional statistical dependence relationships

can be modeled between variables in the model.

Another consequence of the use of graphs to model CDFs is that notions of orderings
of variables can be specified in terms of local functions in the graphical model. We will

now describe this in the following section.

3.5 Stochastic orderings in a cumulative distribution net-

work

The CDN, in providing a graphical model for the joint CDF over many random vari-
ables, also allows one to easily specify stochastic ordering constraints between subsets of
variables in the model (Section 2.2). Using the graphical framework of CDNs, we can
specify such constraints for variables X4, X5 by constraining the appropriate neighbor-
ing function nodes for the variable node sets A and B in the CDN. We will focus here
on first-order stochastic ordering constraints [43, 62] of the form X <Y and how one
can specify such constraints in terms of the CDN functions in the model. We note that
such constraints are not a necessary part of the definition for a CDN or for a multivariate
CDF, so that the graph for the CDN alone does not allow one to inspect stochastic or-
dering constraints based on graph separation of variables. However, the introduction of
stochastic ordering constraints, in combination with separation of variables with respect
to the graph, do impose constraints on the products of CDN functions, as we will now

show.

Proposition 3.5.1. Let G = (V, S, F) be a CDN, with A, B C V sothat A = {ay, -+ ,ax}

and B = {3, -, Bk} for some strictly positive integer K. Let t € R¥. Then A, B sat-
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isfy the stochastic ordering relationship X4 < Xp if and only if

11 lim  @s(upnsna, baena) =[] lim  ds(unns: tane)  (3.41)

seN(a) N ENATE seN(B) NPT

for all t € R¥.

The above can be readily obtained by marginalizing over variables in V' \ A,V \ B
respectively to obtain expressions for F'(x4), F'(xp) as products of CDN functions. The
corresponding ordering then holds from Definition 2.2.2 if and only if Fx ,(t) > Fx,(t)
for all t € RE.

A direct corollary of the above proposition is that we can enforce pairwise stochastic

ordering constraints of the form X, < Xj, which we will now present.

Corollary 3.5.2. Let G = (V, S, E) be a CDN in which functions satisfy Lemma 3.1.1
and let o, 6 € V be two variable nodes in G. Then the stochastic ordering relationship
Xo = Xj is satisfied if and only if

lim s t,u s)\a > lim s t’u s 3.42
SJ\_/[(Q) uN(s)\a—>oo¢ (t, un(s)\a) SJ\_/I(B) UN(S)\ﬁQOOCb (t, Wnr(s)\8) ( )

for all t € R.

The above corollary can be readily obtained by marginalizing over variables in V'\
a, V'\ B respectively to obtain expressions for F'(z,,), F'(z3) as products of CDN functions.
The corresponding ordering then holds from Definition 2.2.2 if and only if F,, (t) > F,(t)

for all t € R.

3.6 Discussion

We have presented the CDN and sufficient conditions on the functions in the CDN in
order for the CDN to model to a CDF. We have shown that the conditional independence
relationships that follow from graph separation in CDNs are different from the relation-

ships implied by graph separation in Bayesian networks, Markov random fields and factor
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graph models. The conditional independence properties of CDNs however include those of
bidirected graphs, so that CDNs provide a parameterization for such models. For ordinal
discrete random variables, an additional independence property called min-independence
holds in which two disjoint sets of variables A and B are conditionally independent of
one another if one observes all variables in set C' being equal to the minimum element of
the poset.

We presented a representation theorem that allows us to construct a factor graph with
additional latent variables such that any probability obtained by marginalizing out the
additional latent variables satisfies the same conditional independence relationships that
follow from graph separation of nodes in the CDN. We demonstrated that the mapping
from a CDN to a factor graph is generally not one-to-one and generally does not admit a
closed-form expression relating the CDF modeled by the CDN to the probability modeled
by the factor graph. In the special case in which observable variables are constrained
to be equal to the maxima of latent variables in the factor graph, this mapping is one-
to-one and admits a closed form. This then allows us to construct CDNs as graphical
extreme value distributions in which variables in the model correspond to the maxima
over independent latent variables. Finally, we have shown how one can enforce stochastic
ordering constraints amongst variables in the model through constraining products of
CDN functions.

Having defined the CDN and having presented theorems on conditional independence
in CDNs and on converting between a CDN and a factor graph, in the next chapter we

will turn to the problem of inference and how to efficiently compute probabilities.



Chapter 4

The derivative-sum-product algorithm

In the previous chapter, we showed that within the context of a joint CDF, we could com-
pute conditional probabilities of the forms F'(x4|w(xp)), F'(x4|xp) and P(x4|w(xp)), P(x4|Xx5),
in addition to probabilities of the type P(x4), F'(x4). In Bayesian networks, Markov ran-
dom fields and factor graphs, computing such conditional CDFs would generally require
us to integrate over variables, which may be an intractable operation requiring sampling
methods or approximation schemes. However in a CDN, computing such conditionals
is comparatively easier, as we can compute the relevant quantities by differentiating the
joint CDF'. In this chapter we will show that if we model the joint CDF using a CDN
with a tree-structured graph, then we can derive a class of message-passing algorithms
called called derivative-sum-product (DSP) for computing derivatives efficiently in CDNs.
Throughout this chapter, we will assume that the sufficient conditions for the CDN func-
tions ¢s(x;) hold in order for the CDN to model a valid joint CDF (Lemma 3.1.1). We
will further assume that the derivatives/finite differences of CDN functions ¢4(xs) with
respect to all subsets of argument variables exist and that Proposition 2.1.7 holds for
each function ¢, so that the order of differentiation does not affect the computation of
any mixed derivatives of functions in the CDN. In the case where we are differentiating

with respect to a set of variables X that are observed with values x¢, we assume that

70
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the resulting derivative/finite difference is evaluated at the observed values xc. In the
case where we are given a function G(x) defined over a single ordinal discrete variable
x € X with X = {rog,r, - ,ry_1} and 1o < ry1--+ < ry_1,7; € R, we define the finite

difference of G with respect to x, evaluated at = as

G(ro) if z=rg

84G(a?)} :{ G(ri) — G(ri-y) ifzx=mr,i=1-- N-1 “1)

4.1 Differentiation in cumulative distribution networks

We first consider the problem of finding the marginal cumulative distribution F'(z,,) for
particular variable X,. We note that in the CDN, marginalization is a simple procedure
that involves maximization with respect to the variables in the network, so that if we let
F(x) = F(za,xva) = ] ¢s@axnvepne) I da(x), (42)
sEN () s¢N(a)
then the marginal CDF for X, is given by
F(z,)=_lim F(za,xna) = [[ ¢s(@a,00) [ ¢s(c0) = [] ¢s(@a,00). (4.3)
A seN(a) SEN (@) sEN(a)

Thus for any z,, we can obtain any distribution of the type F'(x4) in time O(|S||V]) by
taking the product of limits of functions XN(})igl_)oo Gs(Ta, Xpr(s)\a) = Ps(Ta,00). Further-
more, from Theorem 2.1.4, we can compute any conditional cumulative distribution of
the type F'(xa|w(xp)) in the same fashion by marginalizing the joint CDF over variables
in V'\ AUB. Note that the above marginalization contrasts with the problem of exact in-
ference in density models, where potentially intractable marginalization operations must

be performed locally for each variable node in order to obtain the desired marginals.
Although obtaining marginals in the CDN is relatively simple, computing probability
distributions of the form F(xa|xp), P(xa|w(xp)), P(x4|xp) and P(x4) is more involved.

We have seen previously that in order to compute conditional CDFs, we must compute
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corresponding higher-order derivatives with respect to these observed variables. For-
tunately, computing derivatives is generally tractable compared to the marginalization
operation in probability densities. Since the factorization of the joint CDF modeled by
a CDN consists of a product of local functions ¢,(x;s), the intuition here is that we can
distribute the differentiation operation to local function nodes in the graph such that
each one computes the derivatives with respect to local variables and passes the result
to its neighbors. Our derivation here is analogous to the derivation for the sum-product
algorithm, but with the summation operator replaced by the differentiation operator.
To begin, let G = (V, S, E) be a tree-structured CDN and suppose we wish to compute
the joint probability P(x) and evaluate it at observation x. We note that we can root

the graph at some node o and we can write the joint CDF as

F(X): H TS(XTS“)a (44)

where x.. denotes the vector of configurations for all variables in the subtree 73 rooted
at variable node v and containing function node s (Figure 4.1), and T} (XTg) corresponds
to the product of all functions located in the subtree 7.

Now suppose we are interested in computing the probability

P(x) = 0, [F(x)} — ax[ 11 T(x)] (4.5)

seN(a)

Here, we take advantage of the fact that the graph has a tree structure, so that

e ] ]

seEN (a seEN (o)

where we have introduced the set of functions ps_.q(X) = pts—a (ng), each defined by

foalX) = () = O[T )| (47)

and we have assumed that each of the derivatives/finite differences have been evaluated
at the desired values X;a\o. By its definition, ji,_.(x) only depends on variables in the

subtree 7 and corresponds to the higher order derivative of the joint CDF with respect
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Figure 4.1: Example of the subtrees 77, 75 for a tree-structured CDN given by the graph G.

to variables in the subtree 7%\ . We can thus view the function u,_(x) as a message
being passed from function node s to neighboring variable node a.
We can now write T (ng) as a product of functions owing to the tree structure of
the graph G, so that
Ty(xre) = 0u(taxniona)  II T (XT5>= (4.8)
BEN (s)\x
where Xrs denotes the vector of configurations for all variables in the subtree 75 that is
rooted at function node s and contains node 3 (Figure 4.1), and T is the product of all

functions in the subtree 75. Substituting Equation (4.8) into Equation (4.7), we obtain

(4.9)

,us—ux(x) = Ms—a (XTSO‘> = ang\a ¢s(xa> XN(S)\O!) H Tﬁ (X'rg)
BEN (s)\a

= 8}(/\/(5)\& Qbs ($a7 X/\/'(s)\a) H 8x75\ﬁ [Tﬁ (XTE)]] (4.10)

BEN (s)\a

— 8}{/\/(8)\& ¢S (J;aa XN(S)\CV) H ,U’,B—>s (XT5>] 5 (411)
BeN(s)\a
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where we have defined the message pg_s(x) = 15— (XTE> from variable node g to
neighboring function node s. Similar to the definition for ps_.,(x), the message pz_s(x)
only depends on variables in the subtree 75 and corresponds to the higher order derivative
of the joint CDF with respect to variables in the subtree 75\ 3.

Finally, to compute the message f15—.5(x) from variable node § to function node s,

we can write each of the functions 7} (XTE‘) as a product such that

Ty (x5) = 8/@1}6)\8 Ty (x{/), (4.12)

where Ty is defined identically to T above but for function node s’. Substituting this

into the expression for ps_s(x) in Equation (4.11) yields

Hos(X) = On... s [Tﬁ(ng)] = II o, [TS, (XTQ)} (4.13)
’ SEN(EN\s :
= II #osx). (4.14)
SEN(B)\s

Thus, to compute messages from variables to functions, we simply take the product
of all incoming messages except for the message coming from the destination function
node. As in the sum-product algorithm, variables with only two neighboring functions
simply pass messages through unchanged. We see here that the process of differentiation
in a CDN can be implemented as an algorithm in which we pass messages p,_s from
variables to neighboring function nodes and messages (5., from functions to neighboring
variable nodes. Messages can be computed recursively from one another: we start from
an arbitrary root variable node a and propagate messages up from leaf nodes to the
root node. As in the sum-product algorithm, leaf variable nodes o’ send the message
to—s(X) = 1 while leaf function nodes ¢4(x,) send the message pis_.o(X) = ds(xor).
The message-passing algorithm proceeds until messages have been propagated along

every edge in the network and the root variable node has received all incoming messages
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from the remainder of the network. Once all messages have been sent, we can obtain
the probability of the variables in the graph from differentiating the product of incoming

messages at the root node «a, so that

P@>=am[11 mﬁaw} (4.15)

seN(a)

To illustrate the above message-passing algorithm, consider the following toy example.

Example 4.1.1. Consider the toy example of a CDN over four random variables U, X, Y, Z

from Figure 4.2. The joint CDF is given by F'(u, z,y, z) = g(u,x,y)h(y, z). Let Z be the

@i;@i@ﬂt@

Figure 4.2: Flow of messages in the toy example of CDN defined over variables X, Y, Z,U.

root node so that X and U are leaf nodes. Then the messages from leaves to root are

given by

pix—g(x) =1

fu—g(u) =1

- (030, ) = Due 911, 2, s () ()|
py —n(Y; u, ) = pgy (y; u, )

Mh—>Z(Z; u,x, y) = ay [h(y> Z)ILLY_)h/(y7 u, ZL')] )

where derivatives are computed at locally before being propagated to the next node in

the graph. Figure 4.2 shows the flow of the above messages.

Once we have propagated messages from the leaf nodes to the root node, we can
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evaluate the joint probability P(u,z,y,z) = 0. [,uh_)z(z; u, T, y)} at the root node so that

Pu,,y,2) = 0- :/~Lh—>Z(Z§ u, , y)} =0. [83, [h(y, )y —n (Y3 u, $)H
=0, :&J [h(y, 2) gy (Y3 U, $)H
= 0. [0, (9 2)00 90, 2, )1y —ofw)]
= Oryo [g(w z,y)h(y, Z)]

= Opy 2 [F(u, x,Y, z)] (4.16)

The above example illustrates the fact that if the graph topology is a tree, then
the message-passing algorithm yields the correct mixed derivatives with respect to each
variable in the CDN so that we obtain the joint probability P(x) at the root node «

according to Equation (4.15).

4.2 Inference in cumulative distribution networks

Thus far we have presented an algorithm for computing derivatives of the joint CDF
in order to obtain the joint PDF/PMF P(x). In this section we will demonstrate the
correspondence between computing higher order derivatives and the problem of inference
in a CDN. The relation between differentiation and inference in CDNs is analogous to the
relation between marginalization and inference in factor graphs. Thus, just as the sum-
product algorithm allows one to compute distributions of the type P(x4|xp), message-
passing in a CDN allows us to compute conditional distributions of the form F'(x|xp)
and P(x4|xp) for disjoint sets A, B C V.

In order to compute conditional distributions of the above types, we will assume
that when computing a conditional distribution such as F'(xa|xp) or P(xa|xp), we

have P(xp) = Ok,

F (XB)} > 0. Now consider the problem of computing the quan-

tity F'(x4|xp). We can write this as
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(xalx5) o [F(XA’XB)] e [F(X)} o [xV\(llurgwooF(X)
F XA XB g — _
O [F(XB)] xv{iBIEOO O [F(X)} Ok [ lim F(x)
Xv\B—>oo

: (4.17)

Xy \(AUB) 0

X Oxp [ lim  F(x)

so that by combining the operations of taking limits and computing derivatives/finite
differences, we can compute any conditional probability of the form F(x4|xp). To com-
pute the conditional CDF for any variable node in the network, we can pass messages
from leaf nodes to root and then from the root node back to the leaves. For any given
variable node, we can then multiply all incoming messages to obtain the conditional CDF
for that variable, up to a scaling factor. We will now demonstrate this principle using

the previous toy example CDN.

~(.’E, ) h %4
D=+ =D=%=0

Figure 4.3: Flow of messages in the toy example CDN of Figure 4.2 with variable U marginal-

ized out in order to compute the conditional CDF F(y|z, z).

Example 4.2.1. Consider the toy example of a CDN over four random variables U, X, Y, Z
from Figure 4.2. Suppose we wish to compute F'(y|x, z) = uh_)ngo F(u,y|z, z). This is equiv-
alent to message-passing in a CDN defined over variables X, Y, Z with U marginalized

out (Figure 4.3) so that g(x,y) = Jim g(u, z,y). Thus the message updates are given by

pv-al®) = 1, iz () = 8 gy —alo)] = 8 [al,v)]

paen(2) = L ey (4:2) = 0. Bl Dzon(G)] = 0w 2) ] (419)
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Once we have computed the above messages, we can evaluate the conditional CDF

F(y|x, z) at node Y as

F(y|z,z) = p—y (y; 2 ZM-&/(%Z) _ - [h(y,z)E [g(I y)] (4.19)

Note that the normalizing constant Z can be readily obtained by computing

2 = lim 0. |h(y. 2)| 00 |3(0,9)| = Du | i by, 2)i(r. ) (4.20)
so that
(ol s) - Par Doy (2) O o 2)onlate | Jim 0ty )]0 0 .0
2 O e R T

Oz [ lim F(u,z,y, z)}
= i . (4.21)
O [ulzjgnoo Flu,z,y, z)}

The above example shows that the message-passing algorithm can be used to com-
pute conditional CDFs of the form F(x4|xp), up to a normalizing constant Z. We
can readily obtain distributions of the type and P(x4|xp) from F(x4|xp) by comput-
ing Ox, [F (x A|XB)] using the above message-passing scheme and then multiplying mes-
sages together to obtain conditional CDFs. We note that computing the normalizing
constant Z can be viewed as the result of message-passing in a CDN in which the vari-
ables X4 have been marginalized out in addition to variables Xy 4up and then evalu-

ating the resulting messages at the observed values xp. Equivalently, one can compute

Z = leaxlgloo 8,; B

F(XA,XB)] after message-passing with only variables in V' \ (A U B)

marginalized out.
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4.3 Derivative-sum-product: A message-passing algorithm
for inference in cumulative distribution networks

Equations (4.11) and (4.14) together define the set of messages that allow us to compute
the higher order mixed derivative of the joint CDF. Because the fundamental operations
required for message-passing consist of differentiation/finite differences, sums and prod-
ucts, we will refer to the corresponding class of algorithms as the derivative-sum-product
(DSP) algorithm. For CDNs defined over discrete variables, the DSP algorithm is shown
in Table 4.1. As can be seen, for graphs defined over discrete variables, the DSP algo-
rithm is analogous to the sum-product algorithm with the summation operation replaced
by a finite difference operation. While the DSP algorithm for discrete variable networks
has the same order of complexity as the sum-product algorithm, the required complexity
increases for CDNs defined over continuous variables. For such models, we are required
to invoke the product rule of differential calculus in order to express these messages in
terms of the derivatives of CDN functions and combinations thereof. To this end, we
can define two additional sets of messages A\,_s(x) and A\;_,(x) that correspond to the
quantities 0, [,ua_)s(x)} and 0y, [,us_)a(x)} respectively. We first derive the expression for
Aa—s(x) by applying the product rule of differential calculus to Equation (4.14), bearing

in mind that each of the messages fis_.o(X) = fts—a (ng) depends on variable X,. This

yields
)\s’—m X
Aams(x) = O, [MH(X)} — 0, [ 11 Ms,w(x)] () Y Do)
s'eN (a)\s s'eN(a)\s ’usl_)o‘(x)
(4.23)

In order to derive the general expressions for i, _.s(X) , Aa—s(x), we first note that for
any two differentiable multivariate functions f(x), g(x), the product rule for computing
the higher order derivative of a product of functions is given by

019 = X . [S3)| oy 93] (121

yaly
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In the context of computing messages fis_.o(X), As—o(X) from Equation (4.11), applying

the above product rule yields

,Us—ux(x) - axN(s)\a [QSS(IOU XN(S)\a) H ,Uﬁ—>s( )]

BEN (s)\ex

S SR MRCS] [ ) TESWESIRN ) P YRNCY (4.25)

BCN(s)\a BeB BEN (s)\{aUB}

Aeval) = 0, [t

- Z axB T [¢s Xs

BCN (s)\«

H :uﬁ—ns H )‘ﬁ—w(x)a (426)

BeB BEN(S)\{auB}

where we have made use of the tree-structure of the CDN to write the derivative of a
product of messages as a product of derivatives of the messages. The above updates
then define the DSP algorithm for CDNs defined over continuous variables, with a total
of four sets of messages defined solely in terms of the CDN functions, their derivatives
and linear combinations thereof. The message-passing algorithm for continuous CDNs is

summarized in Table 4.2 and is illustrated in Figure 4.4.

4 ‘s(x)

w‘

/l \‘Q(J()

Figure 4.4: a) Computation of the message from a function node s to a variable node «; b)

Computation of the message from a variable node « to a function node s.

We see from Table 4.2 that the DSP algorithm grows exponentially in complexity
as the number of neighboring variable nodes for any given function increases, as the
updates at function nodes require one to perform a sum over all subsets of neighboring

variables. However, in many cases the computational complexity will be tractable for
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sparser graphs, as demonstrated by the following example.

1k (%) fr41(X)
/\k(x) )\k+1 (X)

—O—+—0©

bk (Thy Thy1)

Figure 4.5: The DSP algorithm for a chain-structured CDN with continuous variables.

Example 4.3.1 (Derivative-sum-product on a linear first-order chain CDN). Consider
the CDN defined over K continuous variables such that the joint CDF over these variables
is given by

F(x) = 1:[ Ok (ks Tht1), (4.28)

k=1
so that the variable nodes are connected in the chain-structured graph shown in Figure

4.5. In this case, the DSP messages can be written simply as
:U’k—l-l(x) = Hop—Xpi1 (X)

= 0y, [ask(a:k,zm) 1(%) + Op(p, T M(x), k=1, K —1

>‘k+1(x) = >‘¢>k—>Xk+1 (X)

= O | 010 714) 1 0) + Do [ 1 ) M), R =T K,

(4.29)
Example 4.3.2 (Sampling from a cumulative distribution network). We can further
take advantage of the derivative-sum-product algorithm for generating samples from the
CDF modeled by a CDN. We can proceed as follows: arbitrarily select a variable in the
model, say X;. Then, generate a sample z] from its marginal CDF F(x;) (obtained
by marginalizing out all other variables). Given 7, we can then proceed to generate
samples for its children by marginalizing out all other unobserved variables and then
sampling from the conditional distribution F'(z3|x}). We can continue this way until we

have sampled a complete configuration x* = [z}, ,2%]. The algorithm for sampling

from the joint CDF modeled by a CDN is then given by
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e Pick a sampling ordering X, Xo, -, Xk,

e For variable X;, k=1,---, K, compute

F(xy, - ,xp) = lim F(xy, -+ ,xp, Tpyq -+, Tx)- (4.30)

LTp+41," K —00

e Sample z} from

axh-“,xkfl [F(xlv T ,[L’k)]

lim Opy ooy s |:F('r17 e Jk)]

F(zg|zy, - apq) = (4.31)

P
From the above we see that if the CDN has a tree structure, then we can compute
the conditional CDFs F(xy|xy, - ,zx_1) exactly via DSP. In the case of a CDN with
cycles, we can always convert it to one with a tree structure by clustering variables and
corresponding function nodes, as can be done in the case of factor graphs [41]. This
generally incurs an increase in function node complexity, but with the benefit of being
able to sample from the joint CDF defined by the CDN and not from an approximation

thereof.

4.4 Complexity of inference in cumulative distribution
networks and factor graphs

What is the relative computational complexity of message-passing in a CDN as compared
to message-passing in a factor graph constructed using the procedure described in The-
orem 3.4.17 When both the CDN and factor graph are defined over discrete variables,
message-passing in either the CDN or graph will have similar computational complexity.
This can be seen from the construction of the factor graph using the procedure outlined
in Theorem 3.4.1, where we add a latent variable for each function node in the CDN
in addition to a factor node for each variable in the CDN. However, for certain CDNs,

the addition of latent variables in the factor graph will require additional computations



CHAPTER 4. The derivative-sum-product algorithm 83

(a) (b)

Figure 4.6: Comparative cost of inference in a) a CDN and b) a factor graph using DSP and
sum-product. The DSP algorithm here requires less floating point operations due to a simplified
graphical model for the joint probability over observable variables (blue nodes), whereas sum-
product requires additional computations due to the introduction of additional latent variables

(red nodes).

in order to propagate all messages, whereas the CDN model for the joint probability
will have fewer variables in the graph and so may simplify the number of computations
needed. As a simple example of this, consider the following example of a CDN defined

over discrete variables and its factor graph obtained from Theorem 3.4.1.

Example 4.4.1. Consider the CDN and the factor graph that are related according to
Theorem 3.4.1 and are shown in Figure 4.6(a) and 4.6(b), where both models are defined
over |S|+1 ordinal discrete random variables, where |S| is the number of functions in the
CDN graph. Suppose we are given a set of observed configurations for the model variables,
which we will denote by x € X!Vl and suppose we then wish to compute all messages
in the sum-product and DSP algorithms in the factor graph and CDN respectively. For
ease of discussion, suppose that x > 0 so that min-independence does not hold in the
CDN and so the joint probabilities modeled by the two graphs satisfy identical sets of

conditional independence relationships amongst model variables.

Now let Y = {Y; : s € S} denote the set of latent variables introduced in the factor

graph according to Theorem 3.4.1 and let Y, = {Y, : s € N(«)}. The joint probability
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P(x,y) modeled by the factor graph can then be written as

P(X>Y) = H ( xa|ya H P ys) = H fa(xocaya)> (4'32)

acV seEN (o) acV

so as to not introduce additional factor nodes into the factor graph model for P(x,y).
Suppose the state space of all discrete variables in the model is L. In order to compute
all messages in the CDN, one needs to perform L multiplications for each function node
in order to multiply an incoming message with the function node and L subtractions per
function node in order to compute the finite difference. When considering messages being
passed in both directions, this yields a total of 2-|S|- L multiplications and 2-|S|- (L —1)
additions, as finite differences require only L — 1 subtractions and a subtraction has the
same computational cost as addition. However, in the case of the corresponding factor
graph, if we assume that observable variable nodes pass the message pio_s(z,) = 1, the
total number of multiplications then increases to 4 - (|S| + 1) - L and the number of
additions becomes 3-(|S|+1)- L in order to compute all messages in the graph. Thus by
constructing a more compact model in the form of a CDN, one can reduce the number
of additions and multiplications required in order to compute messages as compared to

the amount of computation for the corresponding factor graph.
For graphs defined over continuous variables, the comparison becomes less straight-

forward, as computational complexity will be dominated both by graph connectivity and
the complexity of differentiation/marginalization for the CDN and the corresponding
factor graph. In the case of DSP, the computational complexity will be dominated by
the number of neighboring variables for each function node in the CDN, as the DSP
update at a function node requires one to sum over all subsets of neighboring variables.
However, in the case of sparsely-connected tree-structured CDNs, it will be possible to
compute P(x) exactly with relatively low computational cost via DSP, whereas doing
this in the corresponding factor graph may require either approximating the messages
using methods such as expectation propagation [50] or the use of Markov Chain Monte

Carlo sampling methods [53]. In general, the CDN will have the advantage of containing
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only observable variables, whereas in a factor graph one will have to marginalize out
additional latent variables, despite the fact that one has the freedom to select the latent

variables to be either continuous or discrete with many possible numbers of states.

4.5 Discussion

We have presented the derivative-sum-product algorithm for computing derivatives in a
CDN. We have shown that the algorithm is an analog of the sum-product algorithm in
factor graphs, so that for tree-structured graphs the algorithm yields exact derivatives
of the joint CDF. For graphs defined over continuous variables, the DSP algorithm can
be implemented through two sets of messages in order to compute the higher order
derivatives of the joint CDF. While we have presented the DSP algorithm for computing
derivatives given a set of CDN functions, we have not addressed here the issue of how to
learn these CDN functions from data. A possible method would be to run DSP to obtain
the joint PDF and then maximize this with respect to model parameters. Another issue
we have not addressed is how to perform inference in graphs with cycles: an interesting
future direction would be to investigate exact or approximate methods for doing so and
connections to methods in the literature [50, 53] for doing this in traditional graphical
models. We will further discuss these issues in the concluding chapter.

Having defined the CDN and having described the DSP algorithm, we will now pro-
ceed to apply both of these to the general problem of learning to rank from examples.
As we will see, the ability to model a joint CDF using a graphical framework will yield

advantages in both representation and computation for this class of problems.
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e For each leaf variable node o/ and for all function nodes s € N (a’), propagate

to—s(x) = 1. For each leaf function node with function ¢(z,/ ), send the messages

Hs—a’ (X> = ¢s($a’)-

e (Messages from variables to functions) For each non-leaf variable node v and neigh-

boring function nodes s € N'(a),

fa—s(X) = H [hs'—a(X).-

s'eN(a)\s

e (Messages from functions to variables) For each non-leaf function node s and neigh-

boring variable nodes a € N (s),

/JLS_MJ‘(X) = 8}{_/\/‘(5)\& ¢S(XS) H /’LIBHS(X) °
BEN (s)\ex

e For root node o € V', pass messages from « to leaf nodes according to above.

e For each node av € V, compute the conditional CDF F(z4|xy\a) as

F(zalxva) < [ ts—a(x) (4.22)
seN(a)

Table 4.1: The derivative-sum-product (DSP) algorithm for inference in a CDN defined over

discrete variables.
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e For each leaf variable node o/ and for all function nodes s € N(a’), propagate
Hor—s(X) = Aw—s(x) = 1. For each leaf function node with function ¢s(z. ), send

the messages jls—q/(X) = @s(Tar), Asmar (X) = Oz, [qbs(xa/)}

e (Messages from variables to functions) For each non-leaf variable node v and neigh-
boring function nodes s € N'(a),
fa—s(X) = H [s'—a(X),
s'eN(a)\s

)\S/_W (X)
Aamss(X) = O, [:Ua—w(x)} = fla—s(X) Z T (w)
s'eN(a)\s 'usl_’o‘(x)

e (Messages from functions to variables) For each non-leaf function node s and neigh-

boring variable nodes a € N (s),

H pa—s(X H Ag—s(X),

BeB BEN(S)\{aUB}

poal®) = 3 O |0(x)

BCN (s)\«

M%) = O o)

= > Oxpa {@ xs} IT o—s(x)  TI  Ao—s(x):

BCN (s)\« BeB BeN (s)\{aUB}

e For root node o € V', pass messages from « to leaf nodes according to above.

e For each node o € V, compute the conditional CDF F(x,|xy\a) as

F(zq|xy\a) H fs—a(X) (4.27)
sEN (o)

Table 4.2: The derivative-sum-product (DSP) algorithm for inference in a CDN defined over

continuous variables.



Chapter 5

Learning to rank with cumulative

distribution networks

In this chapter, we will apply CDNs and the DSP algorithm to problems of structured
ranking learning in which the goal is to learn a model for ranking objects from many
examples of orderings. In such applications, the CDF arises as a probability measure
defined over multiple inequality events of the form X < x with various statistical depen-
dence relationships between events. The problem of structured ranking learning therefore
consists of constructing a ranking model using training data whereby we wish to account
for the structure, or the presence of statistical dependence relationships, between model

variables.

Here we will demonstrate the advantage of modelling a joint CDF using the graphical
modelling framework provided by CDNs, whereby we will be able to A) simplify the
modelling of large CDFs, B) model both the notion of ordering and statistical dependence
relationships between variables in the model and C) perform computations for inference
and estimation in a tractable fashion. Before we proceed, we will first review some

additional concepts and techniques that will be used throughout the chapter.

88
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5.1 Background

5.1.1 Ordinal regression

In many domains, one is faced with the problem of estimating multinomial variables that
can each take one of a finite number of values in some discrete set X' = {ry,--- ,rx} for

some integer K. Such multinomial variables can then be distinguished as being of the

type

e Nominal, or categorical, so that the set X does not admit an ordering of variable

values.

e Ordinal, so that the set X admits a total ordering over variable values of the type

r= e < TK.

An example of a nominal variable is music type, such as X = {rock, electronica, jazz}
and an example of an ordinal variable is a grading scheme X = {A, B, C, D} so that the

possible variable values satisfy the total ordering D < C' < B < A.

In ordinal regression, the goal is to predict a discrete variable y € {ry,--- ,rg} given
a set of features x, where r; < --- < rg are an ordered set of labels. Unlike the general
problem of multiclass classification in which variables to be predicted are nominal, output
labels in the setting of ordinal regression are not permutation-invariant and so any model

for the problem should account for the orderings of the output variable values.

One model for performing ordinal regression is the cumulative model [48], which relates
an input vector x to an ordinal output y via a function f and a set of cutpoints 0(r;) <
-+ < f(rk) along the real line R so that y = 7 if 0(ry—1) < f(x) + € < 0(rg), where

¢ is additive noise and we define 6(ry) = —o0,8(rk) = oo (Figure 5.1). If P(e) is the
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probability density function from which the noise variable € is drawn, then we can write

P[y = rk} = P{H(m_l) < f(x)+e< H(Tk)]
=P{0(r—1) — f(x) < e} N {e < O(r) — F(x)}]
= Fe(0(ri-1) = f(x)) = Fe(0(rx) = f(x)), (5.1)

where F, = F'(e) is the corresponding cumulative distribution function for P(e). The
above equation defines a likelihood function for a given observed pair (x,y), so that the
cutpoints 0(ry) and the regression function f(x) can subsequently be estimated from
training data by maximizing the likelihood function with respect to the cutpoints 6(ry)

and the regression function f(x).

X
o X3 6(1) 0(2)
= /\ y=1 | y=2 | y=3
X9 @, A {—
A fx) | fGxa) | fixs)

Figure 5.1: An illustration of the ordinal regression model. A given point has label y = ry if

O(rk—1) < f(x)+ € < 6(ry), where € is a noise variable.

5.1.2 Nadaraya-Watson estimators

Suppose we are given some finite sample D of pairs (x,,y,) for n = 1,--- | N, where

yn € R is related to x,, € R via

Yn = f(Xn) + €n (5.2)

and E[e,] = 0. A popular method for estimating f(x) is the Nadaraya-Watson estimator,

which we define below.
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Definition 5.1.1 (Nadaraya-Watson estimator). The Nadaraya-Watson estimator [52,

67] is the following function f(x) obtained from samples (X, yy):

Z K(X7 X”)yn
oo =4
Z:l K(x,x,)

; (5.3)

where K is any kernel function.

Thus, the estimate of the function value f(x) at x consists of a weighted sum of
sample values y,, where the weights are given by the kernel function K(x,x,). The
kernel function can be chosen from a broad class of kernels: in this thesis we will focus

primarily on Gaussian kernels of the form

1
K(u,v: A) = exp ( — S(u—v) A - v)> (5.4)
for some bandwidth matriz A. In the simple case where A = diag(ay,--- ,ar) is diagonal
with ¢, >0, L =1,---, L, we have

K(u,v;A) = 11:[ K (uy,vy; a1) = exp ( — %;al(ul — 01)2), (5.5)

where q; are bandwidth parameters that determine the smoothness of the resulting esti-
mator. An example of such an estimator for discrete labels y, with a Gaussian kernel for
one-dimensional inputs z,, is shown in Figure 5.2, where the Gaussian kernel is defined
by a single bandwidth parameter a. For a more thorough discussion of the properties of

such estimators, we refer the reader to [52, 67].

5.1.3 Gradient-based methods for learning

In statistical machine learning, the problem of learning a parametric model from data
D is usually formulated as a problem of optimizing some loss functional £(8;D) of the
model with respect to some parameter set @ under some possible constraints on 6. Given

a finite sample D = {D;,---, Dy} and under the assumption that samples are drawn
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Figure 5.2: Synthetic data generated from an ordinal regression model whereby y, = k if
Ok —1) < f(zn) +2¢ < (k) for k = 1,---,10 and O(k) = k for k = 1,---,9 and 0(0) =
—00,0(10) = oo, where the function f(x) = 10sin?(0.82) + 10sin(0.1z) and € is a Gaussian
random variable with zero mean and unit variance for n = 100. The Nadaraya-Watson estimator
f (x) is shown in blue, with a single bandwidth parameter a selected by cross-validation using
squared loss £(a) = 3, (yn — f(zn;a))?. The true function f(z) is shown as the black dotted

line.

independently from some probability distribution, the loss functional can often be ex-

pressed as

L(0;D) = 3 L(0;D,), (5.6)

n=1

where £(0; D,,) is the loss incurred on data sample D,,. Assuming that a (sub-)gradient
VL of the loss functional £(0;D) can be computed and evaluated at each data sample
D,,, the problem of learning can then be solved by iterative gradient descent methods
in which we begin with an initial estimate for @ and then iteratively update 6 using
the (sub-)gradient VL. We will now proceed to describe two classes of such learning
algorithms that are often used: the reader is encouraged to refer to [6] for a more detailed

discussion.
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Batch gradient descent methods

In batch gradient descent methods, one iteratively updates the parameter vector 8; at
iteration t of the algorithm for ¢t =1,--- ,T using the rule
N

0,.1=0,—n Zl VoL(0;D,), (5.7)
where the learning rate or step size n > 0 determines the amount by which 6 is updated.
Batch gradient descent methods have been widely studied and have been shown to con-
verge to some local optimum of the loss functional provided that 7 is small enough. Note
that each update above requires us to compute the gradient Vo£(0; D,,) for each data
sample D,, and then sum each of these gradients over the entire dataset D in order to
perform one update of the parameter vector €. This requires storing all data samples at
runtime, which may become impractical for large datasets. A fast and efficient alternative

is to perform updates using only one data point at a time, as we will now show.

Stochastic gradient descent methods

In the stochastic gradient descent method, one iteratively updates the parameter vector

0,, using the rule
Ot—i-l :Ot_nveﬁ(ean)a n:]-> aN7 t=1,--- >N (58)

We can also repeat the above rule for several epochs or passes through the training data
samples. Thus, instead of summing over the entire training set D and then performing an
update, one cycles through the data samples one by one and computes the gradient for
any given sample in order to performs a single update. In contrast to the batch method
for gradient descent, this does not require us to store the entire training set in memory,
allowing for a smaller memory footprint and fast updates that depend only on individual
data samples. Two further advantages of this approach are that the stochastic nature of

the updates may allow us to avoid local minima of the function being optimized, and that
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the algorithm is able to find optima faster than the batch method if there is sufficient
redundancy in the data. For example, if one had a dataset consisting of M replications
of a smaller dataset, the batch method would require M times more computations to
find the optima, whereas the stochastic gradient descent method may require far fewer
computations to reach the optima. However, depending on the size of the training set,
several passes through the training data may be required.

We will now proceed to apply the framework of CDNs to the problem of ranking by

considering the problem of learning to rank in multiplayer team-based gaming.

5.2 Application: Learning to rank in multiplayer team-

based games

In this section, we will consider the problem of learning to rank in multiplayer team-based
games, where one observes the scores achieved by several interacting players over many
games t = 1--- T in which players interactively compete for higher ranks in groups, or
teams, that can change with each game. For any given game, players compete in teams
so that at the end of each game, each player will have achieved a score as a result of
actions taken by all players during the game. For example, these player scores could
correspond to the number of targets destroyed or the number of flags stolen depending
on the game objectives, so that a higher player score reflects a better performance for
that player and for the given game objectives. Here we will define a game I'; as a triplet
(Py, 1, Oy), where P, C P is a subset of the set P of all players and 7; is a partition
of P; into sets corresponding to teams for game Ty, so that if 7, = {7;},--- | T,V} then
there are N teams for game I'; and player k € P; is assigned to team n for game I
if and only if k¥ € 7,". For example, a game involving six players labelled 1,2,3,4,5,6
organized into three teams of two players each could correspond to P, = {1,2,3,4,5,6}

and 7, = {{1,2},{3,4},{5,6}}. Without loss of generality we will label the teams in a
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game by n =1,--- , N where each team corresponds to a set in the partition 7;.

In addition to the above, we will denote by O, the outcome of a game that consists
of the pair (xp,,r7;), where xp, € Rl is a vector of player scores for game I'; and the
set ry, is defined as an ordered set of team performances, or set of ranks for each team.
Such ranks are obtained by first computing the sum of the player scores for each team
n =1,---, N, and then ranking the teams by sorting the resulting sums. We will refer
to these sums in the sequel as the team scores t,,. An example of this for the previous
example of a game with six players assigned to three teams is xp, = [30 12 15 25 100 23],
so that r; = {2, 1, 3} is an ordered set of team rankings. We will also denote by
x, € RI%"l as the vector of player scores for team n in game I';. We note at this
juncture that the above definition for a game outcome consists only of player scores and
team performances, although one could extend the definition outcome to include other
player-specific features such as stamina and speed. Furthermore, the team rankings are
a function of unweighted sums of player scores: although there is no reason a priori
to weight the scores of players differently for determining the rank of a team, one could
extend the above scheme for determining team rankings to weight player scores according

to player type or player-specific features.

Given the above, the goal is to construct a model that will allow us to predict the
outcome O, of the new game before it begins, given P, and previous game outcomes
O1,--+,0;_1. In particular, we wish to construct a model that will minimize the number
of mis-ordered teams according to the set of team performances ry, for game I';. Here,
the probability model for the given game should account for the team-based structure of
games, so that the team performances for any game are determined by individual player
scores in that game and a game outcome is determined by the ordering of team scores
and not simply an ordering of individual player scores. We will demonstrate here that
the graphical framework of CDNs makes it straightforward to model both the notion

of ordering of variables in the model as well as statistical independence relationships
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amongst these variables. In particular, the model we will construct here will be amenable

to exact inference via the DSP algorithm.

5.2.1 Previous work

Recently, [23] presented the TrueSkill™ algorithm for skill rating in Halo 2™ whereby
each player k € P, is assigned a probability distribution over latent skill variables sy,
which is then inferred from individual player scores over multiple games using the expec-
tation propagation algorithm for approximate inference [50]. Learning of the TrueSkill™
model thus consists of applying expectation propagation to a factor graph for a given
game in order to update probabilities over player skills. An example of such a factor
graph is shown in Figure 5.3. In TrueSkill™ the factors connecting team-specific nodes
to one another dictate a constraint on relative differences in the total player scores be-
tween teams, while factors connecting player nodes to their team-specific nodes enforce
the constraint that the team score is determined by the sum of player scores. Finally,
for teams n,n + 1, there is a difference variable H,, ,,+; and a corresponding factor which
declares a tied rank between two teams if the difference between the two team scores

is below some threshold parameter. Having described the TrueSkill model, we will now

proceed to describe an alternate model formulated using the framework of CDNs.

5.2.2 A cumulative distribution network

for modelling multiplayer game outcomes

Here we will examine a model for multiplayer game outcomes that will be modeled
using a CDN. The model will be designed on a game-by-game basis in which the team
assignments of players for a given game determines the connectivity of the graph G for
the CDN. In contrast to this formulation, in our model the team variables will correspond

to the ranks of teams: we will call such variables team performances and denote these
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Player skill levels

Player scores

Team scores

Team score
differences

Figure 5.3: The TrueSkill™ factor graph for a particular Halo 2™ game involving three
teams with two players each with the team scores T} = t1,T5 = tg, 15 = t3 with 1 < to < t3 so
that team 3 here achieved the highest total of player scores. The variables Hyo, Ho3 correspond
to differences in team scores which determine the ranking of teams, so that teams n and n + 1
are tied in their rankings if the difference in their team scores is below a threshold parameter.
Here, P, = {1,2,3,4,5,6} and 7; = {{1,2},{3,4},{5,6}}. Latent variables correspond to
nodes in red and observed variables correspond to nodes in blue. Each player k = 1,2,3,4,5,6
is assigned a skill function that reflects the distribution of that player’s skill level Sj given
past game outcomes. Each player then achieves score X} in any given game and team scores

T,,n =1,2,3 are then determined as the sum of player scores for each team.

as R, for team n in order to contrast these with the team score variables T, in the
TrueSkill model. Our model will account for player scores X, for each player k € P; in
the game, the team performances R, for each team n =1,--- N in the game and each
player’s skill S, which is a random variable that influences that player’s score for the
given game. For any given game, R, will be determined as the sum of the player scores
for team n, and then sorting the resulting sums so that R, corresponds to the rank of
team n. The set of team performances rz, will be given by the joint configuration of the
R, variables for that game. The goal will then be to learn a distribution over player skills

Sk given previous game outcomes. We will design our model according to two principles.



CHAPTER 5. Learning to rank with cumulative distribution networks 98

First, the relationship between player scores and team performances is modeled as being
stochastic, as player scores vary from one game to the next and team assignments change
from one game to the next, so that given knowledge of the players in that game and their
team assignments, there is some uncertainty in how a team will rank once the game is
over. Second, team performance variables depend on those of other teams in the game,
so that each team’s performance should be linked to that of other teams in a game.
The CDN framework allows us to satisfy both desiderata in the form of modelling
constraints on the marginal CDFs for variables in the model. To address the first point, we
will require a set of CDN functions that connect player scores to team performances. Here
we will make use of the cumulative model presented in Section 5.1.1 that relates a linear

Tx on inputs x to a single output ordinal variable y € {ry,--- ,rp} so

function f(x) =w
that Ply = r/] = Pl0(ri—1) < f(x) +e < 0(r)] = Fe(0(r) — f(x)) = Fe(0(ri1) — f(x)),
where € is an additive noise variable and 0(rg),--- ,0(ry) are the cutpoint parameters of
the model. Equivalently, we can write Ply < r| = Ple < 0(r;) — f(x)]. In the context
of a multiplayer game, the set of inputs x will consist of a set of player scores for a
given game. Thus, we learn a set of cutpoints 0(rg) < --- < 6(rr) once using all of the
games in the training data set. The above regression on team performances treats team
performances as being independent: thus, we can use the CDN framework to augment the
above parametric model in order to account for statistical dependencies between multiple
team performances in any given game.

We will model multiplayer games using a CDN in which players are grouped into

teams and teams compete with one another. If there are N teams for any given game,

then we can assign a CDN function g, for each team such that

Gn(Xn,n) = /

— 00

Xn

F(Q(rn); 17, 02)P(u) du, (5.9)

where F’ (G(Tn); 17y, 02) is a cumulative model relating input player scores to output team

performance, 1 is a vector of ones so that the regression function in the cumulative model

T

is given by f(x) = 1'x and x,,, are the player scores and team performance for team
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n. Furthermore, 6(r,) are “cutpoints” that define contiguous intervals in which r,, is the
ranking for team n based on that team’s performance and P(u) is a probability density
over the vector of player scores u. In order to set these cutpoints, we solve the ordinal
regression problem in which for any given game and for a given team n, f(x,) = 17x,
and the output variable is the team performance r, € {ry,--- ,r.}. We then solve the
ordinal regression problem using all of the teams in all games in the training data set
in order to obtain cutpoints 0(rg),---,0(ry), where we treat each team’s ranking r,
as being mutually independent for the purpose of estimating the cutpoints. Once the
cutpoints have been estimated, we will model the distributions F (G(Tn); 17y, 02), P(u)

in Equation (5.9) as

F(@(rn); 17, 02) = CI)(H(rn); 17y, 02), (5.10)

P(u) = Gaussian(u; ul, o*I). (5.11)

To address the fact that teams compete in any given game, we model ordinal relation-
ships between team performance using the notion of stochastic orderings (Section 2.2), so
that for two teams with team performances Ry, Ry, Rx = Ry if Fr,(t) > Fg, (t)V 1t €
R, where Fg,(-), Fg, (-) are the marginal CDFs of Rx, Ry. This then allows us to design
models in which we can express differences in team performances in the form of pairwise
constraints on their marginal CDFs. We note at this juncture that while it is possible to
model such stochastic ordering constraints between variables using directed, undirected
or factor graphs, doing so introduces additional constraints that are likely to increase
the difficulty of performing inference under such models. In contrast, the CDN frame-
work here allows us to explicitly specify such stochastic ordering constraints, in addition
to allowing for tractable computations in the resulting model. In particular, although
the R, variables are a deterministic function of the sum of player scores, it is easy to
specify orderings amongst the R,, variables whilst modelling them as being stochastic

using the framework of CDNs. By contrast, it will generally be more difficult in terms
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of computation and representation to enforce constraints of the type [rn < Tn—l—l} for
R, =1y, Rys1 = mpy in a directed /undirected /factor graph model.
For the proposed CDN model, given N ranked teams, we can thus define N — 1

functions Ay, 541 so that

(s ret) = cp( AN ],2), (512)
where

2 2
2o

and 7, < 7,11 so as to enforce R, = R,.; in the overall model. While the use of
stochastic ordering constraints is admittedly weaker here than the use of deterministic
constraints such as r, < r,.1, the use of stochastic constraints here simplifies model
specification. Finally, we will use a skill function si(xj) for each player k to model
that player’s distribution over game scores given previous game outcomes. The player
performance nodes in the CDN will then be connected to the team performance nodes
via the above CDN functions g, and team performance variable nodes R,, are linked to
one another via the above CDN functions Ay, ;,41.

The above functions and model variables jointly define the CDN for modelling multi-
player games. An example is given in Figure 5.4(a) for a game with three teams and six
players. One can readily verify from the CDN of Figure 5.4(a) that for the above model
and for any given game, the stochastic ordering relationship Ry < Ry < -+ = Ry as
defined above is enforced by marginalizing over all player scores in the CDN.

It is instructive to convert the CDN to both a factor graph and a Bayesian net-
work in order to understand the assumptions being made by the proposed CDN model.
If we apply the representation theorem from Chapter 3 (Theorem 3.4.1) to the pro-
posed CDN by introducing latent variable nodes S,k € P;, G,,n = 1,--- N and
H,,+1,m=1,---,N—1for each CDN function in the model, we obtain the factor graph
shown in Figure 5.4(b) and the directed graphical model in Figure 5.4(c). The corre-

sponding factor graph representation of the CDN provides us with some insight about
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Player skill ~ $1(21) s2(z2)  s3(x3) sa(zs) s5(x5) s6(z6)
functions

92(23,T4,T2) g3(z5, 6, 73)

91(1,T2,71)

hia(r1,72) has(r2,73)

Team
performances

Figure 5.4: Graphical models for the player and team performances in a game of Halo 2™ for
three teams with two players each. Latent variables correspond to nodes in red and observed
variables correspond to nodes in blue. Each player k = 1,2, 3,4, 5, 6 achieves score X in a match
and team performances R,,,n = 1,2, 3 are determined as the sum of player performances for each
team. a) A model for the Halo 2™ game represented as a CDN; b) The corresponding factor
graph for the CDN in a) with latent variable nodes introduced according to the representation

theorem; ¢) The corresponding directed graphical model.
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the assumptions being made using the CDN model. For example, in the factor graph,
each S; variable corresponds to a variable for player k’s unobserved skill level. The
H,, ,,+1 variables can be interpreted as pairwise draw margin variables, or the expected
pairwise difference in team performances. The G,, variables can be interpreted as team-
specific performance modifiers that impacts both team and player-specific performances.
Comparing to the TrueSkill™ factor graph of [23] shown in Figure 5.3, we see that the
CDN models the generative process describing player and team performances differently,
though the the Sy and H,, , 1 variable nodes are present in both factor graphs and model
similar relationships between observable variables in the model. We can further glean
insights about independence assumptions being made by the CDN by viewing the di-
rected graphical model corresponding to the factor graph obtained above (Figure 5.4(c)).
In particular, we can see that graph separation in the CDN do not imply conditional
independence of player skill nodes, whilst in the TrueSkill™ factor graph, player skills
are separated from one another by all observed variable nodes and so are conditionally
independent given all observed variables.

Having presented the CDN for modelling multiplayer games, we will now proceed to
describe a method for predicting game outcomes in which we update player skill functions

after each game using message-passing.

5.2.3 Ranking players in multiplayer games

using the derivative-sum-product algorithm

Here we will apply the DSP algorithm from Chapter 4 in the context of ranking players in
multiplayer games with a team structure, where the problem consists of jointly predicting
multiple ordinal output variables. It should be noted that while it may be possible to
construct similar models using a directed, undirected or factor graph, the CDN allows us
to simultaneously specify both ordinal and statistical independence relationships amongst

model variables while allowing for a tractable inference algorithm.
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In order to compute the DSP messages using the above CDN functions, we must
compute the derivatives of all CDN functions. Since all of our functions are themselves
Gaussian CDFs, the derivatives Oy, {qﬁs(xs)} can be easily evaluated with respect to vari-

ables X 4 as

Ox 4 {(I)(X; uw, E)} = Gaussian(xA; Has EA)éD(XB; g, f}B), (5.13)

where
XA Mg X4 Xan
X = , — , E: ’ ,
ol ]l w

Bp=pp+ Ei,BzZl(XA — ),
Sp=3p—%) ;51" S4s.

Thus the message computations in the CDN are given by the updates shown in Tables 5.1,
5.2 and 5.3. We ensure that each message is properly normalized by locally computing
the constant Z = Zh_)rgo u(z) for each message and multiplying each message pair p, A by
Zz-1

Having described the above CDN model for multiplayer games, we would like to
then estimate the player skill functions si(xy) for each player k from previous games
played by that player. Denote by the set T, C {1,---,T} the set of games in which
player k participated. We then seek to estimate si(zy) for player k given previous team
performances ry;,t € T}, and player scores for all other players xp,\;, for all games ¢ € T}
in which player k participated. Denote by O;* the outcome of a game with the player
score for player k removed from xp,. We will define the skill function si(xy) for a player

to be given by
() = F ({07 her, ) = TT F(alO7®) (5.14)

teTy,

The above expression for the skill function si(xy) for player k corresponds to the con-

ditional distribution F’ (:)sk|{(9t_ k }teTk> given all past games played by player k with the
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e Initialize for each player score node Xj:

o —gn (Tr) = Sk(Tr),

AXy—gn (Tr) = O, {Sk(zk)].

e Pass messages from function node g, to team performance node R,, for neighboring

player nodes X,,, n =1,---, N:

o @30 = 0 galr)| T sxmnnla) T A @)

5,t| X UX =Xy, Jl1X;eXs JlIX;€Xs
X NX:=0
WRINCESEIID DI A PACHUSI I | (7S | VR CE
8,t|XSUXt=Xn j‘XjEXS j|Xj€Xt
X NX:=0

o Set fih, ,,—r,(TsX) = A, ,—r,(r,x) = 1 for n = 1. Pass messages from team
performance node R,, to neighboring team performance nodes R, ; and function

nodes hy, 41 forn=1,--- N:

MR7L_’hn,n+1 (r7 X) = /”Lhnfl,n_’Rn (r7 X)/”Lgn_)Rn (r7 X)?
)\anhn,n+l (r7 X) = )\hnfl,n_’Rn (r7 X)/’Lgn_’Rn (r7 X)

_'_ Iuhnfl,n_’Rn (r7 X))\gann (r7 X)7

/”Lhn,n+1_’Rn+1 (r7 X) = /"LRn_’hn,n+1 (r7 X)arn h'nyn'f‘l(rn? /rn“l‘l)

+ )\Rn—>hn7n+1 (I', X)hn,n-i-l(rn) /rn-i-l))

)\hn,n+l_’Rn+l (r7 X) = /’LRn—’hn,nJrl (r7 X>8Tn77‘n+l |:hn7n+1(,rn7 TTL+1>

+ )‘Rn—>hn,n+1 (I‘, X)arn+1 [hn,n—i-l (Tm Tn-i—l)

Table 5.1: The DSP algorithm for updating player ranks. Messages are ensured to be properly

normalized locally by computing the constant Z = lim p(z) for each message and multiplying
zZ— 00

the message pair u, A by 271
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o Set fin, i1—r, (T,X) = A, 1R, (r,Xx) = 1 for n = N. Pass messages from team
performance node R,, to neighboring team performance nodes R, _; and function

nodes hy,_1, forn=1,--- N:

HRy—hn 1 (FsX) = fh, 01— R, (T, X) g, — R, (T, X),
ARyt 1,0 (T:X) = Ay i1 =R (T, X) g, — R, (T, X)
+ Hhnns1—Ra (T, X)Ag, — R, (T, X),
Py 1 =Ry (T, X) = [Ry—hy_ 1, (T, X)0r, |:hn—1,n(rn—17 Tn)]
+ ARn—hn1 (T X) M1 (Tim1, 7))
Mt s (8 X) = 18, (6300, [Pt (P, )|

_'_ )\anhnfl,n <r7 X)a"‘nfl |:hn_17n(7’n_1, T”):| .

e Pass messages from each team performance node R,, to neighboring function nodes

In:

/"LRn—>gn (r7 X) = /’l’hnfl,n_’Rn (r7 X)/’l’hn,nJrl_’Rn (r7 X)’
)\Rn_’gn (r? X) = )\hnfl,n_’Rn (r? X)/”Lhn,n+1_’Rn (r? X)

_'_ II"Lh7L71,n—>Rn (r7 X))\hn,n+l—>Rn (r7 X)

Table 5.2: The DSP algorithm for updating player ranks (cont’d). Messages are ensured to
be properly normalized locally by computing the constant Z = Zlinolo u(z) for each message and

multiplying the message pair u, A by Z71.
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e Pass messages from function nodes g, to neighboring player score nodes Xj:

[gn—x;, (T, X) = > T mx—g () TT Ax—ga(z;)

5, XsUX e =Xn\ X}, j|X,;€Xs JlIX;€Xs
X NX:=0

~ (&S 90000 ) | A (03) + O [ 9 G5 )

/"LRn—>gn (r7 X)) Y

Agn—x, (T, X) = > T mx—g () TI Ax—ga(z;)

5, XsUX e =Xn\ X}, j|X,;€Xs JlIX;€Xs
X NX:=0

: <8X5755k {gn (Xn, Tn)] )‘Rn—>gn(rv X) + ax57xk77"n [gn (Xn, Tn)] /LRn—wn(rv X)) .

e For each player score node Xy,

HXp— sy, (I‘, X) = Hgn—X;, (I‘, X),

)‘Xk—>8k (I‘, X) = )‘gn—>Xk (I‘, X)'
e Update player skill functions sj(xy) using the multiplicative rule

sk(Tr) < sk(Tr) g, —x, (X, T).

Table 5.3: The DSP algorithm for updating player ranks (cont’d). Messages are ensured to
be properly normalized locally by computing the constant Z = Zlirélo u(z) for each message and

multiplying the message pair pu, A by 271
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assumption that team performances and player scores are independently drawn from
CDFs F(rg,xp,) for t = 1,---,T. The skill function s, can then be readily estimated
by the DSP algorithm, since each game outcome is modeled by a tree-structured CDN.
More precisely, we first initialize si(x;) = ®(x4; i, 3%). For each game I'; we can per-
form message-passing to obtain the conditional CDF F(z4|O0; %) = pg,—x, (rz, Xpok)
for player k (assuming the message ji4,_.x, has been properly normalized as described
above) and then perform a multiplicative update sy (zx) < sg(2) g, —x,- The skill func-
tion si(xg) can then be used to make predictions for player k’s scores in future games.
We will proceed in the next section to apply the model and the above inference procedure

2TM

to the problem of modelling Halo games.

5.2.4 The Halo 2™ Beta dataset

The Halo 2™ Beta dataset (v1.1)! consists of player scores for four game types (“Head-
ToHead”, “FreeForAll”, “SmallTeams” and “LargeTeams”) over a total of 6,465 players.

The descriptions for each of the four game modes are given below.

e HeadToHead: 6227 games/1672 players, one player competing against another

player

e FreeForAll: 60022 games/5943 players, up to eight players playing against each

other

e SmallTeams: 27539 games/4992 players, up to four players per team, two competing

teams

e LargeTeams: 1199 games/2576 players, up to eight players per team, two competing

teams

LCredits for the use of the Halo 2™ Beta Dataset are given to Microsoft Research Ltd. and Bungie.
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To construct the above CDN model, we set the cutpoints 6(r,) in the above cumula-
tive model using ordinal regression of team ranks on team performances for all games
in the training set. We initialized all player skill functions to sp(zz) = @ (zx; i, 3?).
The set of parameters {u, p, 3,0} in the CDN model was set based on test error to
{25, -0.95, 20, 0.25} for “HeadToHead”, {50, —0.2, 10, 0.2} for “FreeForAll”, {20, —0.1, 10,
0.027} for “SmallTeams” and {1,—0.9,1,0.01} for “LargeTeams” game modes. For each
of these game modes, we applied the DSP algorithm as described above in order to obtain
updates for the player skill functions sy (zx). An example of such an update at the end

of a game with four competing players is shown in Figure 5.5.

Player 1 Player 2 Player 3 Player 4
performance=55 performance=58 performance=59 performance=61

— —
X X
~ ~—
Al (2]
D, D,
x x
3= 3}

0 40 80 O 40 80 O 40 80 O 40 80
X X X X

0[5, (X)]

9,8, (x)]

Figure 5.5: An example of derivative-sum-product updates for a four-player free-for-all game,

with the derivative of the skill functions before the updates (blue) and afterwards (red).

Before each game, we can predict the team performances using the player skills learned

sk(zx)|. For each game, the set of team perfor-

thus far via the rule z), = arg max Or,
mances is then defined by the ordering of teams once the game is over, where we add
the predicted player scores together xj, for each team and sorting the resulting sums in
ascending order. For any predicted set of team performances, an error is incurred for that
game if two teams for that game were misranked. One can then compute an error rate
over the entire set of games for which we make predictions about team performances.

A plot showing the average prediction error rate obtained for the above CDN models
over five runs of DSP is shown in Figure 5.6(a). It is worth noting that our choice of

multivariate Gaussian CDFs as CDN functions in the above model requires that we use a
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sampling method in order to evaluate the CDN functions, so that the error bars over the
five runs are shown. In addition, Figure 5.6(a) also shows the error rates reported by [23]
for TrueSkill™ and ELO [14], which is a statistical rating system used in chess. Here,
we see that the ability to specify both ordinal relationships and statistical dependence
relationships between model variables using a CDN allows us to achieve higher predictive

1™ which requires approximating the true posterior dis-

accuracy than either TrueSkil
tribution over team performances, or the ELO method, which does not account for the
team structure of multiplayer games. As an additional comparison, we performed infer-
ence under the TrueSkill™ factor graph model for the “FreeForAll” and “LargeTeams”
game modes by sampling from the model using the Metropolis-Hastings (MH) algorithm
where the minimum number of samples per player per game was set to be 1000. The
average error rate achieved by the MH algorithm over three independent runs of sam-
pling for the “LargeTeams” games was 28.58% =+ 0.011%), which is nearly the error rate
achieved by the DSP algorithm for this same task. Note however that the amount of
computation required to achieve this error rate was significantly larger than that required
by the DSP algorithm for the same task using a machine with 12 GB of RAM and two
2.8 GHz dual-core AMD Opteron CPUs (Figure 5.6(b)). We also found that the rejection
rate in the sampling procedure was extremely high when sampling from the model for
“FreeForAll” games, so that the MH algorithm failed to generate over 1000 samples from
the stationary distribution after over three weeks of computation. These results suggest
that while the TrueSkill™ model can provide a good model for game outcomes in mul-
tiplayer games, the cost of performing exact inference under the model will generally be
prohibitive. In contrast, our results suggest that the CDN model provides a model under
which exact inference can be performed at a fraction of the computational cost required

to perform exact inference in the factor graph model.
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Figure 5.6: a) Prediction error on the Halo 2™ Beta dataset (computed as the fraction of
team predicted incorrectly before each game) for DSP, ELO [14] and TrueSkill™ [23] methods.
Error bars over five runs of DSP are shown. b) Average runtime per game for “LargeTeams”
games using MCMC sampling in the TrueSkill™ factor graph and using the DSP algorithm

in the proposed CDN model. Errorbars are shown for three independent initializations of each

algorithm.

5.2.5 Discussion

In this section we presented a model and method for learning to rank in the context

of multiplayer team-based games such as Halo 2™, Our model represent both statis-
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tical dependence relationships and notions of orderings of variables in the model such
as team performances and individual player scores. We then used the DSP algorithm
from Chapter 4 to compute conditional CDFs for each player’s score. Comparisons to
the TrueSkill™ and ELO methods for factor graph models show that our model and
method allows both for fast estimation and improved test error on the Halo 2™ Beta

dataset.

While the above method has the advantage of providing a flexible probabilistic model
and allowing for tractable inference, the choice of multivariate Gaussian CDFs for CDN
functions requires the use of sampling methods in order to evaluate DSP messages. As
shown in Chapter 3, one can find faster parameterizations of the CDN functions that do
not require sampling. A particular drawback to the above method is that we have not
explicitly accounted for the fact that the observed ranking values are arbitrary up to a
monotonic transformation, so that our model predictions may be sensitive to such trans-
formations. Furthermore, we have not yet presented a general framework for learning the
CDN functions (such as a maximum-likelihood method for estimating model parameters),
nor have we discussed how one could account for additional information in the form of
features. For example, in the multiplayer gaming example, player fatigue, stamina and
frequency of injury could be accounted for as additional features for the purpose of mak-
ing predictions. Additionally, such features could be used to learn different rankings for
different types of players (e.g.: defensive versus offensive players) and could allow for
a more refined modelling of player-to-player interaction. Finally, the proposed method
assumes a particular set of statistical dependence relationships that are a specific prop-
erty of team-based games, but perhaps not for other problems of learning to rank. To
address these issues, we will proceed in the next section to develop a general framework
for learning to rank where we are given observations about partial orderings and we seek

to leverage these together to predict new orderings.
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5.3 Probability models over partial orderings as cumula-

tive distribution networks

In many problems, the objects to be ranked do not necessarily exhibit a higher order
structure as was the case in multiplayer team-based games, where each team’s perfor-
mance was a function of its member players’ scores. Furthermore, unlike the multiplayer
gaming setting where players were not provided with additional features, in many other
problems of learning to rank, each object is provided with some features that are pre-
sumably relevant to the task of learning a ranking over objects. In this section we will
formulate a general framework for learning to rank in which we will use CDNs to formu-

late probabilistic models for orderings over objects.

The approach we adopt here for learning to rank is to combine the graphical frame-
work of CDNs with a ranking function p that independently maps each node to a
scalar score value [31], so that a higher score is assigned to objects with higher ranks.
The intuition here is that a sensible loss functional can be chosen as the probability
Play = -+ = ag] of observing a partial ordering over nodes ay,- - ,ax for any given
observation, so that CDNs provide a graphical framework whereby we can model many

of the statistical dependence relationships between variables for such probabilities.

Suppose that we wish to rank nodes in the set V given a set of observations Dy, -, Dy,
where each observation D,, provides a partial ordering of the nodes in some subset V,, C V.
For example, in an information retrieval task, a node corresponds to a document and each
observation consists of a query with relevance ratings for each document that are pro-
vided by an expert. It is crucial to note here that the quantitative labels for each node,
such as relevance ratings, may in general not be directly comparable from one observation
to the next. In the information retrieval task, this would mean that documents with the
same rating across different observations might not necessarily have the same degree of

relevance for a future query.
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For a given observation, we can model the ordering of nodes as a directed acyclic
graph in which a directed edge e = (o, 3) is drawn between two nodes «, 5 if and only
if node o was preferred to node 3 within observation D,,. In the information retrieval
task, this would mean that document o was assigned a higher relevance rating y, than
the rating yg for document (3 for a given observation. The way in which a preference is
defined between two objects can be application-specific and we will restrict ourselves only
to modelling the resulting set of preferences. We will denote the preference between two
nodes in an order graph by a = [ and we will denote this as the order graph G,, = (Vy,, &y)
for observation D,,, where &, is the set of all edges in the order graph. We first note
that the order graph does not correspond to a directed graphical model for some joint
probability and merely conveys a set of preference relationships amongst objects to be
ranked. In general, we will assume that for observation D,, we observe a partial ordering
over nodes, with complete orderings being a special case. A toy example of an order
graph defined over four nodes is shown in Figure 5.7. For any given order graph, the
absence of an edge between two nodes «, 3 in the order graph indicates that we cannot
assert any preference between the two nodes. From the definition of the order graph
as a directed acyclic graph, it follows that transitivity of preference holds for any given
observation, so that if o > 3,3 > ~ for any given observation D,,, then o > v in D,,.
We note that while transitivity must hold for any given observation, we do not assume
or require that transitivity hold across all observations, as different observations may
contain different preference relationships between the same nodes.

We now define p : V +— R as a ranking function that assigns a real-valued number to

nodes so that the score S, for node « is given by
Se = pla) + ma, (5.15)

where S, is real-valued and 7, is a random variable. Thus by assigning a node-specific
variable 7w, for each node a € V, our model allows us to account for the fact that

the amount of uncertainty about a node’s score may depend on unobserved features for
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Figure 5.7: Example of an observation with four nodes «, 3,~, § with the corresponding order
graph. Here, the order graph represents the set of preference relationships o = B, a = v,06 >

¥, 8 = 0,7y = 0.

that node (e.g.: documents associated with certain keywords might have less variability
in their scores than other documents associated with different keywords). Under this

model, the necessary and sufficient condition for the preference relation « > (3 is then

p) + o > p(B) + M5 € Tag = M5 — ma < pla) — p(9). (5.16)

where we have defined 7,3 as a preference variable for nodes «, 3. The canonical problem
of ranking learning is then to learn the function p from the training data, where each
observation consists of an order graph over some subset of the nodes to be ranked. A
flowchart of the problem of learning from order graphs is shown in Figure 5.8.

For each edge e € &, in the order graph such that e = («a,f3), we can define
r(p;e, D,) = p(a) — p(B) and collect the set of such variables into the vector r(p; G,,) €
Rl Similarly, let m, = 7.5 be a preference variable defined along the directed edge
e. Then for a given observation D,, the probability of observing the order graph

G, = (Vp, &) corresponding to the partial ordering of nodes in V, is given by

]P)[gn“}m P} =P ﬂ(a,ﬁ)esn {Oé = ﬁ} =P meeé'n {ﬂ-e S T(p; €, Dn)} = Fﬂ' (’I"(p; Gn))>

(5.17)
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Figure 5.8: Learning the ranking function from training data. The ranking function p maps
each node a to R. The goal is to learn p such that we correctly rank the nodes in a new test

observation.

where Fi (’r(p; Gn)) is the joint CDF over the preference variables. The goal given an
observation D,, is therefore to learn the ranking function p by maximizing the probability
P{Enﬂin, p] of generating the orderings in observation D,,, given the ranking function p
and the nodes in V,,. Note that under this framework, the set of edges &, corresponding
to the set of pairwise preferences between nodes in the order graph are treated as random
variables that may have a high degree of dependence between one another. The prob-
lem of learning the ranking function is then one of structured ranking learning in which
we would like to score multiple nodes simultaneously whilst accounting for statistical

dependence relationships between these scores.

Now, if we are given multiple independent observations D = {Dy,---, Dy}, then we

can define a structured loss functional

N
L(p,Fr,D) =~ logP

n=1

NiaB)es, 10 < B}

- _ Z_: log F,,(r(p; Gn))a (5.18)
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where each term log Fi (r(p; Gn)) = logP [ Nia,B)cs, 100 < ﬁ}} in the loss functional is
the probability of a partial ordering over nodes in observation D,,. Each of these terms
depends on multiple preference relationships specified by the order graph for observation
D,,. Thus the structured loss functional is the probability of observing a set of partial
orderings over subset of nodes to be ranked. In particular, the loss incurred for a given
predicted ordering and an observed one will depend both on the ranking function p and
the joint CDF Fj. Thus, a low loss is achieved by a ranking function p that succeeds in
minimizing the number of misordered pairs of nodes for a given observation D,,.

Having defined the structured loss functional, the problem of learning the ranking

function p then consists of the following optimization problem:

min  L(p, Fx, D). (5.19)

P Fr
In general, the above structured loss functional may be difficult to specify, as it takes on
the form of a joint CDF over a possibly large number of preference variables, which may
require a large number of parameters to specify. We can however, compactly model such

a joint CDF using CDNs, as we will now show.

5.3.1 Transforming order graphs into cumulative distribution net-

works

We begin this section by noting that we have posited an equivalence between a pairwise
preference a < 8 and the event m,5 < p(a) — p(5). The representation of the structured
loss functional in Equation (5.18) as a CDN then consists of transforming the order
graph G, for a given observation into a set of variable nodes in the CDN, so that for
each preference relation implied by the order graph we create a corresponding preference
variable. More precisely, for each edge e = («, ) in the order graph, the preference
variable 7,z is created. All such variables can then be connected to one another in a CDN

with many possible connectivities (Figure 5.9). The pattern of connectivity used will
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determine the set of statistical dependence relationships between these preferences m,z
as given by the marginal and conditional independence properties of the CDN explored

in Chapter 3.

e
& | e o
e

Figure 5.9: Transforming the order graph G, into a CDN. For each edge e = (a, 3) in the

order graph (left), a preference variable 7,3 is created. All such random variables can then be
connected to one another in a CDN with different possible connectivities (right), allowing for

complex statistical dependence relationships between preferences.

One possible concern is that we may require a CDN that is cumbersome to learn due
to the number of CDN functions connecting pairs of preference variables in the model. In
practice, because any observation will only convey information about a small subset of the
nodes in V and because most often we will observe partial orderings of nodes, the number
of preference nodes in the CDN for the given observation will be much smaller than
the worst-case number of all possible pairwise preferences between nodes to be ranked.
Furthermore, we do not have to store a large CDN in memory during training, as we only
need to store a single CDN over a relatively small number of preference variables for the
current observation. The closure property of CDNs under marginalization (Proposition
3.2.5) ensures that the set of statistical dependence relationships between preference
variables remains unchanged under marginalization, so that one can view the CDN for a
given observation as being a subgraph of a larger CDN defined over all possible pairwise

preference variables so that graph separation of nodes in both graphs imply the same set
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of independence relationships. We can thus perform structured ranking learning in an
online fashion by constructing a single CDN for each observation, computing the gradient
of the loss functional defined by that CDN for the given observation and then updating

the parameters of the model.

5.3.2 Connections to probability models for rank data

The above formulation of the structured ranking learning framework allows us to model
a joint CDF over preference variables as a CDN. We will show in this section that this
formulation allows us to view probability models for rank data as CDNs with partic-
ular connectivities between preference variables. Several probability models have been
developed for modelling pairwise preferences, with different models making different as-
sumptions about the statistical independence relationships between pairwise preferences.
Here we will present two statistical models for pairwise preferences that are frequently
used. While other types of model have been developed to account for rank data, such as
distance-based models defined over permutations [46], we will focus here on the class of
models defined over pairwise preferences, due to their frequent use and their connection
to the graphical modelling framework of this thesis. For a complete survey of models and

methods for rank data, the reader is encouraged to consult [46].

Bradley-Terry models

Suppose we wish to rank objects ay, -, ax. In a Bradley-Terry model [46], the proba-

bility of a preference relation o; > «; is given by

L1l enpla))
Ploc- o] = corte) £ et (5:20)

so that a higher value of p(q;) relative to p(c;) corresponds to a higher degree of prefer-
ence between a;, ;. An example of such a model arises in information retrieval, where

given a query for documents, a higher p(«;) corresponds to a higher degree of relevance
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Figure 5.10: Corresponding CDNs for the Bradley-Terry and Plackett-Luce probability models

for a complete ordering over four nodes «, 3,7, 4.

of document «; for the given query. The probability of a partial ordering oy = - -+ = ag

is then given by

o] exp(p(a))
Plog = --- = K] ail;[aj exp(p(a;)) + exp(p(ay))
1

ail;[aj 1+ exp ( — (iplew) - ﬂ(%’)))
. 1 ¢ w) (5.21)
o

[ hale ] 1 + exp Q-0

where r;; = p(o;) — p(a;) and each of the functions qb(r ) satisfy the properties of a
CDF, so that we can view the joint probability P[al kR aK] as a CDF defined over
preferences. Each term in the above product corresponds to the probability of observing
the pairwise preference o; > o in the partial ordering oy = --- = ax. Note that a partial
ordering implies the absence of a preference for some «;, ;. Thus the joint probability
of all pairwise preferences under a Bradley-Terry model can be viewed as a disconnected

CDN in which all pairwise object preferences are treated as being independent. This
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is illustrated in Figure 5.10 for an example in which four nodes «, 3,7, have been
ranked and we model the joint probability over the set of corresponding preferences

a>=Bya=-vy,a=0,0=73>=07> 0 using a Bradley-Terry model.

Plackett-Luce models

The Plackett-Luce model generalizes the Bradley-Terry model to multiple pairwise com-

parisons between objects to be ranked, so that the joint probability of a partial ordering

o s o] s exp(p(ou))
Plon = = ] kl;Il exp(p(ax)) + Z exp(p(a;))
k=11 4+ ; exp ( — (p(ak) - p(aj)))

e
I
—_

where 7, is a vector whose elements consists of pairwise differences p(ay)—p(a;) and each
of the functions ¢ (7}) also satisfy the properties of a CDF, so that we can again view the
joint probability P|ay = --- = ozK} as a joint CDF over preferences that can be viewed
as a CDN with functions ¢ (7). Each term in the Plackett-Luce model corresponds to
the probability that a4 is ranked first in the sequence followed by a1, -, ak, so that
the joint probability of the partial ordering ay = --- = ag is given by the product of
such terms. Thus the Plackett-Luce model incorporates additional constraints between
pairwise preferences that are not present in the Bradley-Terry model, at the cost of
a slightly more complex model. As a consequence of such additional constraints, the
corresponding CDN adopts additional structure as compared to the CDN for the Bradley-
Terry model. The CDN for the Plackett-Luce model corresponding to the previous
example of four nodes «, 3,7,d is shown in Figure 5.10. Thus, we have shown that

CDNs provide a graphical representation for the above models of rank data, so that
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the Bradley-Terry and Plackett-Luce models can be viewed as different instantiations
of a joint CDF over pairwise preferences and hence as particular types of CDNs. This
suggests that we can formulate alternate probabilistic models for rank data by considering
joint CDFs defined over pairwise preferences using different types of CDN functions
and connectivities for modelling different conditional independence relationships amongst
variables.

Having presented the framework of structured ranking learning using CDNs; we will
now apply the framework to the problem domains of document retrieval and regulatory

sequence search in computational biology, where the problem of learning to rank arises.

5.4 Application: Document retrieval

The problem of learning to rank is at the heart of many information retrieval applications
such as collaborative filtering [57] and document retrieval [44]. In this section we will
apply the above structured ranking learning framework to the latter problem, whereby
we are given queries with documents labelled by relevance and we wish to learn a model

to score documents by relevance for a new query.

5.4.1 Previous work

Several approaches to the problem of ranking for document retrieval have been proposed
previously. One approach has been to treat the problem of learning to rank as one of
structured classification [36, 66], where the aim is to directly optimize ranking measures
of loss. However, typical measures of loss are difficult to optimize directly [8], making the
problem of learning in this setting computationally difficult. Another approach has been
to approximate these ranking measures with smooth differentiable loss functionals by
formulating probabilistic models on pairwise preferences between objects (RankNet; [7]),

or on ordered lists of objects (ListNet and ListMLE; [9, 70]). It is worth noting that the
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RankNet, ListNet and ListMLE methods are examples of Bradley-Terry and Plackett-

Luce models respectively. In the case of the RankNet model [7], the corresponding

probability over a pairwise preference a > [ is modeled by a logistic function so that if

each node to be ranked is provided with a feature vector x,, and p(«) = p(x,), we obtain
1

Lo (= (pbxa) = plxs)) )

The problem of learning in RankNet consists then of minimizing cross-entropy loss

Pla > ] =

(5.23)

zxp>=<1—-3w>oxXa>—;KXg»<+hx;(1+exp(—-Qxxa>—;mxﬁ»)), (5.24)

across all («,3) pairs, where f’a@ denotes the target probability of a = 3. We see
here that while the loss function used by RankNet is cross-entropy loss, the underlying
probability model corresponds to a Bradley-Terry model, which assumes that preferences
are independent of one another.

In the case of ListNet [9] and ListMLE [70], the probability of observing a partial

ordering ai; = - -+ > ax objects are defined as products of functions of the type

Blav == anlD) = [ 0 1 ’

k—1 Z] kexp( k=114 Z;-V:k_u €xXp < - (p(Xk) - p(xj)))
(5.25)

which is a Plackett-Luce model. Thus we see here that previous methods for learning to
rank for document retrieval can be reformulated and viewed as particular instances of

the structured ranking learning framework using CDNs.

5.4.2 Learning to rank documents from queries

In the context of ranking documents in web search, the goal is to learn a ranking function
such that for a given query, the ranking function assigns a score to each document. Under
such a model, documents that are assigned a high score for a given query are likely to be

relevant to the query. Here we will apply the proposed structured ranking framework to
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the problem of scoring documents in databases or in the context of web search. We will
focus on the OHSUMED dataset, which is a part of the Learning to Rank (LETOR) 2.0
benchmark [44]. The dataset consists of a set of query-document pairs, with a feature
vector and relevance judgment provided for each pair. Under our framework, we observe
the preference o > 3 for a given observation if and only if document « received a higher
relevance rating y, than the rating for document 3. Under our framework, the goal is to
find some function that takes the set of features and maps these to the real line so that
for a new query-document pair, a high score means the document is likely to be relevant
to the query. The proposed structured ranking learning framework allows one to define
a ranking function over query-specific features, so that for any query D,, we will suppose
that there is a query-specific feature vector x" € R for each document « to be ranked.
Although each document « can receive different feature vectors for different queries, the
ranking function p will be shared across queries, enabling us to learn a model for scoring
documents. Furthermore, we will assume that the feature set will be shared across all
queries, with no missing values to be accounted for.

We will parameterize the ranking function using a parameter vector a, so that p =
p(x;a) with —oo < p(x;a) < co. Here we will choose p(x;a) to be a Nadaraya-Watson
[52, 67] estimator with a Gaussian kernel, as such a ranking function allows for non-linear

estimates of document scores. The ranking function thus takes the form

Z K(Xav X; a)ya
QEVn

p(x;a) = S Kxoxa) (5.26)

aEVn

1 T
K(x,,x;a) = exp (— §(x—xa) A(x—xa)), (5.27)
with A = diag(a?,---,a%). For the chosen ranking function, we will assume that doc-
ument labels are comparable across queries, although this assumption in general is not
necessary and could be relaxed.

Consider a directed edge e = («, 3) in the order graph G,, for observation D, and
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define
Te = Te(a; Dn) = P(Xga a) - P(Xga a)' (528)

For the given order graph, we will model the structured loss functional £(0; D,,) using a
CDN so that

L(6; D) = —log Fe(r(p; Gn)) = = > logé(re(a; Dy), rer(@; Dy)), (5.29)

e,e'€€n

where 0 is the parameter vector containing a and parameters for the CDN functions in
the network. While we can choose any CDN topology for connecting preference variables
to one another, we will model the joint CDF over preferences as a CDN in which there is
a function node for every pair of preference variables, so that each function is of the form
¢(r1,72) so that every preference variable is connected to all other preference variables
via these functions. Thus, each pair of edges e, e’ in the order graph G, has a CDN
function node ¢(r.,r) connecting the corresponding preference variable nodes 7., s
in the CDN. In order for the CDN functions to satisfy the sufficient conditions for the
CDN to model a valid CDF (Lemma 3.1.1), we will opt for each function ¢(r1,72) is be

a bivariate sigmoidal function so that

1
1+ exp(—uyry) + exp(—ugrs)

P(ri,m2) = U, ug >0, (5.30)

as this will simplify both representation and computation. For the given CDN and
ranking functions, the learning problem then becomes
N
i nz::le e/ze:g log | 1+ exp ( —urre(a; Dn)) + exp ( — UsTe (a; Dn)) st. a>0
uy, ug > 0
lafly <t,

(5.31)

where we have added an L;-norm regularizer on the ranking function parameters a using

the constraint ||al|; < ¢. In order to minimize the above loss functional, we will use
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a stochastic gradient descent algorithm [6]. For a given observation D,,, the gradient

VaL(0; D,) is given by

Va.L(0;D,) =— e ;ejg m (&E {qb(re, re/)} Vare(a; Dy) + 0, [¢(r6, re/)} Vare (a; Dn)),

(5.32)

with
O, [QS(T&T@’)} =~ eXp(_ulre) Cb(reard)

Or, [QS(Te, Te’)} = —upexp(—uare) ¢(re,rer)

Vare(a; Dy,) = Vap(Xa;a) — Vap(xs; a)
> (o — p(x52)) 5 — Xl 2K (%0, x; 2)

a€Vn,
Y K(xa,x;a)

a€Vn

Vap(x;a) = a

The derivatives with respect to the CDN function weights wu, us are then given by

Oy {C(B;Dn)] - > TeeXp(—ulre) G(re,Ter)

e,e’€&n

Ous {E(G; Dn)] =— Z T'er €XP ( — Ug’f’e/) O(Te,Ter).

e,e’€&n
5.4.3 Performance measures for ranking

In order to assess the utility of the proposed framework and to compare the performance
of our proposed framework to other methods, we will use the following three metrics

commonly in use in information retrieval research:

1. Precision For a given query, the precision at k, or P(k) measures how many of the

top-ranking k£ documents are relevant to the query. More formally,

Number of relevant documents in the top k results

- (5.33)

Precision(k) =

For the OHSUMED collection, the categories definitely relevant and partially rele-

vant are both counted as relevant for the purposes of computing the above.
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2. Mean Average Precision (MAP) For a given query with K labelled documents,
the average precision (AP) is the average of the precision values for all relevant
documents:

K
> P(k) - I(k""document is relevant)
AP i

~ Number of relevant documents for the observation’ (5.34)

where [I[-] is equal to 1 if its argument holds true and is 0 otherwise. The MAP

score is then computed by averaging the AP scores over all queries.

3. Normalized Discounted Cumulative Gain (NDCG) Recently, this performance mea-
sure has been proposed [34] to address the fact that the above metrics only distin-
guish between relevant and not relevant categorical labels, although different levels
of relevance exist for any given set of documents. In addition, the NDCG also puts
more weight on highly relevant documents than marginally relevant ones, as the
less relevant a document is, the less likely a user is to examine it. The NDCG
metric for a ranked list of K documents with labels r(j) is given by

kooor() _ 1

NDCG(k)=Z —, 5.35
" k; logy (7 +1) (53
where Zj, is a normalization constant to ensure that NDCG(k) = 1 for the perfect

ordering of documents.

5.4.4 The OHSUMED dataset

The OHSUMED collection [24] is a standard benchmark dataset for information retrieval
research that is provided as a part of the LETOR 2.0 benchmark [44]. The OHSUMED
collection is a subset of MEDLINE, a database on medical publications. The collection
consists of 348,566 records (out of over 7 million) from 270 medical journals. The fields
of a record include title, abstract, MeSH indexing terms, author, source, and publication

type. There are 106 queries, each with a number of associated documents. Each query is
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related to a medical search need, and thus is also associated with patient information and
topic information. The relevance degrees of documents with respect to the queries are
judged by humans, on three levels: definitely relevant, partially relevant or not relevant.
There are a total of 16,140 query-document pairs with relevance judgments and 25 query-
specific features for each document-query pair including term frequency, document length,

BM25 and LMIR features as well as combinations thereof [2, 60, 71].

5.4.5 Experimental setup

The OHSUMED dataset is provided in the form of five training/validation/test splits
with 63/21/22 observations each. To ensure that features are comparable across all ob-
servations, for each observation we normalized each feature vector within the observation

so that for feature 7,

n . n

T,, — NN Tg,;

o i BEV B,

Toi = n : n (536>
’ maxxﬁi—mmxﬁi
BEVR 7 BEVR 7

We performed learning of our model using a constrained stochastic gradients algorithm
where we prevent updates from violating the inequality constraints in the optimization
problem defined by Equation (5.31). In the case where an update is infeasible, our algo-
rithm iteratively reduces the learning rate n until either the update becomes feasible or
some maximum number of iterations have passed, at which point the algorithm performs
no update. We set the default learning rate to n = 0.5 and we randomly initialized
the model parameters a, uy, us in the range [0, 1]. The above optimization procedure was
carried out for 10 epochs and 7 was scaled by % at the end of each epoch. We performed
learning for the range of regularization parameters t = {25,26,---,40}. Once we have
finished learning from the training data for a given value of ¢, we score the documents in
the validation set. We then select the ranking function defined by a* corresponding to
the regularization parameter t* that maximizes the MAP metric on the validation set.

Finally, we score all the documents in the test set using a*, after which we compute the
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above performance metrics.
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Figure 5.11: a) Average NDCG as a function of truncation level k for the OHSUMED dataset.

NDCG values are averaged for test data over five cross-validation splits; b) Average precision

as a function of truncation level n for test data averaged over five cross-validation splits.
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We tested the CDN in which the joint CDF over preference variables is given by
a product over pairwise functions ¢(ry,ry) where all pairs of preference variables in
the model have a corresponding function node in the CDN graph. We also tested a
Bradley-Terry model that models preferences as being pairwise independent. The above
performance metrics are shown in Figures 5.11(a), 5.11(b) and 5.12 in addition to the
performances of seven methods that are part of the LETOR 2.0 benchmark. With the
exception of ListNet and ListMLE, the above methods do not explicitly model statistical
dependence relationships between pairwise preferences. As can be seen, accounting for
additional statistical dependence relationships between pairwise preferences provides a
significant gain in performance compared to modelling preferences as being independent
using the disconnected CDN. This can be seen by noting that the problem of ranking
contains statistical dependence relationships amongst pairwise preferences, so that the
score S, assigned to one node « can only be determined given the scores of all other
nodes. Thus by using a CDN in which preferences are connected to one another, we are
able to capture such dependence relationships, whereas in a disconnected CDN we lose

the ability to do so.

5.4.6 Discussion

We have described here an application of the structured ranking learning framework to
the problem of document retrieval. Here we chose to make use of multivariate sigmoids as
CDN functions and a Nadaraya-Watson estimator as a ranking function. It is interesting
to note that the hinge loss used by other methods for learning to rank such as that of [22] is
a limiting case of a sigmoid function. An example of this for a single preference variable is
shown in Figure 5.13. The relationship between the hinge loss and the sigmoidal function
suggests that multivariate CDN functions can be viewed as being differentiable analogs
of multivariate hinge loss functions. An interesting avenue for future work would involve
developing a large-margin analog to the structured ranking learning framework proposed

here and comparing this to the structured large margin framework of [66].
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Figure 5.12: Mean average precision value for test data for several methods on the OHSUMED

benchmark.
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Figure 5.13: Comparison of the 0-1 loss, hinge loss and log-CDF loss for a single preference
1

r, where the CDF is modeled as a sigmoid ————.
1+ exp(—r)

Having applied the structured learning framework to the problem of document re-
trieval, we will now turn to the problem of regulatory sequence search in computational

systems biology. For this class of problems, the semantics of learning to rank will prove
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useful in formulating efficient methods for discovering regulatory sequences using multiple

data sources.

5.5 Application: Regulatory sequence search

in computational systems biology

A fundamental problem in computational systems biology is to discover the complex
roles of biological sequences such as DNA binding sites [11, 61], microRNA target sites
27, 29] and genetic variants [28]. In this setting, we wish to discover some subset of the
set of sequences S that are relevant for a particular biological process given information
pertaining to each sequence. Thus the problem of discovering relevant sequences can
be viewed as a problem of ranking, to which we have applied the structured ranking
framework using CDNs. In this section we will model a sequence as an ordered set of
elements of an alphabet A, so that any sequence s of length L satisfies s € A", In the
case where the sequence is one of nucleotides, the alphabet is given by A = {A,C, G, T}

so that an example of a sequence is ACCGTGACTG.
We will assume that each sequence in the set S may also be provided with additional

features. For example, in the case where we wish to discover microRNA targets, a
sequence may correspond to the entire 3’ untranslated region (3’'UTR) for a particular
gene, so that one has access to the sequence of the 3’'UTR, as well as other features
for the 3’'UTR sequence. These can include its level of expression across many tissues,
the abundance of proteins that are translated from the sequence preceding the 3’UTR
and the expression of a microRNA that putatively targets a site in the 3’UTR sequence.
An example of how such features would be extracted is given in Figure 5.14 where we
have assigned a node « for the pair s,,X,. Thus we can assume that each node a has
a corresponding sequence s, € S and a corresponding set of features x,. The features

X, can include quantitative features such as the target sequence accessibility [38], the
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neighboring context of sequences [20] or other quantitative profiling data [11, 15, 27, 61,
65]. The problem we wish to solve here consists of combining features from multiple
types and sources of data for the purpose of discovering some subset of the regulatory
sequences S that are relevant for a given biological process. In addition to accounting
for diverse features, incorporating the large number of computational predictions already

available is also desirable.

S ATGGACTATGATGACCAGGCTAGAATCCGCGTGATCG
& CACGCGCGCGACGCAGCGCATCGATTGGTC
E f mRNA in | eooe
xpression of m in liver: 4.93
Expression of mRNA in brain: 0.93 : : : :
Expression of mRNA in heart: 2.3
0000
@ = Abundance of protein in liver: 20
Abundance of protein in brain: 0
Xa - Abundance of protein in heart:5 |
Expression of targeting microRNA in liver: 1 000
Expression of targeting microRNA in brain: 21 (OXOX X0
Expression of targeting microRNA in heart: 0.5 [ X XOXO)
(OXOXOX )
Target accessibility score: -1.5 I :m——-o

Figure 5.14: Feature extraction for nodes in the order graph. Each node « has a corresponding
sequence s, and a set of corresponding features that are relevant to ranking the sequence.
For the example shown, the sequence s, may correspond to the sequence for the entire 3’
untranslated region (3’'UTR) of a gene, so that the feature vector x, include the expression of
the gene carrying the sequence, the abundance of protein produced from the coding region for
the gene carrying the sequence and the expression of a putative microRNA that targets the

sequence.
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5.5.1 Previous work

In recent years, many different methods have been proposed to address the problem
of integrating together heterogeneous datasets in the context of discovering regulatory
sequences. In particular, probabilistic generative models have been proposed in which
sequence discovery consists of inference and learning [27, 61] given sequence and expres-
sion data. While such methods do explicitly model the impact of sequences on gene
expression in the presence of many latent random variables, a major challenge is to ac-
count for newer datasets as well as new sources of regulatory variability. Each additional
dataset to be analyzed is likely to introduce a significant number of additional parameters
and hidden variables, dramatically increasing the cost and complexity of inference and
learning. As the number of types and sizes of data continue to increase, it is likely that
both model misspecification and prohibitive computational complexity will hamper the
practicality of probabilistic latent variable models. Owing to the difficulty in develop-
ing purely sequence-based models of regulatory sequences, a major challenge is then to

incorporate additional data types under a unified tractable and principled framework.

5.5.2 Discovering regulatory sequences as a problem of learning to

rank

A strategic approach to the above problem can be obtained by noting that the problem of
discovering regulatory sequences is inherently a problem of learning to rank, whereby we
are given a large number of candidate sequences and only some relatively small number
are of biological significance. Furthermore, there is often a well-defined notion of prefer-
ence between sequences. An example of this arises in the binding of transcription factors
to binding sites, whereby some sites are more strongly bound than other sites by certain
transcription factors. Thus when discovering sequences, it is desirable to explicitly model

the fact that sequences do not fall into two distinct categories of positives and negatives
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but instead have different degrees of significance attached to them, so that a plausible

model should assign a higher score for sequences with higher importance.

Some methods have in fact formulated the problem of discovering sequences as one
of ranking sequences, or sequence search, so that they assign a score to each sequence
with the assumption that high-scoring sequences are more likely to be biologically rele-
vant than low-scoring ones. The idea of discovering sequences using an explicit ranking
formulation has been explored previously by [4, 11, 65] in the context of using the or-
derings obtained from microarray intensities to learn position-specific scoring matrices
(PSSMs) for transcription factor binding sites. This was shown to significantly improve
predictive accuracy with respect to other model-based methods, as no assumptions on
the functional relationship between intensities and sequences needed to be made in order
to learn to rank sequences. The improved accuracy of such ranking-based methods with
respect to model-based methods suggests that a good method for discovering sequences

would be one specifically tailored to the problem of learning to rank.

Given the above methods for ranking sequences, our goal in this section is to expand
on previous work along three fundamental directions. First, we address the structured
nature of the problem of ranking, since the rank of one sequence can only be determined
given the ranks of all sequences so that complex statistical dependence relationships ex-
ist between variables in the model. Second, the scoring function used by the previous
methods of [4, 11, 65] was parameterized by a PSSM and so was restricted to sequence
inputs. Here we will expand on this idea to allow for rich feature spaces obtained from
quantitative measurements such as expression profiling data. Lastly, by formulating the
sequence search problem as one of ranking, we can leverage information across several ex-
perimental datasets and diverse prediction methods via the orderings over sequences that
each provides. Under the framework of learning to rank, orderings provided by diverse
computational methods and those provided by experimental data are all comparable and

readily accounted for, even if scores and labels between different prediction methods and
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datasets may be difficult to compare. Thus, given that we observe many different par-
tial orderings provided by diverse datasets and prediction methods, our aim will be to
predict orderings over sequences so that sequences that are often highly ranked across
observations should also be highly ranked by our method. The proposed framework of
ranking then offers three significant advantages over previous model-based approaches
for sequence search. First, as in [4, 11, 65], it makes minimal assumptions about the
relationships between sequences and measured /predicted labels for the sequences and so
largely avoids the issue of model misspecification. Second, it allows us to leverage or-
derings provided by heterogeneous datasets and prediction methods that may have little
overlap with one another in the sequences they contain, but may nevertheless informative
when combined together under a single model. Lastly, predictive accuracy is improved
by explicitly modelling the statistical dependence relationships involved in learning to

rank.

To model the structured nature of the ranking problem, we can take advantage of the
structured ranking learning framework. In the context of discovering sequences, we can
then interpret a set of prediction methods and a set of experimental measurements as
observations that convey partial orderings over some subset of the sequences of interest.
Thus we present STORMSeq, a method formulated using the structured ranking learning
framework that scores sequences given a set of features and a set of orderings over subsets
of the sequences to be ranked. The outline of the method is shown in Figure 5.15. Our
method expands the RankMotif++ method of [11] to a structured learning setting where
we can A) account for the statistical dependence relationships in the problem of ranking,
B) we can incorporate rich feature spaces such as quantitative measurements of mRNA
and protein expression in addition to sequence data, and C) we can account for diverse
computational prediction methods as additional sources of data for learning. We will
apply the proposed framework to the problems of scoring transcription factor binding

sites and microRNA targets, although the framework is general enough to be applied
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Figure 5.15: The STructured ranking of Regulatory Motifs and Sequences (STORMSeq)
method. Given multiple independent observations conveying various orderings over sequences
and given the observed sequences and input features extracted for each observation (e.g.:
mRNA, microRNA and protein measurements, sequence context features), STORMSeq learns

a ranking function such that the probability of generating the observed orderings is maximized.

to a wide variety of bioinformatics problems, such as ranking therapeutic drug targets,

finding genetic associations or scoring protein-protein interactions.

5.5.3 STORMSeq: STructured ranking of
Regulatory Motifs and Sequences

Suppose that we are given a set of N observations D = {D;,---, Dy}, where each
observation D, provides an ordering of the sequences in some subset S,, C S§. Here, an

observation corresponds to any set of quantitative values that convey some meaningful
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ordering of the sequences to be ranked. For example, in the context of scoring sequences
bound by transcription factors, orderings might be provided by microarray intensities
[4], which provide a measurement of the concentration of transcription factors binding
to any given sequence. For a given observation, we can then represent the ordering of
sequences as an order graph as described previously. The structured ranking learning
proposed in Section 5.3 can then be directly applied in which we learn a ranking function
p(a) from the observations D = {Dy,---, Dy}. In the next section we will describe how
the ranking function p can be made to account for additional information that may be

provided for each sequence to be ranked,.

5.5.4 Ranking using sequence and quantitative features

In order to adapt the structured ranking learning framework to the problem of ranking
sequences where we are given both sequence information s, and a feature vector x,, the

ranking function p(«) will be given the general form

P(@) = Pseq(Sa; M) + pguant (Xa; W), (5.37)

where pgeq, Pquant are functions that assign scores to the sequence s, and its corresponding
feature vector x,. Here, it is possible to specify different parametric forms for p(«) that
assign scores to sequences under various assumptions. In order to score any given node «
based on sequence s, alone, we will consider the sum of contributions of subsequences of
S under the assumption that each subsequence contributes independently to the overall
score for s,. Suppose we are given a sequence s, of length L,. Let s¥*+K=1 he a
subsequence of length K of s, starting at position k of s, and let s/, € A be the symbol
observed at position j in sequence s,. Given a position-specific scoring matriz (PSSM)
M € REXA of length K where My, is equal to the probability of emitting symbol a € A

at position k of the PSSM, we can define the score for s, as the probability of emitting
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at least one subsequence of length K in s,, so that

Loa—K+1
Pseq(Sa; M) =log | 1 — H (1= P(sg™ 71 M)) |, (5.38)
k=0
where P(sFFE-1M) = H?I,f_le78£ is the probability of binding to subsequence

kk+EK=1 according to the distribution specified by M. In the case where we are pro-

S
vided with quantitative features in the form of a feature vector x,, we can define the
ranking function pguant(Xq; W) to be a linear function of the quantitative features, so
that pouant(Xa; W) = w’x,. Thus the above parameterizations for the ranking functions
Pseq(Sa; M), pguant(Xa; W) allow us to account for the influence of sequence information
in addition to quantitative features on the score to be assigned to any given sequence.
To address the problem of learning the functions pseq, Pguant, We will use the stochastic
gradient descent algorithm which was also applied to the document retrieval task. For

the function pse,, the derivative of the ranking function pse,(se; M) with respect to the

parameter M, , is given by

2 1 f(;%sg;lzjflzﬁi/[) ([Sfjk =al — P(a\M))) .

i (5.39)

8pseq(5a; M) . I- €xp (pseq(sa; M))
8Mkva B eXp (pseq(sa; M))

For the ranking function pguan:, the gradient is given simply by Vwpguant(Xa; W) = Xq.
Once we have computed both of the above gradient vectors, we can form the gradient of

the ranking function p as

VMpseq(sa; M)
vaquant (on; W)

Vop(a; 8) = ) (5.40)

where 0 is the parameter vector whose elements correspond to elements of M and w.
Thus given the above parameterizations, a sequence s, will have a higher score if both psq
and pguant assign high scores based on sequence s, and features x, respectively. Given
the above gradient vector, we can then estimate 0 in addition to the CDN function
parameters using a stochastic gradient descent algorithm where we iteratively update

the parameter vector 8 for each observation in our training set.
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To summarize, given a training set of observations consisting of orderings over se-
quences to be ranked and their associated quantitative features, the goal is to learn
a ranking function p(«) that maximizes the probability of generating the observed or-
derings by assigning higher scores to those sequences that are most consistently highly
ranked in the training set of observations. The ranking function accounts for sequence
data in addition to other quantitative features such as expression measurements. The
structured loss functional then allows us to account for the statistical dependence rela-
tionships between preference variables. We emphasize at this juncture that STORMSeq
has been formulated in a general way so that it is applicable to several problems in which
we wish to learn a ranking function for sequences using both multiple instances of order-
ings, sequence data and other quantitative features. To illustrate how STORMSeq might
be used in practice, we will apply the proposed structured ranking learning framework
to the problem of searching for transcription factor binding sites. Before we proceed,
it will be instructive to study the relation between STORMSeq and a previous method
for learning to rank sequences from orderings over sequences obtained from microarray

measurements.

5.5.5 The RankMotif++ model as a cumulative distribution network

It is worth noting that in the RankMotif++ model of [11], the objective being minimized
corresponds to the log of a joint CDF over preferences, under the assumption that the
preferences are independent. More precisely, in RankMotif++ the loss function is given
by L£(0) = log Fy(r(D,)), where the probability over all pairwise preferences o > (3 is

modeled by a product over logistic functions of r,5 = p(a) — p(3) so that

Fﬂ(r(Dn)) = IP){TF S r(Dn)} - 1;[ 1 + eXp(—l/Ts) o ocl;[ﬁ 1 + exp ( — I/(p(a) - p(ﬁ))) ’
(5.41)

with p(a) = pseq(sa) and v > 0. We have previously identified probability models

of this type as Bradley-Terry models (Section 5.3.2), so that the above loss function
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can be modeled using a disconnected CDN where each function node corresponds to
-1
¢s(rs) = (1 + exp(—ws)) and all pairwise object preferences are modeled as being

independent of one another.

5.5.6 Discovering transcription factor binding profiles

Transcription factors (TFs) are of significant interest in molecular biology and immunol-
ogy, as they consist of proteins that bind to specific nucleotide sequences in order to
regulate the activity of genes carrying these sequences [11]. Due to the short nature of
these regulatory sequences in comparison to the size of a typical genome, the problem of
discovering transcription factor binding sites remains a significant challenge in compu-
tational molecular biology. Here we will apply the proposed structured ranking learning
framework to the problem of ranking sequences bound by TFs using measurements from
protein binding microarray (PBM) experiments. In this problem, we will make use of
sequence data alone so that a fair comparison can be made with existing methods for

discovering regulatory motifs from PBM data using sequence.

Data processing

We obtained PBM data from the Supplementary Material section of [4], which consisted of
intensity measurements for 35-mer nucleotide probes bound by five different transcription
factors Cbfl, Ceh-22, Oct-1, Rapl, Zif268 across two experimental replicate arrays Array
1 and Array 2. The PBM data consisted of intensity measurements y, for a set of
sequences s, € S, where each probe on the array is indexed by «, so that s, denotes
the nucleotide sequence of a given probe on the array. Thus for this problem the set
A={A,C,G,T}. We used the array labeled Array 1 as our training data and the probe
measurements from Array 2 as test data. We normalized the microarray intensity data
in both sets by first shifting microarray intensities such that the minimum intensity was

equal to one, then applying a log-transformation, as was done in [11]. We labelled the
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250 probe sequences that had the highest measured intensity as positives and the 250
sequences with the lowest normalized intensities as negatives. We then constructed the
order graph over these 500 sequences based on preferences assessed using the criteria
used by [11]. Briefly, we computed the median absolute deviation (MAD) m of the 500
normalized intensities and asserted o > (3 if yo, > yg + 30 and at least one of s,,sg
were labelled as positive sequences as described above, where o = m/0.6745 and 0.6745
is the MAD of the standard normal distribution. Given order graphs constructed in
this fashion, the goal is to then learn a ranking function that assigns scores under the
assumption that higher scores should indicate an increased affinity of a TF for a given

sequence.

Experimental setup

Using the sequence ranking function pse,(sq; M) for a fixed PSSM of length K, we ran
STORMSeq and RankMotif++ using three random initializations each, whereby we then
selected the model that maximized the Spearman correlation with the training data
as was done in [11]. For each initialization, the PSSM M was initialized to a set of
random positive values and then normalized so that Z Myo=1VEk=1---,K. The
MatrixREDUCE, MDScan and Prego methods [15,(14?54, 65] were then applied to the
training data using the parameters specified in [11] and the resulting PSSM models were
selected using the same Spearman correlation criterion as above. For all models, we varied
K from 7 to 13 and selected the value of K that optimized the above Spearman correlation
criteria. We ran STORMSeq for 100 epochs using the constrained stochastic gradients
optimization method from Section 5.4.2. The learning rate was set to n, = 0.1 with a
decay rate of 1/t at the end of each epoch t. Our loss functional was chosen to be the one
proposed in Equation (5.18) with a CDN containing pairwise functions ¢(ry, r3) as in the

previous information retrieval application where all preference variables are connected to

one another via the functions ¢(ry, ry). Here we imposed the additional constraint on the
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CDN parameters so that u; = us = v. In order to provide regularization on the CDN
parameter v, we set the constraint 0 < v < 1. We also enforced the constraints that

0< Mg,<1lforallk=1,--- K and a € A and ZMk,azl-

acA
Cbf1 Rap1 Zif268
— 1
c 0.9] 0.9] [/Z/,‘/
O o8 og . %
[} fe®
£ oot B A - 04
0.5 i 0.5
% o2 o4 o5 08 1 %% 0z oa o5 o8 1 % o0z o4 o8 o8 1 °% o2 o4 os a5 1°% o2 o4 o 08 1
Recall Recall Recall Recall Recall
(a)
1 1‘ . . 1 1 1
oat& W‘ OSW 08 08 1 O.W %
8 | S
a 06 | AW*”' 0 08 seoctisieseenenseeseess 08
Z o4 e 04 ® oaft 04
0.2 0.2 0.2 0.2

1 20 30 40 50 0 20 30 40 50 0 20 30 40 50 1 20 30 40 50 10 2 30 40 50

Truncation level Truncation level Truncation level Truncation level Truncation level

W Matrix MDScan M Prego MRank B STORMSeq
REDUCE Motif++

(b)

Figure 5.16: a) Out-of-sample precision versus recall using five different methods for the Cbfl,
Ceh-22, Oct-1, Rapl, Zif268 transcription factors studied in [4, 11]. The methods shown are
MatrixREDUCE (red), MDScan (cyan), Prego (green), RankMotif++ (black) and STORM-
Seq (blue); b) The corresponding curves showing Normalized Discounted Cumulative Gains
(NDCG) versus the truncation level, or the number of top-ranking sequences. Both a) and
b) show that by ranking in a structured learning setting using STORMSeq, we generally im-
prove predictive accuracy, in terms of precision, recall and NDCG, with respect to the other

unstructured learning methods shown here.

The performance of all five methods for the above five TFs are summarized in Figures
5.16(a) and 5.16(b) using precision/recall for assessing performance We also assessed

predictive performance using the NDCG metric for ranking that we used in the document
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retrieval task. The use of the NDCG metric here is well-suited to the problem at hand,
as the truncation level n can be interpreted as the number of sequences to be further
validated or analyzed, so that a higher NDCG value is obtained if the most significant
sequences appear at the top of the list in the correct order of significance. In the context
of PBM array experiments, the significance of a sequence is determined by the strength
with which a transcription factor binds to it, so that the highest score should be assigned
to the most strongly bound sequence. In addition to the these plots, we also show the

Area Under the precision-recall Curve (AUC) in the heatmap display of Figure 5.17.
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Figure 5.17: Heatmap of the Area Under the precision-recall Curve (AUC) for the five tran-

scription factors and for the five methods.

The corresponding PSSMs found by each of the above methods are shown in Figure
5.18. As can be seen, the PSSMs learned by STORMSeq are generally consistent with
those found by the other methods as well as with PSSMs previously reported for this
dataset [4, 11]. Figures 5.16(a), 5.16(b) and 5.17 demonstrate that by ranking in a struc-
tured setting and by making no particular assumption about the relationship between

sequence PSSMs and measured PBM intensities, we can increase predictive accuracy as
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measured by precision, recall and NDCG compared to the other unstructured predic-
tion methods such as RankMotif++. In particular, the AUC’s achieved by our method
exceeds that of RankMotif++ for four of the five transcription factors and equals its per-
formance for the Cbfl transcription factor. Furthermore, according to the NDCG metric,
our method of ranking also has increased accuracy in terms of the ranking itself, so that
sequences with higher intensities are more likely to be ranked higher by STORMSeq than

by the other models.
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Figure 5.18: Position weight matrices found by the MatrixREDUCE, MDScan, Prego,
RankMotif++ and STORMSeq methods (rows) for each of the five transcription factors Cbfl,

Ceh-22, Oct-1, Rapl, Zif268.

Having applied the structured ranking learning framework to the problem of dis-
covering transcription factor binding sites, we will also demonstrate the usefulness of
STORMSeq for discovering microRNA targets, which also consist of short nucleotide

sequences that regulate the activity of genes.

5.5.7 Discovering microRNA targets

MicroRNAs consist of molecules of 22-25 nucleotides that target mRNA transcripts

through complementary base-pairing to short target sites, in a fashion analogous to the
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operation of transcription factors. However, unlike transcription factors, microRNAs are
generally inhibitory in their activity, so that microRNA activity generally represses the
activity of their target genes either by reducing the abundance of their target mRNA
transcripts or by repressing translational activity of their target mRNAs [1, 27]. There is
substantial evidence that microRNAs are an important component of the cellular regu-
latory network, providing a post-transcriptional means to control the amounts of mRNA
transcripts and their protein products [1, 20, 27, 38]. As a consequence of their important
role in gene regulation, many previous methods have been proposed for finding the targets
of microRNAs [20, 27, 33, 40]. In this section, we will formulate the problem of finding
microRNA targets as one of ranking and we will apply the structured ranking learning
framework for the let-7b microRNA and its putative targets. In addition to sequence
data, we will make use of mRNA, microRNA and protein abundance measurements in

order to rank microRNA-target interactions.

Data processing

Here we will use a dataset profiling the expression of human mRNAs after transfection
of a synthetic RNA duplex of the mature let-7b hairpin into WERI-Rb1 retinoblastoma
samples [27]. Under the assumption that microRNA regulation causes a reduction in
mRNA expression, pairwise preferences between sequences were asserted using the MAD
criterion used for the above analysis of transcription factors, but using negative log-
expression-ratios of expression from the let-7b transfections instead. Thus the score
assigned to a sequence by a good model should correlate with the amount of down-
regulation by let-7b.

We focused here on the human genes in the WERI-Rb1 transfection experiment of
[27] that A) had 3’'UTR sequence information provided by Ensembl and B) were provided
with both mRNA expression and protein abundance data in 3,636 paired mRNA-protein

expression profiles obtained from cDNA microarray and mass-spectrometry across brain,
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heart, liver, lung and placenta tissue pools in mouse [39, 72]. This yielded a total of
799 human 3’UTR sequences that satisfied the above desiderata. We then selected the
400 sequences with the lowest log-expression ratios as positives and labelled the other
399 genes as negatives. As with the preceding analysis of transcription factor binding
sites (Section 5.5.6), we wish to assess the out-of-sample predictive performance of our
method, so that we selected a random sample of 250 positive sequences for our training
data and the remainder for the test data. Similarly, we selected 250 sequences from the
negative group for our training set and the rest for the test data. We thus formed five

independent training/test splits in this fashion.

In contrast to the previous problem, where we had relatively few sources of data
variability, here we are provided with in vivo expression measurements of genes that
may have several different regulators, some of which may themselves be regulated by
let-7b. The problem of scoring microRNA targets is thus an example of the type of
the problem commonly encountered in genomics, where the goal is to discover sequences
in the presence of many sources of in vivo regulatory variability. The hypothesis here
is that we can leverage additional information in the form of independent quantitative
measurements and computational predictions in order to better account for the variability

in orderings over sequences.

To learn to rank microRNA targets, we will use human 3’'UTR sequence data, mouse
mRNA expression [72], mouse let-7b expression [1] and mouse protein abundance data
[39] across brain, heart, liver, lung and placenta tissue pools, whereby the mouse mRNAs
being profiled are homologs of the human mRNAs from the WERI-Rb1 assay. Further-
more, the expression for the let-7b microRNA in the above tissue pools corresponds to
that of mouse homolog for let-7b. Expression and abundance values from the above three

datasets were processed according to the guidelines in [1, 39, 72].

In addition to expression features, we would also like to account for other contextual

sequence features, such as microRNA site accessibility as measured by the energy score
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AAG. To this end, we ran the algorithm of [38] for computing AAG for each 3'UTR
sequence given the mature let-7b sequence using the default algorithm settings provided
by the authors of [38]. To obtain a AAG score for the entire 3’'UTR, we summed the
AAG scores for each putative microRNA target site in the 3’UTR. Combined with the
above mRNA, microRNA and protein abundance features, this yielded a total of 16
quantitative features for each sequence to be scored. Thus for this problem, each 3’'UTR
sequence corresponds to a putative let-7h-target interaction so that let-7b putatively
targets at least one target site in the 3’UTR sequence. The above 16 features thus form

the feature vector x,, which we will use for learning to rank targets.

Incorporating diverse computational predictions

In addition to the above features, we would like to also incorporate computational target
predictions for let-7b from the PicTar [40], TargetScan [20] and RNA22 [33] sequence-
based methods. Each of these methods makes use of various criteria such as conservation
and contextual sequence features to assign scores to candidate microRNA targets. The
scores output by any of these prediction methods can be thus used to generate an or-
der graph over sequences, so that each method provides a partial ordering over some
subset of microRNA-target interactions. The proposed framework of structured ranking
learning then allows us to combine diverse computational predictions under one unified

probabilistic framework.

We downloaded computational microRNA target predictions for let-7b from the Sup-
plementary Data resources for the TargetScan [20], PicTar [40] and RNA22 [33] al-
gorithms. Preferences were established between 3’UTR sequences by summing over
microRNA-target site scores within the given 3’'UTR sequence for a given prediction
method and then comparing total scores between 3’'UTR sequences. Thus, for a given
computational prediction method, the preference o > 3 was established between two

3’'UTR sequences s,,sg if s, had a higher score than sz according to the prediction
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method and at least one of s,, s were labelled as a positive sequence as described above.

For each of the five training datasets, we ran STORMSeq with K = 7 and selected
the best model out of three random restarts via the Spearman correlation between the
learned ranking function scores and the orderings seen in the training data. We used
the same experimental configuration as in the case where we ranked sequences using
PBM data, with the additional constraint on weights w, so that we set an additional
Li-norm constraint of ||wl|; < 50. As before, the loss functional was chosen to be the
one proposed in Equation (5.18) with a CDN containing pairwise functions ¢(ry,79)
connecting all preference variables to one another, with the additional constraint on the

CDN parameters so that u; = uy = v.

Given all of the above, we applied STORMSeq under three settings, where A) we use
only sequence information, B) we use both sequence and quantitative features (mRNA
and microRNA expression, protein abundance and AAG) and C) we use both quantita-
tive features and sequence in addition to information provided by diverse computational
prediction methods. For each of the five train/test datasets, we computed precision and
recall for each of these experimental settings. The resulting precision and recall curves,
averaged over the five test sets, is shown in Figure 5.19. As can be seen, incorporating
sequence data, quantitative features and computational predictions yields an improve-
ment in predictive accuracy compared to using sequence alone or sequence in tandem
with quantitative features. This indicates that by leveraging multiple sources of informa-
tion about microRNA regulation, we can significantly increase the accuracy with which
we discover microRNA targets. In order to establish a reference method with wh9ich
to compare the above settings for STORMSeq, we also applied a simple technique for
scoring 3’"UTR sequences by counting the occurrence of different 7-mers in each sequence
and then ranking the 3’'UTRs by the counts. Thus we examined counts of all possi-
ble 7-mers for the 3’UTRs in each training set, then selected the 7-mer which achieved

the best Spearman correlation with the mRNA expression measurements in the training
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Figure 5.19: Average out-of-sample precision versus recall for different STORMSeq learn-
ing configurations using expression data for mRNAs in response to let-7b transfection [27].
Curves are shown as the average precision and recall over five training and test data sets. By
incorporating additional sources of sequence information, sequence context and quantitative
profiling features, STORMSeq achieves higher accuracy (blue) than using sequence data alone
(green), sequence data combined with quantitative features without computational predictions

as additional data (red), or by using counts of 7-mers in the 3'UTR sequences (black).

data. The average precision and recall of the resulting 7-mer on test data, averaged over
five test datasets, is shown in Figure 5.19. Here we see that while this simple technique
can outperform STORMSeq using only sequence information, but underperforms with
respect to STORMSeq using additional quantitative features and prediction methods.
As additional validation, we show the cumulative distribution of AAG scores between
the let-7b microRNA and target mRNAs in our dataset for the top and bottom 100 targets
ranked according to STORMSeq (Figure 5.20(a)). We expect a priori that sequences with

lower AAG score are more likely to be bound by a targeting microRNA than not. As
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can be seen, high-scoring targets have a significantly lower average AAG value than low-
scoring targets (P < 1072, Wilcoxon-Mann-Whitney), demonstrating that the targets
discovered by STORMSeq are likely to be genuinely targeted by let-7b. Furthermore,
the protein abundances for the top and bottom 100 targets differed significantly (P =
7.73 x 107%), adding support for the hypothesis that the targets that receive a high score
under STORMSeq are bona fide, as microRNA activity generally leads to lower protein
abundance and mRNA transcript abundance [1, 20, 27, 38].

To further assess the use of purely sequence-based methods for this problem, we
also ran the MEME [3] and AlignACE [32] algorithms using default settings on the 250
positive sequences for each training set and examined the resulting PSSMs reported by
both algorithms. Each PSSM M obtained from these methods can then be used to
rank sequences using the ranking function pg,(s.; M) as described previously. For all
five training/test datasets, we found that neither of the PSSMs discovered by MEME
and AlignACE led to any significant ability to rank let-7b targets (data not shown),
suggesting that without additional information in the form of sequence conservation or
quantitative measurements, de novo approaches to scoring sequences are significantly
more likely to find poor models by virtue of overfitting, using only sequence information

or due to model misspecification.

5.5.8 Discussion

We have presented the STORMSeq method for learning to rank regulatory sequences
by combining heterogeneous datasets and diverse computational prediction methods.
STORMSeq learns a model for ranking sequences given many observations, even if mea-
surements or scores from different observations are not directly comparable. The explicit
formulation of sequence search as a problem of ranking accounts for the fact that different
sequences can have multiple levels of significance and any method for ranking should cor-
rectly order sequences by assigning a high score to biologically significant sequences. In

particular, by accounting for the structure inherent to the problem of ranking, STORM-
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Figure 5.20: a) Cumulative frequency plots of the AAG scores on the top and bottom 100
targets as ranked by STORMSeq. High-scoring STORMSeq targets generally have higher target
site accessibility and so have a lower AAG value compared to low-scoring targets (P < 10729,
Wilcoxon-Mann-Whitney); b) Cumulative frequency plots of protein abundances for top and
bottom 100 targets as ranked by STORMSeq. High-scoring STORMSeq targets have signifi-

cantly lower target protein abundance (P = 7.73 x 107%) as a result of microRNA repressive

activity.

Seq improves predictive performance over other unstructured methods for learning to

rank. In addition, STORMSeq largely avoids many of the issues of model misspeci-
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fication and complex inference that may arise when modelling multiple heterogeneous
datasets. As STORMSeq is formulated in fairly general terms, it can also be applied to
other problems of sequence search such as ranking drug targets, discovering genetic as-
sociations or scoring protein-protein interactions, although we have not focused on such

applications here.

We have applied STORMSeq to the problems of scoring sequences bound by tran-
scription factors and sequences bound by microRNAs. In the latter case, the use of CDNs
to model statistical dependence relationships amongst preferences, in tandem with the
ability to combine different data types with computational predictions, were both shown
to improve predictive accuracy. This suggests that STORMSeq may also be useful for
problems in comparative genomics as a principled means for combining diverse datasets.
Other interesting extensions of the STORMSeq would include scaling the proposed frame-
work to genome-wide detection of regulatory sequences as well as using alternate para-
metric forms for the ranking function that could account for interactions between the

sequences to be ranked.

In the case of ranking microRNA-target interactions we have shown that incorpo-
rating diverse computational predictions increases predictive accuracy as measured by
precision and recall. It should be noted that one must exercise care in what additional
sources of computational predictions are incorporated into the analysis. We found that
by incorporating computational prediction methods that had inherently low accuracy
(e.g.: using methods which make predictions in a de novo fashion using sequence data
alone), we could in fact decrease the predictive accuracy of our method (data not shown).
In our case, particular computational prediction methods were included in our analysis
on the basis of a previous study conducted in [27], which gauged the predictive accuracy
of a variety of microRNA-target prediction methods according to a variety of metrics.
We caution that in the case in which data is relatively limited in size, including com-

putational predictions from methods that have low accuracy can adversely impact the
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accuracy of STORMSeq. A possible extension to the framework proposed here is to allow
for outlier detection so that the model can discount the impact of outlier observations.
An important issue which arises often in practice concerns the tractability of the
proposed framework. In a setting in which one is given a large number of sequences to be
ranked for a single observation, the number of edges in an order graph may in the worst
case reach O(n?), where n is the number of objects in the observation. As storing and
processing such a large observation may be outright intractable, we have made use of the
MAD criterion for asserting preference relationships, which has the effect of reducing the
number of pairwise preferences to be modeled. One can devise similar schemes to reduce
the number of pairwise preferences to be modeled, as many of these will represent pairwise
ordering constraints between very highly relevant sequences and irrelevant ones. We have
also found that one can randomly break up an observation defined over many sequences
into a set of multiple observations defined over smaller subsets of the sequences. Each
of these observations could then be tractably modeled using the proposed method. In
addition or as an alternative to the above, one can choose a CDN graph which is tractable
and amenable to fast computations. An advantage of the proposed framework is that it is
possible to use sparser CDN graphs which tradeoff the presence of dependencies between

pairwise preferences for tractability and speedups in computation time.



Chapter 6

Conclusion

We have proposed the CDN as a graphical model for joint CDFs over many variables.
In Chapter 3, we have shown that the conditional independence properties of a CDN
are distinct from the independence properties of directed, undirected and factor graphs.
However, these properties include those for bidirected graphs as a subset, so that CDNs
provide a parameterization for bidirected graphical models. Furthermore, we presented a
method for constructing a factor graph with additional latent variables for which graph
separation in the corresponding CDN implies conditional independence of the separated
variables in the joint probability obtained from marginalizing out the latent variables. As
a result of this theorem we can always view a CDN as a factor graph with latent variables
introduced. In the particular case in which variable nodes in the CDN correspond to
maxima over latent variables, we provided a closed-form mapping from a CDN to a factor
graph. We have then demonstrated in Chapter 4 that inference in a CDN corresponds
to computing derivatives/finite differences. Chapter 4 described the DSP algorithm for
computing such derivatives/finite differences by passing messages in the CDN where each

message corresponds to local derivatives of the joint CDF.

In Chapter 5, we used the graphical framework provided by CDNs to formulate mod-

els and methods for learning to rank in a structured setting in which we must account for
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statistical dependence relationships between model variables. We first applied the DSP
algorithm to the problem of ranking in multiplayer gaming where players compete in
teams. The DSP algorithm allowed us to compute distributions over player scores given
previous game outcomes while accounting for the team-based structure of the games,
whereby we were able to show improved results over previous methods. The CDN frame-
work was then used to construct loss functionals for structured ranking learning where
we wish to account for statistical dependence relationships that arise in ranking a set
of objects. We showed that many probability models for rank data can be viewed as
particular CDNs with different connectivities between pairwise object preferences. We
then applied the proposed framework to the problems of document retrieval and sequence
search in computational systems biology. In the latter problem, the proposed framework
allows one to flexibly define structured loss functionals and ranking functions, which then
allows one to integrate together a variety of data sources, including both experimental
measurements and computational predictions.

Based on the work and results presented in this thesis, we can recommend future

directions of research pertaining to the methods presented in previous chapters.

6.1 Future work

6.1.1 Construction of CDN models

In this thesis we have presented a few parameterizations for CDN functions such as
multivariate Gaussian CDFs, copula functions and multivariate sigmoidal functions. Fu-
ture work could focus on investigating the applicability of additional parameterizations
for such functions. Additionally, future work could focus on the implications of the
min-independence property for CDNs defined over discrete variables, whereby the set of
conditional independence relationships is a function of the particular ordering over the

possible variable configurations. One could investigate how this impacts the selection of
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CDN functions and how this affects the design of CDNs in general.

6.1.2 Learning in cumulative distribution networks

While in Chapter 5 we presented a framework for learning a CDN in which the likeli-
hood was of the form log F'(x|@), there may be applications in which one may wish to
instead optimize the log-probability density log P(x|@), such that learning corresponds
to maximum-likelihood learning. In Chapter 4, we presented the DSP algorithm for
both discrete and continuous-variable networks and we showed how DSP could be used
to compute the probability density P(x|@) from the joint CDF F(x|€) modeled by the
CDN. In order to perform maximum likelihood learning in which we wish to maximize
the log-likelihood L(x;6) = log P(x|@) with respect to a parameter vector 6 for a given
set of observed variables x, one can use modified versions of DSP messages in order to
compute the gradient VgL(x;0) of the log-likelihood. The guiding principle here is that
the gradient operator can be distributed amongst local functions in the CDF, much like
the differentiation operation in DSP, so that by modifying DSP messages appropriately
we can obtain the gradient VoL(x;0). Once computed, the gradient vector can then be
used in a gradient-descent algorithm to optimize the log-likelihood. Future research in
this direction could be directed at establishing what class of graphs can yield tractable
gradient computations, as well as the complexity /accuracy tradeoffs involved in comput-
ing gradients in graphs with cycles. Another interesting direction would be to examine
the problem of structure learning of CDNs via maximum-likelihood, which we have not
addressed in this thesis. This could perhaps be accomplished by message-passing for

maximum-likelihood, or perhaps by using other measures of loss for learning CDNs.

6.1.3 Derivative-sum-product in graphs with cycles

We have shown that our message-passing algorithm leads to the correct set of derivatives

of the joint CDF provided that the underlying graph is a tree. As with the sum-product
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algorithm for factor graphs, if the graph contains cycles, then the derivative-sum-product
is no longer guaranteed to yield the correct mixed derivatives of the joint CDF, so that
messages may begin to ‘oscillate’ as they propagate around cycles in the graph. One
important direction to pursue is to establish conditions under which the presence of
cycles will not lead to oscillations in messages: one could resort to a similar methodology
as that employed by [68], where a graph with cycles is "unwrapped" and the resulting

messages are analyzed.

6.1.4 Approximating derivative-sum-product

in continuous variable models
In Chapter 4, we showed that for graphs defined over continuous variables, the complexity
of computing DSP message updates at a given function node increased exponentially with
the number of neighboring variable nodes, as one has to sum over products of messages
incoming from all subsets of variables connected to the function node. However, it may
be possible to approximate messages using simpler, tractable forms such as conditional
univariate Gaussian CDFs. Future work here would be to establish tractable methods
for performing such approximations and gauge the performance of such an approximate

scheme for inference in CDNs on both synthetic and real-world data.

6.1.5 Extending the structured ranking learning framework

In Chapter 5 we applied the structured ranking learning framework to problems of learn-
ing to rank in document retrieval and ranking sequences in computational systems biol-
ogy. One could easily explore the use of different CDN topologies, CDN functions and
ranking functions for these same problems and the tradeoff in accuracy versus computa-
tional cost. Other areas in which the problem of learning to rank arises is in collaborative
prediction [57], where any model should account for both the ordinal and discrete non-
metric nature of user ratings. Regarding applications to computational systems biology,

an open question is what other problems would be amenable to the proposed structured
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ranking learning framework where one would like to integrate together multiple datasets

and computational predictions in the setting of learning to rank.

6.1.6 Constructing mixed graphical models

As we have demonstrated in this thesis, the graph separation criterion for assessing
conditional independence in CDNs include those for bidirected graphs [58]. As such
graphs are a special case of mixed graphs containing undirected, directed and bidirected
edges, a future avenue of research would be to investigate whether one can tractably
construct such mixed graphical models using a hybrid graphical formulation combining
the CDN model with that of factor graphs for joint probability density/mass functions.
The Bayesian learning approach adopted by [64] could provide a good framework with
which to qualitatively and quantitatively compare the use of CDNs for constructing such

mixed graphical models.
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