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Abstract

This paper addresses the problem of learning Bayesian network structures from data based
on score functions that are decomposable. It describes properties that strongly reduce the
time and memory costs of many known methods without losing global optimality guaran-
tees. These properties are derived for different score criteria such as Minimum Description
Length (or Bayesian Information Criterion), Akaike Information Criterion and Bayesian
Dirichlet Criterion. Then a branch-and-bound algorithm is presented that integrates struc-
tural constraints with data in a way to guarantee global optimality. As an example, struc-
tural constraints are used to map the problem of structure learning in Dynamic Bayesian
networks into a corresponding augmented Bayesian network. Finally, we show empirically
that the new algorithm, as well as state-of-the-art methods, can handle larger data sets
with the use of the properties than those currently possible without them.

Keywords: Bayesian networks, structure learning, properties of decomposable scores,
structural constraints, branch-and-bound technique

1. Introduction

A Bayesian network is a probabilistic graphical model that relies on a structured depen-
dency among random variables to represent a joint probability distribution in a compact
and efficient manner. It is composed by a directed acyclic graph (DAG) where nodes are
associated to random variables and conditional probability distributions are defined for vari-
ables given their parents in the graph. Learning the graph (or structure) of these networks
from data is one of the most challenging problems, even if data are complete. The prob-
lem is known to be NP-hard (Chickering et al., 2004), and best exact known methods take
exponential time on the number of variables and are applicable to small settings (around
30 variables). Approximate procedures can handle larger networks, but usually they get
stuck in local maxima. Nevertheless, the quality of the structure plays a crucial role in
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the accuracy of the model. If the dependency among variables is not properly learned, the
estimated distribution may be far from the correct one.

In general terms, the problem is to find the best structure (DAG) according to some score
function that depends on the data (Heckerman et al., 1995). There are methods based on
other (local) statistical analysis (Spirtes et al., 1993), but they follow a completely different
approach. The research on this topic is active (Chickering, 2002; Teyssier and Koller, 2005;
Tsamardinos et al., 2006; Silander and Myllymaki, 2006; Parviainen and Koivisto, 2009;
de Campos et al., 2009; Jaakkola et al., 2010), mostly focused on complete data. In this
case, best exact ideas (where it is guaranteed to find the global best scoring structure)
are based on dynamic programming (Koivisto and Sood, 2004; Singh and Moore, 2005;
Koivisto, 2006; Silander and Myllymaki, 2006; Parviainen and Koivisto, 2009), and they
spend time and memory proportional to n - 2", where n is the number of variables. Such
complexity forbids the use of those methods to a couple of tens of variables, mainly because
of the memory consumption (even though time complexity is also a clear issue). Ott and
Miyano (2003) devise a faster algorithm when the complexity of the structure is limited
(for instance the maximum number of parents per node and the degree of connectivity of a
subjacent graph). Perrier et al. (2008) use structural constraints (creating a super-structure
from which the optimal must be a subgraph) to reduce the search space, showing that such
direction is promising when one wants to learn structures of large data sets. Kojima et al.
(2010) extend the same ideas with other types of constraints. Mostly these methods are
based on improving the dynamic programming method to work over reduced search spaces.
On a different front, Jaakkola et al. (2010) apply a linear programming relaxation to solve
the problem, together with a branch-and-bound search. Branch-and-bound methods can
be effective when good bounds and cuts are available. For example, this has happened
with certain success in the Traveling Salesman Problem (Applegate et al., 2006). We have
proposed an algorithm that also uses branch and bound, but employs a different technique
to find bounds (de Campos et al., 2009). It has been showed that branch and bound methods
can handle somewhat larger networks than the dynamic programming ideas. The method
is described in detail in Section 5.

In the first part of this paper, we present structural constraints as a way to reduce
the search space. We explore the use of constraints to devise methods to learn special-
ized versions of Bayesian networks (such as naive Bayes and Tree-augmented naive Bayes)
and generalized versions, such as Dynamic Bayesian networks (DBNs). DBNs are used to
model temporal processes. We describe a procedure to map the structural learning problem
of a DBN into a corresponding augmented Bayesian network through the use of further
constraints, so that the same exact algorithm we discuss for Bayesian networks can be
employed for DBNs.

In the second part, we present some properties of the problem that bring a considerable
improvement on many known methods. We build on our recent work (de Campos et al.,
2009) on Akaike Information Criterion (AIC) and Bayesian Information Criterion (BIC),
and present new results for the Bayesian Dirichlet (BD) criterion (Cooper and Herskovits,
1992) and some derivations under a few assumptions. We show that the search space of
possible structures can be reduced drastically without losing the global optimality guarantee
and that the memory requirements are very small in many practical cases.
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As data sets with many variables cannot be efficiently handled (unless P=NP), a desired
property of a learning method is to produce an any-time solution, that is, the procedure, if
stopped at any moment, provides an approximate solution, while if run until it finishes, a
global optimum solution is found. However, the most efficient exact methods are not any-
time. We describe an any-time exact algorithm using a branch-and-bound (B&B) approach
with caches. Scores are pre-computed during an initialization step to save computational
time. Then we perform the search over the possible graphs iterating over arcs. Because of
the B&B properties, the algorithm can be stopped with a best current solution and an upper
bound to the global optimum, which gives a certificate to the answer and allows the user to
stop the computation when she/he believes that the current solution is good enough. For
example, such an algorithm can be integrated with a structural Expectation—-Maximization
(EM) method without the huge computational expenses of other exact methods by using
the generalized EM (where finding an improving solution is enough), but still guaranteeing
that a global optimum is found if run until the end. Due to this property, the only source
of approximation would regard the EM method itself. It worth noting that using a B&B
method is not new for structure learning (Suzuki, 1996). Still, that previous idea does not
constitute a global exact algorithm, instead the search is conducted after a node ordering
is fixed. Our method does not rely on a predefined ordering and finds a global optimum
structure considering all possible orderings.

The paper is divided as follows. Section 2 describes the notation and introduces Bayesian
networks and the structure learning problem based on score functions. Section 3 presents
the structural constraints that are treated in this work, and shows examples on how they
can be used to learn different types of networks. Section 4 presents important properties of
the score functions that considerably reduce the memory and time costs of many methods.
Section 5 details our branch-and-bound algorithm, while Section 6 shows experimental
evaluations of the properties, the constraints and the exact method. Finally, Section 7
concludes the paper.

2. Bayesian networks

A Bayesian network represents a joint probability distribution over a collection of random
variables, which we assume to be categorical. It can be defined as a triple (G, X', P), where
G = (Vg, Eg) is a directed acyclic graph (DAG) with Vg a collection of n nodes associated
to random variables X' (a node per variable), and Eg a collection of arcs; P is a collection
of conditional mass functions p(X;|Il;) (one for each instantiation of I1;), where II; denotes
the parents of X; in the graph (II; may be empty), respecting the relations of Fg. In a
Bayesian network every variable is conditionally independent of its non-descendants given
its parents (Markov condition).

We use uppercase letters such as X;, X; to represent variables (or nodes of the graph,
which are used interchanged), and x; to represent a generic state of X;, which has state
space Qx, = {zi1, Zi2, ..., Tir, }, Where r; = |Qx,| > 2 is the number of (finite) categories of
X (|| is the cardinality of a set or vector, and the notation = is used to indicate a definition
instead of a mathematical equality). Bold letters are used to emphasize sets or vectors. For
example, x € OQx = Xxex{lx, for X C X, is an instantiation for all the variables in X.
Furthermore, 11, = |Qm,| = [ x, ey, 7¢ is the number of possible instantiations of the parent
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set II; of X;, and @ = (6;x)vijr is the entire vector of parameters such that the elements
are 0;, = p(wi|mi;), with i € {1,...,n}, j € {1,...,rm, }, k € {1,...,r;}, and m;; € Qy,.

Because of the Markov condition, the Bayesian network represents a joint probability
distribution by the expression p(x) = p(x1,...,z,) = [[; p(x;|7;), for every x € Qy, where
every xz; and 7r; are consistent with x.

Given a complete data set D = {Dy,..., Dy} with N instances, where D, = x,, € Qy
is an instantiation of all the variables, the goal of structure learning is to find a DAG G
that maximizes a given score function, that is, we look for G* = argmaxg.g sp(G), with
G the set of all DAGs with nodes X, for a given score function sp (the dependency on
data is indicated by the subscript D).! In this paper, we consider some well-known score
functions: the Bayesian Information Criterion (BIC) (Schwarz, 1978) (which is equivalent to
the Minimum Description Length), the Akaike Information Criterion (AIC) (Akaike, 1974),
and the Bayesian Dirichlet (BD) (Cooper and Herskovits, 1992), which has as subcases BDe
and BDeu (Buntine, 1991; Cooper and Herskovits, 1992; Heckerman et al., 1995). As done
before in the literature, we assume parameter independence and modularity (Heckerman
et al., 1995). The score functions based on BIC and AIC differ only in the weight that is
given to the penalty term:

BIC/AIC : sp(G) = mnggp(H) —t(G) - w,

where t(G) = >, (rm, - (r; — 1)) is the number of free parameters, w = @ for BIC and
w =1 for AIC, Lg p is the log-likelihood function with respect to data D and graph G:

n T, r;

Lgp(0) =log [TTT I] 6" (1)

i=1j=1k=1

where n;;, indicates how many elements of D contain both x;, and m;;. Note that the
values (n;ji)vijr depend on the graph G (more specifically, they depend on the parent set
I1; of each Xj;), so a more precise notation would be to use ng’k instead of n;j;. We avoid
this heavy notation for simplicity unless necessary in the context. Moreover, we know that
0" = (07 )vijk = (52 Jvije = argmaxg Lg,p(0), with nyj = 32 nijr.?

In the case of the BD criterion, the idea is to compute a score based on the posterior
probability of the structure p(G|D). For that purpose, the following score function is used:

BD: sp(0) =10s (0(©) - [ p(DIG.0)- p01G)a0).

where the logarithmic is often used to simplify computations, p(€|G) is the prior of 0 for a
given graph G, assumed to be a Dirichlet with hyper-parameters o = (i )vijr (which are
assumed to be strictly positive):

n T, T azgk 1

1k

p0/6) = [T T[ Pfas) 0Eiewm
i=1 j=1 k=1 ijk)’

1. In case of many optimal DAGs, then we assume to have no preference and argmax returns one of them.

2. If n;; = 0, then n;;, = 0 and we assume the fraction T:—Jk to be equal to one.
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where a;; = >, . Hyper-parameters (i )vijr also depend on the graph G, and we
indicate it by a?j’k if necessary in the context. From now on, we also omit the subscript D.
We assume that there is no preference for any graph, so p(G) is uniform and vanishes in the
computations. Under the assumptions, it has been shown (Cooper and Herskovits, 1992)
that for multinomial distributions,

T

I'(auj) I(aujn + nijr)
=1 . 2
ogH H I'(cij + ngj) ]-_[1 I(oiji) (2)

1=1j5=1

The BDe score (Heckerman et al., 1995) assumes that o;;; = o* - p(0;;%x|G), where o* is
the hyper-parameter known as the Equivalent Sample Size (ESS), and p(6;;x|G) is the prior
probability for (z;; A 7i;) given G (or simply given II;). The BDeu score (Buntine, 1991;
Cooper and Herskovits, 1992) assumes further that local priors are such that a;j; becomes
r:[[v*n- and o is the only free hyper-parameter.

" An important property of all such criteria is that their functions are decomposable and
can be written in terms of the local nodes of the graph, that is, s(G) = > ; s;(IL;), such
that

BIC/A]C : Si(Hi) = max an(el) — ti(Hi) s w, (3)

i

where LHZ.(Bi) = Z;ill 222:1 Nyjk log Hijka and ti<HZ‘) =rm, (7“2' —1). And similarly,

I,
- az ik T Njk
BD: s(I)=)_ (logr(a +Zlo Ja k)J )>. (4)
j=1 'L] )

In the case of BIC and AIC, Equation (3) is used to compute the global score of a graph
using the local scores at each node, while Equation (4) is employed for BD, BDe and BDeu,
using the respective hyper-parameters cx.

3. Structural Constraints

A way to reduce the space of possible DAGs is to consider some constraints provided by
experts. We work with structural constraints that specify where arcs may or may not be
included. These constraints help to reduce the search space and are available in many
situations. Moreover, we show examples in Sections 3.1 and 3.2 of how these constraints
can be used to learn structures of different types of networks, such as naive Bayes, tree-
augmented naive Bayes, and Dynamic Bayesian networks. We work with the following rules,
used to build up the structural constraints:

o indegree(X;, k,op), where op € {lt,eq} and k an integer, means that the node Xj;
must have less than (when op = 1t) or equal to (when op = eq) k parents.

e arc(X;, X;) indicates that the node X; must be a parent of Xj.

e Operators or (V) and not (—) are used to form the rules. The and operator is not
explicitly used as we assume that each constraint is in disjunctive normal form.
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The structural constraints can be imposed locally as long as they involve just a single
node and its parents. In essence, parent sets of a node X; that do violate a constraint are
never processed nor stored, and this can be checked locally when one is about to compute
the local score. On the other hand, constraints such as (arc(Xi, X2) V arc(Xa, X3)) cannot
be imposed locally, as it defines a non-local condition (the arcs go to distinct variables,
namely X5 and X3). In this work we assume that constraints are local. Besides constraints
devised by an expert, one might use constraints to force the learning procedure to obtain
specialized types of networks. The next two subsections describe (somewhat non-trivial)
examples of use of constraints to learn different types of networks. Specialized networks
tend to be easier to learn, because the search space is already reduced to the structures that
satisfy the underlying constraints. Notwithstanding, the readers who are only interested in
learning general Bayesian networks might want to skip the rest of this section and continue
from Section 4.

3.1 Learning Naive and TAN structures

For example, the constraints V.. j+. —arc(X;, X;) and indegree(X.,0,eq) impose that
only arcs from node X. to the others are possible, and that X, is a root node, that is,
a Naive Bayes structure will be learned. A learning procedure would in fact act as a
feature selection procedure by letting some variables unlinked. Note that the symbol V
just employed is not part of the language but is used for easy of expose (in fact it is
necessary to write down every constraint defined by such construction). As another example,
the constraints Vj.. indegree(X, 3,1t), indegree(X., 0, eq), and V. indegree(X;,0,eq) V
arc(Xc, X;) ensure that all nodes have X, as parent, or no parent at all. Besides X, each
node may have at most one other parent, and X, is a root node. This learns the structure of
a Tree-augmented Naive (TAN) classifier, also performing a kind of feature selection (some
variables may end up unlinked). In fact, it learns a forest of trees, as we have not imposed
that all variables must be linked. In Section 6 we present some experimental results which
indicate that learning TANs is a much easier (still very important) practical situation.

We point out that learning structures of networks with the particular purpose of building
a classifier can be also tackled by other score functions that consider conditional distribu-
tions (Pernkopf and Bilmes, 2005). Here we present a way to learn TANs considering the
fit of the joint distribution, which can be done by constraints. Further discussions about
learning classifiers is not the aim of this work.

3.2 Learning Dynamic Bayesian Networks

A more sophisticated application of structural constraints is presented in this section,
where they are employed to translate the structure learning in Dynamic Bayesian Net-
works (DBNSs) to a corresponding problem in Bayesian networks. While Bayesian networks
are not directly related to time, DBNs are used to model temporal processes. Assuming
Markovian and stationary properties, DBNs may be encoded in a very compact way and
inferences are executed quickly. They are built over a collection of sets of random vari-
ables {X0 X1 ... XT} representing variables in different times 0, 1,...,T (we assume that
time is discrete). A Markovian property holds, which ensures that p(X'TH&x0, ... Xt =
p(XHL XY, for 0 < t < T. Furthermore, because the process is assumed to be stationary,



EFFICIENT STRUCTURE LEARNING OF BAYESIAN NETS

we have that p(X*t|X*) is independent of ¢, that is, p(X*T!|Xt) = p(X¥*+1X") for any
0 < t,t/ < T. This means that a DBN is just as a collection of Bayesian networks that
share the same structure and parameters (apart from the initial Bayesian network for time
zero). If X! € X' are the variables at time ¢, a DBN may have arcs between nodes X! of
the same time t and arcs from nodes Xffl (previous time) to nodes X! of time ¢. Hence, a
DBN can be viewed as two-slice temporal Bayesian network, where at time zero, we have
a standard Bayesian network as in Section 2, which we denote B°, and for slices 1 to T we
have another Bayesian network (called transitional Bayesian network and denoted simply
B) defined over the same variables but where nodes may have parents on two consecutive
slices, that is, B precisely defines the distributions p(X*+1|X?), for any 0 <t < T.

To learn a DBN, we assume that many temporal sequences of data are available. Thus,
a complete data set D = {Dj,...,Dy} is composed of N sequences, where each D, is
composed of instances Dy, = xy, = {zl,1,..., 2 ,}, for t = 0,..., T (where T is the total
number of slices/frames apart from the initial one). Note that there is an implicit order
among the elements of each D,,. We denote by D? = {DY : 1 < u < N} the data of the first
slice, and by D! = {(D!,D!=1): 1 <u < N}, with 1 < ¢ < T, the data of a slice ¢ (note that
the data of the slice t—1 is also included, because it is necessary for learning the transitions).
As the conditional probability distributions for time ¢ > 0 share the same parameters, we
can unroll the DBN to obtain the factorization p(X7) = [T, p*(X?|19) [T, TT, p(X}|TT1}),
where p®(X?[I19) are the local conditional distributions of B°, X! and II! represent the
corresponding variables in time ¢, and p(X!|II}) are the local distributions of B.

Unfortunately learning a DBN is at least as hard as learning a Bayesian network, because
the former can be viewed as a generalization of the latter. Still, we show that the same
method used for Bayesian networks can be used to learn DBNs. With complete data,
learning parameters of DBNs is similar to learning parameters of Bayesian networks, but
we deal with counts n;j;, for both B and B. The counts related to BY are obtained from the
first slice of each sequence, so there are N samples overall, while counts for B are obtained
from the whole time sequences, so there are IV -T' elements to consider (supposing that each
sequence has the same length T', for ease of expose). The score function of a given structure
decomposes between the score function of B and the score function of B (because of the
decomposability of score functions), so we look for graphs such that

(G™,G"™) = argmax (spo(G°) + sprr(G’)) = (argmax spo(G°), arggma,x sprr(G)),  (5)
go.g’ go !

where G is a graph over X% and G’ is a graph over variables X*, X~ of a generic slice ¢ and
its predecessor t — 1. Counts are obtained from data sets with time sequences separately for
the initial and the transitional Bayesian networks, and the problem reduces to the learning
problem in a Bayesian network with some constraints that force the arcs to respect the
DBN’s stationarity and Markovian characteristics (of course, it is necessary to obtain the
counts from the data in a particular way). We make use of the constraints defined in Section
3 to develop a simple transformation of the structure learning problem to a corresponding
structure learning problem in an augmented Bayesian network. The steps of this procedure
are as follows:
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1. Learn B° using the data set DY. Note that this is already a standard Bayesian network
structure learning problem, so we obtain the graph G° for the first maximization of
Equation (5).

2. Suppose there is a Bayesian network B’ = (G', X', P’) with twice as many nodes as B°.
Denote the nodes as (Xi,...,Xp, X{,...,X]). Construct a new data set D’ that is
composed by N-T elements {D!, ... ,DT}. Note that D’ is precisely a data set over 2n
variables, because it is formed of pairs (D!, D!), which are complete instantiations
for the variables of B’, containing the elements of two consecutive slices.

3. Include structural constraints as follows:

Vi<i<n arc(X;, X7) (6)
Vi<i<n tndegree(X;,0,eq) (7)

Equation (6) forces the time relation between the same variable in consecutive time
slices (in fact this constraint might be discarded if someone does not want to enforce
each variable to be correlated to itself of the past slice). Equation (7) forces the
variables X1,..., X, to have no parents (these are the variables that are simulating
the previous slice, while the variables X’ are simulating the current slice).

4. Learn B’ using the data set D’ with an standard Bayesian network structure learning
procedure, capable of enforcing the structural constraints. Note that the parent sets
of X1,...,X,, are already fixed to be empty, so the output graph will maximize the
scores associated only to nodes X”: argmaxg spu.r(G')) =

argmax (Z s; prr (IT;) + Z Si/’DlzT(H;)> = argmax Z sy prr (II7).
g’ i i g’

i/
This holds because of the decomposability of the score function among nodes, so that
the scores of the nodes X1, ..., X, are fixed and can be disregarded in the maximiza-
tion (they are constant).

5. Finally, we take the subgraph of G’ corresponding to the variables X7,..., X/ to be
the graph of the transitional Bayesian network B. This subgraph has arcs among
X{,...,X] (which are arcs correlating variables of the same time slice) as well as arcs
from the previous slice to the nodes X7,..., X/.

Therefore, after applying this transformation, the structure learning problem in a DBN
can be performed by two calls to the method that solves the problem in a Bayesian net-
work. We point out that an expert may create her/his own constraints to be used during
the learning, besides those constraints introduced by the transformation, as long as such
constraints do not violate the DBN implicit constraints. This makes possible to learn DBNs
together with expert’s knowledge in the form of structural constraints.
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4. Properties of the score functions

In this section we present mathematical properties that are useful when computing score
functions. Local scores need to be computed many times to evaluate the candidate graphs
when we look for the best graph. Because of decomposability, we can avoid to compute
such functions several times by creating a cache that contains s;(II;) for each X; and each
parent set II;. Note that this cache may have an exponential size on n, as there are 27!
subsets of {X1,...,X,} \ {Xi} to be considered as parent sets. This gives a total space
and time of O(n - 2" - v) to build the cache, where v is the worse case asymptotic time to
compute the local score function at each node.? Instead, we describe a collection of results
that are used to obtain much smaller caches in many practical cases.

First, Lemma 1 is quite simple but very useful to discard elements from the cache of
each node Xj;. It holds for all score functions that we treat in this paper. It was previously
stated in Teyssier and Koller (2005) and de Campos et al. (2009), among others.

Lemma 1 Let X; be a node of G', a candidate DAG for a Bayesian network where the
parent set of X; is I;. Suppose II; C II. is such that s;(IL;) > s;(II}) (where s is one of
BIC, AIC, BD or derived criteria). Then II, is not the parent set of X; in an optimal DAG
g*.

Proof This fact comes straightforward from the decomposability of the score functions.
Take a graph G that differs from G’ only on the parent set of X;, where it has II; instead of
H;. Note that G is also a DAG (as G is a subgraph of G’ built from the removal of some arcs,
which cannot create cycles) and s(G) = >, ; s; (1) +s;(IL;) > 7, 55 (1) +s: (1) = s(G').
Any DAG G’ with parent set Hg for X; has a subgraph G with a better score than that of
G’, and thus II} is not the optimal parent configuration for X; in G*. |

Unfortunately Lemma 1 does not tell us anything about supersets of II/, that is, we still
need to compute scores for all the possible parent sets and later verify which of them can
be removed. This would still leave us with n-2" - v asymptotic time and space requirements
(although the space would be reduced after applying the lemma). The next two subsections
present results to avoid all such computations. BIC and AIC are treated separately from
BD and derivatives (reasons for that will become clear in the derivations).

4.1 BIC and AIC score properties

Next theorems handle the issue of having to compute scores for all possible parent sets,
when one is using BIC or AIC criteria. BD scores are dealt later on.

Theorem 2 Using BIC or AIC as score function, suppose that X;,I1; are such that rr; >

%% If 11 is a proper superset of 11;, then II; is not the parent set of X; in an optimal
structure.

3. Note that the time to compute a single local score might be large depending on the number of parents
but still asymptotically bounded by the data set size.
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Proof * We know that IT, contains at least one additional node, that is, II} D II; U { X.}
and X, ¢ II;. Because II; C II, L;(II}) is certainly greater than or equal to L;(II;), and
t;(I}) will certainly be greater than the corresponding value ¢;(IL;) in G. The difference in
the scores is s;(II}) — s;(II;), which equals to (see the explanations after the formulas):

max Li(I1}) — t:(113) — (miax Li(TL;) — #(I1,)) <

T

T,
Nijk Nijk /
]Z; nij ( > nijlognij> — t;(IT;) + t:(IL;) <

i=1

'I"Hi
Z ni H(0;5) — ti(IT;) + t;(I1;) <
j=1
11
> ngjlogri — i, - (re = 1) - (r = 1) -w <
j=1

TII
Znijlogri —rm, - (i — 1) -w = Nlogr; —ryg, - (r; — 1) - w.
j=1

The first step uses the fact that L;(II}) is negative, so we drop it, the second step uses the
fact that 6}, = Z’;" , with n;; = > 7% nijk, the third step uses the definition of entropy H(-)
of a discrete distribution, and the fourth step uses the fact that the entropy of a discrete
distribution is less than the log of its number of categories. Finally, the last equation is
negative if r, - (r; — 1) -w > Nlogr;, which is exactly the hypothesis of the theorem. Hence
si(IT) < s;(I1;), and Lemma 1 guarantees that II} cannot be the parent set of X; in an

optimal structure. [ |

Corollary 3 Using BIC or AIC as criterion, the optimal graph G has at most O(log N)
parents per node.

wl((;zgfl) < 1 (because w is either 1 or @) Take a

variable X; and a parent set II; with exactly [log, V| elements. Because every variable has

at least two states, we know that ry, > oIl > N > %%, and by Theorem 2 we know

that no proper superset of II; can be an optimal parent set. |

Proof Assuming N > 4, we have

Theorem 2 and Corollary 3 ensures that the cache stores at most O((g;ﬁ,)) elements for
each variable (all combinations up to [log, N'| parents). Next lemma does not help us to
improve the theoretical size bound that is achieved by Corollary 3, but it is quite useful in
practice because it is applicable even in cases where Theorem 2 is not, implying that less
number of parent sets need to be inspected.

4. Another similar proof appears in Bouckaert (1994), but it leads directly to the conclusion of Corollary
3. The intermediate result is algorithmically important.

10
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Theorem 4 Let BIC or AIC be the score criterion and let X; be a node with 11; C IT; two
possible parent sets such that t;(II}) + s;(II;) > 0. Then II} and all supersets II] D I are
not optimal parent configurations for X;.

Proof We have that t;(II}) + s;(II;) > 0 = —t;(II}) — s;(II;) < 0, and because L;(-) is a
negative function, it implies

Using Lemma 1, we have that IT; is not the optimal parent set for X;. The result also
follows for any II/ D II;, as we know that ¢;(II]) > ¢;(II;) and the same argument suffices.
|

Theorem 4 provides a bound to discard parent sets without even inspecting them. The
idea is to verify the assumptions of Theorem 4 every time the score of a parent set II; of
X, is about to be computed by taking the best score of any subset and testing it against
the theorem. Only subsets that have been checked against the structural constraints can
be used, that is, a subset with high score but that violates constraints cannot be used
as the “certificate” to discard its supersets (in fact, it is not a valid parent set at first).
This ensures that the results are valid even in the presence of constraints. Whenever the
theorem can be applied, II; is discard and all its supersets are not even inspected. This
result allows us to stop computing scores earlier than the worst-case, reducing the number
of computations to build and store the cache. II; is also checked against Lemma 1 (which
is stronger in the sense that instead of a bounding function, the actual scores are directly
compared). However Lemma 1 cannot help us to avoid analyzing the supersets of II;.

4.2 BD score properties

First note that the BD scores can be rewritten as:

az]k + nzgk)
si(Il;) = log ————— log ,
e jEZJZ F(azj + nzg kGZK az]k)

where J; = JiHi = {1 <j <rm, : ni; # 0}, because n;; = 0 implies that all terms cancel
each other. In the same manner, n;;, = 0 implies that the terms of the internal summation
cancel out, so let K;; = KHZ ={1<k<r: Nijk 7 0} be the indices of the categories
of X; such that n;j, # 0. Let KZHZ = Ungi be a vector with all indices corresponding to
non-zero counts for II; (note that the symbol U must be seen as a concatenation of vectors,
as we allow KZHZ to have repetitions). The counts n;;; (and consequently n;; = >, nijk)
are completely defined if we know the parent set II;. Rewrite the score as follows:

si(Th) = > (F(Kij, (iji)vr) + 9((niji)vks (ige)vr)
Jj€J;

11
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with

F(Kij, (cuiji)vi) = logT(aig) — Y log T (),
keK;;

9((nijr)vm, (aiji)vr) = —logT(ow; + nig) + Y log (aije + nije).
kEKl‘j

We do not need Kj;; as argument of g(-) because the set of non-zero n;;j, is known from
the counts (nj;r)vi that are already available as arguments of g(-). To achieve the de-
sired theorem that will be able to reduce the computational time to build the cache, some
intermediate results are necessary.

Lemma 5 Let II; be the parent set of X;, (cujk)vijk > 0 be the hyper-parameters, and
integers (niji)vijk > 0 be counts obtained from data. We have that g((nijk)vk, (Qijk)vi) <
—logI'(v) ~ 0.1214 if n;; > 1, where v = argmax,.—logl'(z) ~ 1.4616. Furthermore,

9((nijk) v, (ujr)ve) < —log ayj 4 log aigi, — f (K, (g )wi) if |Kij| = 1.

Proof We use the relation I'(x + >, a;) > I'(z + 1) [[,. T'(ax), for > 0, Vzar > 1 and
> ar > 1 (note that it is valid even if there is a single element in the summation). This
relation comes from the Beta function inequality:

@)y _z+y

< T(z+DD(y+1)<T 1
Tty = o3 = e+ D)I(y+1) <T(z+y+1),

where x,y > 0. Applying the transformation y + 1 = >, a; (which is possible because
> ta; > 1 and thus y > 0), we obtain:

T@+Y a) > T+ DY ar) > T+ 1) [[T(ar), (8)

t t

(the last step is due to a; > 1 for all ¢, so the same relation of the Beta function can be
overall applied, because I'(x + 1)['(y + 1) < T'(x +y+ 1) <T'(z + 1 +y + 1)).
With the relation just devised in hands, we have

I'(auj + nij) _ (31 <k<r, (g + nijk))
[, Dl +nie)  Tier,, T'(ujn + niji)

erKij Ik + nijr)

) >T(1+ Y i),

k¢ K;;
obtained by renaming z = EWK”, a;j, and ar = ;i + ngj, (we have that EkeKij (0 +
nijk) > ni; > 1 and each ap > 1). Thus

P(O&ij + nij)
HkEKij F(Otz]k + nl]k)

< —logI'(1 + Z Qijk)-
k¢ K;;

9((nijk vk (@ijr)vr) = —log

Because v = argmax,-, — logI'(z), we have —logI'(1 + Z%KU a;j) < —logI'(v).

12
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Now, the second part of the lemma. If |K;;| = 1, then let K;; = {k}. We know that
n;; > 1 and thus

nij—1
(o) 1 (i +1)
=—lo J J =
& [(oviji) H (aujp +t)

F(Oéij + ni]’)
I'(cviji + nij)

9((nijk vk, (viji)vk) = —log

t=0
& (et
Oéz‘j aij
= —f(Kj, (ayj —lo — E lo < —log o +log a1 — f (K5, (v )
f( ij ( ij)Vk) gaijk 2 g(aijk+t) = g Qij g Qijk f( 1] ( ij)Vk)
because ((;_ifﬁ) > 1 for every t. [ |
ij

Lemma 6 Let II; be the parent set of X;, (cijk)vijk > 0 be the hyper-parameters, and
integers (ngji)vijk > 0 be counts obtained from data. We have that g((nijk)vk, (cujr)vk) < 0
Zf nij Z 2.

Proof If n;; > 2, we use the relation I'(x+ >, ar) > I'(z+2) [[, '(ax), for x > 0, Vyay, > 1
and ), a > 2. This inequality is obtained in the same way as in Lemma 5, but using a
tighter Beta function bound:

r+y ((2+1D)(y+1
Ty r+y+1

-1
B(z,y) < )> = I'(z+2)T(y+2) <T'(z+y+2),

and the relation follows by using y + 2 = >, a; and the same derivation as before. Now,
I(evj + nij) _ L <k<r, (Qijr + niji)) B
Hrer, Dl +mige) e, Taije + nijr)
_ P(Zk¢Kij Qijk + Zkekﬁ (Qvijr + nijk
[kex,, Dlaijr + nijr)

) >T(2+ Y ai),

k¢ Ki;
obtained by renaming x = 7,4, @ijk and ap = jk +nijk, as we know that 7, o (aijr+
ngjk) > nij > 2 and each ap > 1. Finally,

I'(aij + nij)
[rex,, T(aije +niji)

< —logT(2+ Y ) <0,
k¢ Kij

9((niji)ves (jr)vi) = —log

because I'(2 + Zk¢KU k) > 1 -

Lemma 7 Given a BD score and two parent sets H? and 1I; for a node X; such that
H? c IL;, if

I1;
Q..
I1; I1; k!
si(I9) > > FKG (a)w) + Y log =i, (9)
jed: jei: i
Ky 1>2 Ky =1

then I1; is not the optimal parent set for X;.

13



DE CAMPOS AND JI

Proof Using the results of Lemmas 5 and 6,
si(M) = Y (PO (@liwe) + g((nlfs)oes (i)
JE€J;
< Y (P ) + gk (ali)w) ) +

. II;
JE€J;: |K¢jl|22

+ Z (— log agi + log 0432,)
jed;t | K =1

1I;
o
11; 1I; ijk’
< E f(Kijla (aiﬁg)w) + E log I,
JeJ K |>2 je K =1 £

which by the assumption of this lemma, is less than s;(I19). Thus, we conclude that the
parent set H? has better score than II;, and the desired result follows from Lemma 1. B

Lemma 8 Given the BDeu score, (a ji)vijr > 0, and integers (ngji)vijr > 0 such that
a;j < 0.8349 and |Kyj| > 2 for a given j, then f(Kij;, (chjn)vi) < —|Kijl - logr;.

Proof Using o, < ay; < 0.8349 (for all k), we have

o
F(Kij, (@ijr)vr) = log I'(aij) — | K] log F(%)
KA

o o
= log I'(«vij) — | K 10gr(% + 1) + | KGj|log %

(A (A

(52 +1)
= log ['(aij) — |Kij|log ————— — [ Kyj|log i
()

T(a) /1 Kisl ;5

— K1 ,.
[ K25l log N(%2 4+ 1)

— ‘Kl]| lOgTi.

Now, T'(ay;) /1 Kisl;; < F(% +1), because r; > 2, | K| > 2 and «;; < 0.8349 (this number
can be computed by numerically solving the inequality for r; = |K;;| = 2). We point out
that 0.8349 is a bound for «y; that ensures this last inequality to hold when r; = |Kj;| = 2,
which is the worst case scenario (greater values of r; and |K;;| make the left-hand side de-
crease and the right-hand side increase). Because r; of each node is known, tighter bounds

might be possible according to the node. |

Theorem 9 Given the BDeu score and two parent sets IV and II; for a node X; such that
9 c 1; and oziHji < 0.8349 for every j, if s;(I1Y) > —|K;*|logr; then neither I1; nor any
superset IT; D II; are optimal parent sets for X;.

Proof We have that

si(T19) > —|K"|logr; = Z —]Kir;i|logri + Z —logr;,
jed;t | K >2 g K =1

14
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which by Lemma 8 is greater than or equal to

m; ( II;
Z S (aijk)Vk) + Z —logr;.
e K22 jedi K =1
Now, Lemma 7 suffices to show that II; is not a optimal parent set, because —logr; =
H.
L

log for any k. To show the result for any superset I} O II;, we just have to note that
(03

J

1,
I’ 1I. .
|K, | > |K;"| (because the overall number of non-zero counts can only increase when we

include more parents), and ainj? (for all j') are all less than 0.8349 (because the as can only
decrease when more parents are included), thus we can apply the very same reasoning to
all supersets. |

Theorem 9 provides a bound to discard parent sets without even inspecting them because
of the non-increasing monotonicity of the employed bounding function when we increase the
number of parents. As done for the BIC and AIC criteria, the idea is to check the validity of
Theorem 9 every time the score of a parent set II; of X; is about to be computed by taking
the best score of any subset and testing it against the theorem (of course using only subsets
that satisfy the structural constraints). Whenever possible, we discard II; and do not even
look into all its supersets. Note that the assertion a;; < 0.8349 required by the theorem
is not too restrictive, because as parent sets grow, as ESS is divided by larger numbers (it
is an exponential decrease of the as). Hence, the values a;; become quickly below such a
threshold. Furthermore, II; is also checked against Lemma 1 (although it does not help
with the supersets). As we see later in the experiments, the practical size of the cache after
the application of the properties is small even for considerably large networks, and both
Lemma 1 and Theorem 9 help reducing the cache size, while Theorem 9 also help to reduce
computations. Finally, we point out that Singh and Moore (2005) have already worked
on bounds to reduce the number of parent sets that need to be inspected, but Theorem 9
provides a much tighter bound than their previous result, where the cut happens only after
all |K 5’| go below two (or using previous terminology, when configurations are pure).

5. Constrained B&B algorithm

In this section we describe the branch-and-bound (B&B) algorithm used to find the best
structure of the Bayesian network and comment on its complexity and correctness. The
algorithm uses a B&B search where each case to be solved is a relaxation of a DAG, that
is, the cases may contain cycles. At each step, a graph is picked up from a priority queue,
and it is verified if it is a DAG. In such case, it is a feasible structure for the network and
we compare its score against the best score so far (which is updated if needed). Otherwise,
there must be a directed cycle in the graph, which is then broken into subcases by forcing
some arcs to be absent/present. Each subcase is put in the queue to be processed (these
subcases cover all possible subgraphs related to the original case, that is, they cover all
possible ways to break the cycle). The procedure stops when the queue is empty. Note
that every time we break a cycle, the subcases that are created are independent, that is,
their sets of graphs are disjoint. We obtain this fact by properly breaking the cycles to

15
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avoid overlapping among subcases (more details below). This is the same idea as in the
inclusion—exclusion principle of combinatorics employed over the set of arcs that formed the
cycle and ensures that we never process the same graph twice, and also ensures that all
subgraphs are covered.

The initialization of the algorithm is as follows:

o C: (X;,II;) = R is the cache with the scores for all the variables and their possible
parent configurations. This is constructed using a queue and analyzing parent sets
according to the properties of Section 4, which saves (in practice) a large amount of
space and time. All the structural constraints are considered in this construction so
that only valid parent sets are stored.

e G is the graph created by taking the best parent configuration for each node without
checking for acyclicity (so it is not necessarily a DAG), and s is the score of G. This
graph is used as an upper bound to the best possible graph, as it is clearly obtained
from a relaxation of the problem (the relaxation comes from allowing cycles).

e H is an initially empty matrix containing, for each possible arc between nodes, a
mark stating that the arc must be present, or is prohibited, or is free (may be present
or not). This matrix controls the search of the B&B procedure. Each branch of the
search has a H that specifies the graphs that still must be searched within that branch.

e () is a priority queue of triples (G, H, s), ordered by s (initially it contains a single
triple with G, H and s as mentioned. The order is such that the peak contains always
the triple of greatest s.

® (Gpest, Spest) keeps at any moment the best DAG and score found so far (Spes; is initial-
ized with —o00). In fact, this best solution can be initialized using any inner approx-
imation method. For instance, we use a procedure that guesses an ordering for the
variable, then computes the global best solution for that ordering, and finally runs a
hill climbing over the resulting structure. All these procedures are very fast (given the
small size of the pre-computed cache that we obtain in the previous steps). A good
initial solution may significantly reduce the search of the B&B procedure, because it
may give a lower bound closer to the upper bound defined by the relaxation (G, H, s).

The main loop of the B&B search is as follows:

e While @ is not empty, do

known solution), then discard it and start the loop again.

1. Remove the peak (Geur, Heur, Scur) Of Q. If Scur < Spest (worse than an already

2. If Geyr is @ DAG (it certainly satisfies all structural constraints, because all the
elements in the cache do so), update (Gpest, Spest) With (Geur, Scur) and start the
loop again.

3. Take a cycle of G, (one must exist, otherwise we would have not reached this
step), namely v = (X4, — Xay — ... — Xq ), With a1 = agy1. This can be
computed by a single search in the graph.

16
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4. Fory=1,...,q, do

— Mark on Heyr that the arc X,, — X, , is prohibited. This implies that
the branch we are going to create will not have this cycle again.

— Recompute (G, s) from (Geyr, Scur) such that the new parent set of Xayi
in G complies with this new Hy,. This is done by searching in the cache
C(Xay 1, a,,,) for the best parent set. If there is a parent set in the cache
that satisfies Hcyr, then include the triple (G, Heyr, s) into Q.

— Mark on Hey that the arc X,, — X, , must be present and that the sibling
arc Xg, , — Xg, is prohibited, and continue the loop of step 4. (This last
step forces the branches that we are creating to be disjoint among each other.)

There are two considerations to show the correctness of the method. First, we need to
guarantee that all the search space is considered, even though we do not search through all
of it. Second, we must ensure that the same part of the search space is not processed more
than once, so we do not lose time and know that the algorithm will finish with a best global
graph. The search is conducted over all possible graphs (not necessarily DAGs). The queue
@ contains the subspaces (of all possible graphs) to be analyzed. A triple (G, H, s) indicates,
through H, which is this subspace. H is a matrix containing an indicator for each possible
arc. It says if an arc is allowed (meaning it might or might not be present), prohibited (it
cannot be present), or demanded (it must be present) in the current subspace of graphs.
Thus, ‘H completely defines the subspaces. G and s are respectively the best graph inside H
(note that G might have cycles) and its score value (which is an upper bound for the best
DAG in this subspace).

In the initialization step, @) begins with a triple where H indicates that every arc is
allowed,® so all possible graphs are within the subspace of the initial H. The score s of G
is compared against the best known score. Note that as G is the graph with the greatest
score that respects H, any other graph within the subspace defined by H will have worse
score. Therefore, if s is less than the best known score, all this branch represented by H
may be discarded (this is the bound step). Certainly no graph in that subspace will be
worth, because their scores are less than s.

If G has score greater than sp.s:, then the graph G is checked for cycles, as it may or may
not be acyclic (all we know is that G is a relaxed solution within the subspace H). If it is
acyclic, then G is the best known graph and the best score is updated. If G is cyclic, then we
need to divide the space H into smaller subcases with the aim of removing the cycles of G
(this is the branch step). Two characteristics must be kept by the branch step: (i) H must
be fully represented in the subcases (so we do not miss any graph), and (ii) the subcases
must be disjoint (so we do not process the same graph more than once). A possible way to
achieve these two requirements is as follows: let the cycle v = (X4, — X4y — ... — X4 1)
be the one detected in G. We create g subcases such that

e The first subcase does not contain X,, — X,, (but may contain the other arcs of that
cycle, that is, we do not prohibit the others).

5. In fact, the implementation may be smarter and set H with possible known restrictions of arcs, that is,
those that are known to be demanded or prohibited by structural constraints may be included in the
initial H.
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e The second case certainly contains X,, — X,,, but X,, — X, is prohibited (so they
are disjoint because of the difference in the presence of the first arc).

e (And so on such that) The y-th case certainly contains Xa, — Xa,,,, for all y <y
and prohibits X,, — X, ,. This is done until the last element of the cycle.

This is the same idea as the inclusion—exclusion principle, but applied here to the arcs of
the cycle. It ensures that we never process the same graph twice, and also that we cover
all the graphs, as by the union of the mentioned sets we obtain the original H. Because of
that, the algorithm runs at most [[, |C(X;)| steps, where |C(X;)| is the size of the cache
for X; (there are not more ways to combine parent sets than that number). In practice,
we expect the bound step to be effective in dropping parts of the search space in order to
reduce the total time cost.

B&B can be stopped at any time and the current best solution as well as an upper
bound for the global best score are available. This stopping criterion might be based on
the number of steps, time and/or memory consumption, percentage of error (difference
between the upper and lower bounds). This is an important property of this method. For
example, if we are just looking for an improving solution, we may include in the loop an
if to check if the current best solution is already better than some threshold, which would
save computational time. Still, if we run it until the end, we are ensured to have a global
optimum solution.

The algorithm can also be easily parallelized. We can split the content of the priority
queue into many different tasks. No shared memory needs to exist among tasks if each one
has its own version of the cache. The only data structure that needs consideration is the
queue, which from time to time must be balanced between tasks. With a message-passing
idea that avoids using process locks, the gain of parallelization is linear in the number of
tasks. If run until it ends, the proposed method gives a global optimum solution for the
structure learning problem.

Some particular cases of the algorithm are worth mentioning. If we fix an ordering for
the variables such that all the arcs must link a node towards another non-precedent in the
ordering (this is a common idea in many approximate methods), the proposed algorithm
does not perform any branch, as the ordering implies acyclicity, and so the initial solution is
already the best (for that ordering — the number of possible orderings is exponential in n).
The performance would be proportional to the time to create the cache. Another important
case is when one limits the maximum number of parents of a node. This is relevant for hard
problems with many variables, as it would imply in a bound on the cache size.

6. Experiments

We perform experiments to show the benefits of the reduced cache and search space. Later
we show some examples of the use of constraints.® First, we use data sets available at the
UCI repository (Asuncion and Newman, 2007). Lines with missing data are removed and
continuous variables are discretized over the mean into binary variables. The data sets are:
adult (15 variables and 30162 instances), breast (10 variables and 683 instances), car (7
variables and 1728 instances) letter (17 variables and 20000 instances), lung (57 variables

6. The software is available online in the web address http://www.ecse.rpi.edu/~cvrl/structlearning.html
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ESS | adult breast car letter lung mush nurse wdbc zoo
0.1 6.2 0.0 0.1 3.7 1699.6 7.5 0.9 2212 04
Memory 1 6.2 0.0 0.1 3.7 1150.1 5.9 0.8 204.6 04
(in MB) 10 6.3 0.0 0.1 3.8 812.3 5.4 0.7 206.2 0.3
BIC 1.8 0.0 0.0 2.3 0.3 0.5 0.4 5.3 0.1
0.1 89.3 0.0 0.0 4294 2056  357.9 0.7 2891 1.7
Time 1 91.6 0.0 0.0 4404 1398  278.7 0.7 2692 1.7
(in sec.) 10 91.6 0.0 0.0 438.1 1098 268.9 0.7 2763 1.7
BIC | 674 0.0 0.1 859.6 1.3 72.1 14 351 0.3
0.1 217.4 210.5 28.8 220.1 23048 224.0 211.2 22749 219.8
Number 1 217.4 210.5 28.8 220.1 230.2 223.6 211.2 227.8 219.7

of Steps 10 217.4 210.4 28.8 220.1 229.8 223.5 211.2 227.9 219,6
BIC 214‘8 27.3 28.4 219‘0 215‘4 217.1 210‘9 220‘7 213.1

217.9 212.3 28.8 220.1 231.1 226.5 211.2 228‘4 220.1

Worst-case

Table 1: Memory, time and number of steps (local score evaluations) used to build the
cache. Results for BIC and BDeu score with ESS varying from 0.1 to 10 are
presented.

and 27 instances), mushroom (23 variables and 1868 instances, denoted by mush), nursery
(9 variables and 12960 instances, denoted by nurse), Wisconsin Diagnostic Breast Cancer
(31 variables and 569 instances, denoted by wdbc), zoo (17 variables and 101 instances).
The number of categories per variables varies from 2 to dozens in some cases (we refer to
UCI for further details).

Table 1 presents the used memory in MB (first block), the time in seconds (second block)
and number of steps in local score evaluations (third block) for the cache construction, using
the properties of Section 4. Each column presents the results for a distinct data set. In
different lines we show results for BDeu with ESS equals to 0.1, 1, 10, and for BIC. The
line worst-case presents the number of steps to build the cache without using Theorems
4 (for BIC/AIC) and 9 (for BDeu), which are the theorems that allow the algorithm to
avoid computing every subset of parents. As we see through the log-scale in which they
are presented, the reduction in number of steps has not been exponential, but still saves
a good amount of computations (roughly half of the work). In the case of the BIC score,
the reduction is more significant. In terms of memory, the usage clearly increases with the
number of variables in the network (lung has 57 and wdbc has 31 variables).

The benefits of the application of these results imply in performance gain for many
algorithms in the literature to learn Bayesian network structures, as long as they only need
to work over the (already precomputed) small cache. In Table 2 we present the final cache
characteristics, where we find the most attractive results, for instance, the small cache sizes
when compared to the worst case. The first block contains the maximum number of parents
per node (averaged over the nodes, and the actual maximum between parenthesis). The
worst-case is the total number of nodes in the data set minus one, apart from lung (where
we have set a limit of at most six parents) and wdbc (with at most eight parents). The
second block shows the cache size for each data set and distinct values of ESS. We also
show the results of the BIC score and the worst-case values for comparison. We see that
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ESS | adult breast car letter  lung  mush nurse wdbc 700
Max. 01 | 21(4) 1L0(1) 07(1) 45(3) 0.1(2) 4.1(5) 12(3) 1.3(2) 14(3)
Number 1 | 244) 1.0(1) 1.0(2) 52(6) 04(2) 4.4(7) 17(3) 1.7(3) 1.9(4)
of Parents 10 | 3.3(5) 1.0(1) 1.9(2) 5.9(6) 3.0(4) 4.8(8) 2.1(3) 3.1(4) 3.4(4)

BIC | 28(5) 1.0(1) 1.3(2) 6.3(7) 2.1(3) 4.1(4) 1.8(3) 2.7(3) 2.8(3)
Worst-case 14.0 9.0 6.0 16.0 6.0 22.0 8.0 8.0* 16.0
Final Size 0.1 24.2 21.5 21.1 28.2 20.2 28.5 21.9 23.6 23.3
of the 1 24.8 21.9 21.6 29.0 20.8 28.9 22.4 24.9 24.4
Cache 10 26.3 23.3 23.0 210.5 210.7 29.8 23.5 212.1 28.9

BIC 29.3 24.7 24.5 215.3 211.5 213.0 25.6 212.9 210.9
Worst-case 217.9 212.3 928.8 920.1 931.1x 926.5 ol11.2 928.4x 920.1
Implied 0.1 954.1 213.3 26.3 2129.0 9282 9175.7 o116 290.3 239.3
Search 1 262.1 217‘1 28‘3 2144.8 2331 2186.0 215‘4 2132.7 260.3
Space 10 991.6 933.2 920.6 9176.1 9612.0 9221.8 927.3 9375.1 9150.7
(approx.) BIC 271 223 210 2188 2330 2180 217 2216 2111
Worst-case 2210 290 242 2272 21441* 2506 272 2727* 2272

Table 2: Final cache characteristics: maximum number of parents (average by node; be-
tween parenthesis is presented the actual maximum number), actual cache size,
and (approximate) search space implied by the cache. Worst-cases are presented
for comparison (those marked with a star are computed using the constraint on
the number of parents that was applied to lung and wdbc). Results of BIC and
BDeu with ESS from 0.1 to 10 are presented.

the actual cache size is smaller (in orders of magnitude) than the worst case situation. It is
also possible to analyze the search space reduction implied by these results by looking the
implications to the search space of structure learning. We must point out that by search
space we mean all the possible combinations of parent sets for all the nodes. Eventually
some of these combinations are not DAGs, but are still being counted. However, there are
two considerations: (i) the precise counting problem is harder to solve (in order to give the
exact search space size), and (ii) many structure learning algorithms run over more than
only DAGs, because they need to look at the graphs (and thus combinations of parents) to
decide if they are acyclic or not. In these cases, the actual search space is not simply the set
of possible DAGs, even though the final solution will be a DAG. Still, some algorithms might
do a better job by using other ideas of searching for the best structure instead of looking
to possible DAGs, which might imply in a smaller worst case complexity (for instance, the
dynamic programming method runs over subsets of variables, which are in number 2").
An expected but important point to emphasize is the correlation of the prior with the
time and memory to build the cache. It would be expected that, as larger ESS (and thus
the prior towards the uniform) as slower and more memory consuming is the method. That
is because smoothing the different parent sets by the stronger prior makes harder to see
large differences in scores, and consequently the properties that would reduce the cache size
are less effective. However, this is not quite evident from the results, where the relation
between ESS and time/memory is not clear. Yet it must be noted that the two largest
data sets in terms of number of variables (lung and wdbc) were impossible to be processed
without setting up other limits such as maximum number of parents or maximum number
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B&B DP 0sS HC
network Score gap time | score time | score time | score time
adult -286902.8  5.5% 150.3 | 0.0% 0.77 | 0.1% 0.17 | 0.5% 0.30
breast -8254.8 0.0% 0.01 0.0% 0.01 | 0.0% 0.01 | 0.0% 0.00
car -13100.5 0.0% 0.01 0.0% 0.01 | 0.0% 0.01 | 02% 0.00

O letter -173716.2  8.1% 574.1 | -0.6% 22.8 | 1.0% 0.75 | 3.7% 0.30
3 lung -1146.9 2.5% 907.1 Fail  Fail | 1.0% 013 | 0.7% 0.05
mushroom | -12834.9 15.3%  239.8 Fail Fail | 1.0% 0.12 | 4.8% 0.05
nursery -126283.2  0.0% 0.04 | 0.0% 0.04 | 0.0% 0.04 | 0.03% 0.06
wdbc -3053.1 13.6% 333.5 Fail  Fail | 0.8% 013 | 0.9% 0.02
700 -773.4 0.0% 5.2 0.0% 3.5 1.0% 0.03 | 0.6% 0.00
adult -288591.2  0.0% 92.1 0.0% 075 | 0.1% 021 | 0.3% 0.32
breast -8635.1 0.0% 0.02 0.0% 0.01 | 0.0% 0.01 | 0.0% 0.00
_, car -13295.0  0.0% 0.01 0.0% 0.00 | 0.0% 0.00 | 0.1% 0.01
S letter -181941.5 5.7%  375.75 | -01% 7.6 01% 027 | 2.1% 0.27
UHQ lung -1731.9 0.0% 0.22 Fail  Fail | 0.0% 0.11 | 0.0% 0.05
?3 mushroom | -12564.2 14.7% 3824 | Fail  Fail | 02% 0.15 | 53%  0.05
nursery -126660.4  0.0% 0.06 0.0% 0.04 | 0.0% 0.04 | 0.1% 0.06
wdbc -3558.6 4.4% 494.1 Fail Fail | 1.4% 0.05 | 1.3% 0.01
700 -1024.5 0.0% 0.09 0.0% 3.1 08% 0.01 | 1.0% 0.00
adult -286695.2  4.5% 203.0 | 0.0% 0.76 | 0.1% 0.22 | 0.3% 0.34
breast -8254.3 0.0% 0.02 0.0% 0.01 | 0.0% 0.01 | 0.0% 0.00
car -13145.3  0.0% 0.01 0.0% 0.00 | 0.0% 0.00 | 0.05% 0.00
‘ﬂ‘ letter -178635.2  6.7% 520.2 | -0.7% 9.9 0.0% 034 | 21% 0.27
A lung -1249.7 0.0% 0.61 Fail  Fail | 01% 012 | 0.1% 0.05
M mushroom | -12097.0 16.7%  381.5 Fail Fail | 0.2% 0.19 | 4.2% 0.05
nursery -126212.7  0.0% 0.06 0.0% 0.04 | 0.0% 0.04 | 0.1% 0.05
wdbc -3175.9 11.2%  471.1 Fail  Fail | 0.7% 0.06 | 1.0% 0.02
700 -794.1 0.0% 14 0.0% 3.4 1.1% 0.02 | 87%  0.00
adult -285014.5 11.8% 213.8 | -0.1% 0.88 | 0.04% 0.24 | 0.5% 0.33
breast -8130.2 0.0% 0.04 0.0% 0.01 | 0.0% 0.00 | 0.3% 0.00
car -13038.6  0.0% 0.03 0.0% 0.00 | 0.0% 0.00 | 0.03% 0.00
= letter -174111.8  8.7% 1250 | -04% 223 | 0.1% 084 | 1.8% 0.32
UHJ lung -957.2 11.7% 2118 Fail  Fail | 3.3% 138 | 2.3% 0.1
gq) mushroom | -11924.0 22.7%  587.8 Fail  Fail | 0.1% 043 | 24% 0.07
nursery -125846.5  0.0% 0.14 | 0.0% 0.04 | 0.0% 0.04 | 0.1% 0.06
wdbc -2986.2 22.2% 1938 Fail Fail | 0.6% 2.8 1.4%  0.23
700 -697.2 13.2% 367.7 | -0.3% 5.0 1.4% 0.1 0.9%  0.00

Table 3: Comparison of scores among B&B, DP, OS and HC. Fail means that it could not
solve the problem within 10 million steps or because of memory limit (4GB). DP,
OS and HC scores are in percentage w.r.t. the score of B&B (positive means
worse than B&B and negative means better). Each entry with a 0.0% means that
the result, in that instance, was exactly equal to the B&B result (in terms of the
score). Times are given in seconds.

of free parameters in the node (we have not used any limit for the other data sets). We used
an upper limit of six parents per node for lung and eight for wdbc. This situation deserves
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further study so as to clarify whether it is possible to run these computations on large data
sets and large ESS. It might be necessary to find tighter bounds if at all possible, that
is, stronger results than Theorem 9 to discard unnecessary score evaluations earlier in the
computations. Nevertheless, the main goal of this present work is not to study the impact
of ESS on learning, but to present properties that improve the performance of learning
methods.

In Table 3, we show results of four distinct algorithms: the B&B described in Section 5,
the dynamic programming (DP) idea of Silander and Myllymaki (2006), the hill-climbing
(HC) method starting with an empty structure, and an algorithm that picks variable or-
derings randomly and then find the best structure such that all arcs link a node towards
another that is not precedent in the ordering. This algorithm (named OS) is similar to
K2 algorithm with random orderings, but it is always better because a global optimum is
found for each ordering. Note that OS performs better than HC in almost all test cases.
We have chosen to analyze the BIC scores (given that the properties have provided greater
reduction in the search space in this case) and BDeu with ESS equals to 0.1, 1 and 10. It
is clear from the results of ESS equals to 10 that the B&B procedure struggles with very
large search spaces, and the same might happen for even larger ESS.

The scores obtained by each algorithm (in percentage against the value obtained by
B&B) and the corresponding time are shown in Table 3 (excluding the cache construction).
A limit of ten million steps is given to each method (steps here are considered as the number
of queries to the cache). It is also presented the reduced space where B&B performs its
search, as well as the maximum gap of the solution. This gap is obtained by the relaxed
version of the problem. We can guarantee that the global optimal solution is within this
gap (even though the solution found by the B&B may already be the best, as it happens,
for example, in the first line of the table). With the reduced cache presented here, finding
the best structure for a given ordering is very fast, so it is possible to run OS over millions
of orderings in a short period of time. Some additional comments are worth. DP could
not solve wdbc or lung even without the limit in number of steps, because it has exhausted
16GB of memory. Hence, we cannot expect to obtain answers in larger cases. However, it
is clear that (in a worst case sense) the number of steps of DP is smaller than that of B&B,
and this behavior can be seen in data sets with small number of variables. Nevertheless,
B&B eventually bounds some regions without processing them, provides an upper bound
at each iteration, and does not suffer from memory exhaustion as DP. It is true that B&B
also uses memory increasingly if there are not good bounds, but this case can be tackled
by (automatically) switching between B&B and a depth-first search.” This makes the
method applicable even to very large settings. When n is large (more than 35), DP will
not finish in reasonable time, and hence will not provide any solution, while B&B still
gives an approximation and a bound to the global optimum. About OS, if we sample even
more orderings, then its results improve and the global optimum is found also for adult and
mushroom sets. Still, OS provides no guarantee or estimation about how far is the global
optimum (here we know that the optimum has been achieved because of the solution of
the exact methods). It is worth noting that both DP and OS are also benefited by the

7. Our implementation is able to switch between breath-first and depth-first searches, but this behavior
was not used in the experiments of this paper.

22



EFFICIENT STRUCTURE LEARNING OF BAYESIAN NETS

smaller cache. Although we are discussing only four algorithms, performance gain from the
application of the properties in other algorithms is expected as well.

network time(s) cache size space
adult 0.26 114 239
car 0.01 14 26-2
letter 0.32 233 261
lung 0.26 136 251
mushroom 0.71 398 288
nursery 0.06 26 212
wdbc 361.64 361 299
700 8.4 1697 A

Table 4: B&B procedure learning TANs using BIC. Time (in seconds) to find the global
optimum, cache size (number of stored scores) and (reduced) space for the B&B
search.

The last part of this section is dedicated to some test cases with constraints. Table
4 shows the results when we employ constraints to force the final network to be a Tree-
augmented Naive Bayes. Here the class variable is isolated in the data set and constraints
are included as described in Section 3. Note that the cache size, the search space and con-
sequently the time to solve the problems have substantially decreased. Finally, Table 5 has
results for random data sets with predefined number of nodes and instances using the BIC
score. A randomly created Bayesian network with at most 3n arcs (where n is the number
of nodes) is used to sample the data. Because of that, we are able to generate random struc-
tural constraints that are certainly valid for this ¢rue Bayesian network (approximately n
constraints for each case). The table contains the total time to run the problem and the
size of the cache, together with the results when using constraints. Note that the code was
run in parallel with a number of tasks equals to n, otherwise an increase by a factor of
n must be applied to the results in the table. Each line contains the mean and standard
deviation of ten executions (using random generated networks) for time and cache size with
and without constraints (using the same data sets in order to compare them). We can see
that the gain is recurrent in all cases. The B&B method was able to find a global optimal
solution in all but the cases with one hundred nodes, where it has achieved an approximate
solution with error always less than 0.1% (this amounts to 40% of the test cases with 100
nodes). We point out that the other exact method we have analyzed based on dynamic
programming cannot deal with such large networks because of both memory and time costs.
However, we are not considering the improvement in accuracy when using constraints, but
just the computational gain. It is not trivial to measure the quality of a learned structure,
because the target of the methods is the underlying probability distribution, and distinct
structures may lead to good results in fitting such distribution. For instance, comparing
number of matching arcs has only meaning if one is interested in the structure by itself,
and not in the fitness of the underlying distribution. This topic deserves attention, but it
would bring us far from the focus of this study.
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unconstrained constrained
nodes(n)/ time(sec) cache size time(sec) cache size
instances | mean std.dev. | mean std.dev. | mean std.dev. | mean std.dev.
30/100 0.07 0.02 49.6 9.1 0.04 0.01 44.3 8.98
30/500 3.70 1.18 75.6 16.6 2.33 0.73 61.4 17.7
50/100 0.31 0.08 77.9 9.6 0.20 0.04 66.1 6.71

50/500 37.1 10.8 102.5 23.0 23.2 6.86 83.0 17.7
70/100 1.91 0.82 127.5 18.1 0.97 0.32 108.3 13.6
70/500 293.3 99.5 137.3 22.2 176.3 62.6 111.8 14.5
100/100 85.0 29.3 253.4 2.7 4.44 1.06 199.5 21.1
100/500 | 2205.6 534.4 204.6 32.1 1414.8  419.2 168.0 21.3

Table 5: Results on ten data sets per line generated from random networks. Both mean and
standard deviation of time to solve (with an upper limit of 20 million steps) and
size of the cache (in number of scores) are presented for the normal unconstrained
case and for the constrained cases (over the same data sets).

7. Conclusions

This paper describes novel properties of decomposable score functions to learn Bayesian net-
work structure from data. Such properties allow the construction of a cache with all possible
local scores of nodes and their parents without large memory consumption, which can later
be used by searching algorithms. For instance, memory consumption was a bottleneck for
some algorithms in the literature, see for example Parviainen and Koivisto (2009). This
implies in a considerable reduction of the search space of graphs without losing the global
optimal structure, that is, it is ensured that the overall best graph remains in the reduced
space. In fact the reduced memory and search space potentially benefits many structure
learning methods in the literature, and we have conducted experiments with some of them.

An algorithm based on a branch-and-bound technique is described, which integrates
structural constraints with data. The procedure guarantees global optimality with respect
the score function. It is an any-time procedure in the sense that, if stopped early, it provides
the best current solution found so far and a maximum error of such solution. This is specially
important if one wants to integrate it with an expectation-maximization (EM) method to
treat incomplete data sets, and such characteristic is usually not present in other exact
structure learning methods. Inside the EM method, the global structure learning procedure
ensures that the maximization step is never trapped by a local solution, and the anytime
property allows the use of a generalized EM idea to reduce considerably the computational
cost.

Because of the properties and the characteristics of the B&B method, it is more efficient
than dynamic programming state-of-the-art exact methods for large domains. We show
through experiments with randomly generated data and public data sets that problems with
up to 70 nodes can be exactly processed in reasonable time, and problems with 100 nodes are
handled within a small worst case error. Dynamic programming methods are able to treat
less than 35 variables. Described ideas may also help to improve other approximate methods
and may have interesting practical applications. We show through experiments with public
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data sets that requirements of memory are small, as well as the resulting reduced search
space. Of course we do not expect to exactly solve problems for considerably large networks,
still the paper makes a relevant step towards solving larger instances. We can summarize the
comparison with the dynamic programming idea as follows: if the problem has few variables,
dynamic programming is probably the fastest method (the branch-and-bound method will
also be reasonably fast); if the problem has medium size, the branch-and-bound method
might solve it exactly (dynamic programming will mostly fail to answer); finally, if the
problem is large, the branch-and-bound method will eventually give an approximation (and
its worst-case error), while the standard dynamic programming idea will fail.

There is certainly much further to be done. One important question is whether the
bounds of the theorems in Section 4 (more specifically Theorem 9) can be improved or
not. We are actively working on this question. Furthermore, the experimental analysis
can be extended to further clarify the understanding of the problem, for instance how the
ESS affects the results. It is clear that, for considerably large domains, none of the exact
methods are going to suffice by themselves. Besides developing ideas and algorithms for
dealing with large domains, the comparison of structures and what define them to be good is
an important topic. For example, accuracy of the generated networks can be evaluated with
real data. On the other hand, it does not ensure that we are finding the true links of the
underlying structure, but a somehow similar graph that produces a close joint distribution.
For that, one could use generated data and compare the structures against the one data
were generated from it. A study on how the properties may help fast approximate methods
is also a desired goal.
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A Factorization Approach to Evaluating
Simultaneous Influence Diagrams

Weihong Zhang and Qiang Ji, Senior Member, IEEE

Abstract—Evaluating an influence diagram (ID) is a challeng-
ing problem because its complexity increases exponentially in
the number of decision nodes in the diagram. In this paper, we
examine the problem for a special class of IDs where multiple
decisions must be made simultaneously. We describe a brief theory
that factorizes out the computations common to all policies in
evaluating them. Our evaluation approach conducts these com-
putations once and uses them across all policies. We identify the
ID structures for which the approach can achieve savings. We
show that the approach can be used to efficiently recompute the
optimal policy of an ID when its structure or parameters change.
Finally, we demonstrate the superior performance of the approach
by simulation studies and a military planning example.

Index Terms—Algorithm, decision making under uncertainty,
graphical model, influence diagram (ID), military analysis.

I. INTRODUCTION

N INFLUENCE diagram (ID) is a plausible graphical

model for decision making under uncertainty [1]. An ID
comprises of decision nodes, random nodes, value nodes, and
the probabilistic relations among these nodes. An ID is a more
compact representation of a decision tree, which is a simple tool
for decision analysis [2].

Given an ID, a policy prescribes an action choice for each
decision node. Evaluating a policy is to compute the expected
value of the ID under the policy. Evaluating an ID is to find
the optimal policy that maximizes the expected value of the
ID. A generic approach to evaluating an ID has to enumerate
all policies, compare the expected utilities under them, and
choose the optimal one. However, the number of policies grows
exponentially with the number of decision nodes. This renders
the approaches for general ID evaluation very inefficient and
infeasible for large IDs. Consequently, it is advisable to study
efficient algorithms for special IDs.

Most of the previous approaches assume that there exists a
linear ordering among the decision nodes. This ordering implies
that the choice of a decision node is known to the decision
maker when he/she chooses the actions for the successive
decision nodes (e.g., see [13]). For a decision node, this linear
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ordering usually can be exploited to decompose the ID into one
fraction prior to the node and the other fraction posterior to the
node. The choice for the decision node can be made using the
fraction posterior to the node. The procedure repeats for each
decision node.

In this paper, we examine the 1D evaluation problem for a
special class of IDs in which decision nodes have no parents.
Essentially, an ID with this property assumes no precedence
relationship among decision nodes. In other words, one has to
determine the choices for all decision nodes simultaneously.
For this reason, such an ID is said to be simultaneous. The si-
multaneity assumption prevails in real-world problem domains.
For instance, a military planner must select among a number
of available actions to achieve his/her overall goal success; a
business owner must consider multiple elements in order to
maximize his/her monetary profit.

In evaluating a simultaneous ID, we exploit the assumption
and divide the ID into two fractions, calling them the upstream
and downstream. Roughly, the upstream consists of decision
nodes and their children nodes through which the decisions
propagate their impacts on the ID. Informally, these child
nodes are called interface nodes. The downstream consists of
the interface nodes and their succeeding nodes. We present
a representation theorem, showing that the expected value of
a value node under a policy can be represented as the sum
of some intermediate quantities weighted by the probabilities
determined by the policy. These intermediate quantities involve
only the downstream. The factorization approach we proposed
computes them once but uses them across all policies. The
computational gain brought by the approach depends on the
size of the downstream. Usually, larger downstream size im-
plies more savings.

We organize the paper as follows. In the next section, we
discuss related work to this research. We then introduce 1Ds
and the evaluation problem. In Section IV, we describe the
representation theorem and develop the factorization approach.
In Section V, we discuss two extensions of the approach: how
it can be adapted to network structure/parameter changes and
how it can be used in planning over time. We report empirical
results on simulation studies and a military planning example
in Section VI. Finally, we conclude the paper in Section VII.

Il. RELATED WORK

Since IDs were introduced by Howard and Matheson [1],
a variety of approaches have been proposed to find the opti-
mal policy of a given ID. To mitigate the exponential growth

1083-4427/$20.00 © 2005 IEEE
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problem of the policy number in the number of decision nodes,
researchers have studied several special 1D classes and pro-
posed efficient approaches exploiting their specific problem
characteristics. We give a brief survey of these IDs and their
solutions.

A. Regular and No-Forgetting IDs

To some extent, most IDs that have been studied assume
a precedence ordering of the decision nodes. A regular ID
assumes that there is a directed path containing all decision
nodes; a no-forgetting 1D assumes that each decision node and
its parents are also parents of the successive decision nodes; and
a stepwise decomposable ID assumes that the parents of each
decision node divide the ID into two separate fractions. These
assumptions are different from ours, which requires the actions
to be chosen simultaneously. There exist direct and indirect
approaches evaluating a regular no-forgetting ID. A direct
approach works on the ID and evaluates it directly. Shachter [3]
proposed an algorithm that evaluates an 1D by applying a series
of value-preserving reductions. A value-preserving reduction is
an operation that can transform an ID into another one with
the same expected value. Specifically, Shachter identified the
following four reductions arc reversal, barren-node removal,
random-node removal, and decision-node removal. An indirect
approach first transforms an ID into an intermediate struc-
ture whose optimal policy (or value) remains the same as in
the original ID. It then evaluates the intermediate structure
and obtains the optimal policy. For instance, Howard and
Matheson discussed a way to transform an ID into a decision-
tree network and to compute an optimal policy from the deci-
sion tree. In transforming an ID into a decision-tree network, a
basic operation is arc reversal [1], [3]. Since a no-forgetting 1D
must be stepwise decomposable, stepwise decomposability is
more general than no-forgetting.

In most ID evaluation approaches, the ordering of decision
nodes is an important information source in decision making
and therefore, is exploited to evaluate the optimal decision
for decision nodes [4]-[6]. A stepwise decomposable ID can
be evaluated by a divide-and-conquer approach. The approach
deals with one decision node at a time [7]. For each decision
node, its parental set separates an 1D into two parts—a body and
a tail. The tail is a simple ID with only one decision node. The
body’s value node is a new value node whose value function
is obtained by evaluating the tail. In evaluating a stepwise
decomposable 1D, the approach begins with a leaf decision
node and repeats the decomposition/evaluation procedure for
the preceding decision nodes. In evaluating the tail with only
one single decision node, the problem is reduced to that of
computing posterior probabilities in a Bayesian network.
Hence, the approach uses probabilistic inference techniques to
evaluate an ID. Cooper [8] initiated the research in this direc-
tion. He gave a recursive formula for computing the maximal
expected utilities and optimal policies of IDs. Shachter and
Peot [9] showed that the problem of ID evaluation can be
reduced to a series of probabilistic inferences. Zhang [13]
described an algorithm that induces much easier probabilistic
inferences than those in [8] and [9].

B. Partial IDs

There also exists research work that relaxed the regularity or
no-forgetting assumption. The specific ID types include partial
IDs, unconstrained IDs and limited memory ID (LIMID), which
is a compact representation of IDs. A partial ID is an ID that
allows a non-total ordering of decision nodes [10]. Because
the solution to a partial ID depends on the temporal ordering
of the decisions, it is of interest to find the conditions iden-
tifying a class of partial IDs whose solution is independent
of the legal evaluation ordering. Based on the concept of
d-connectivity, Nielsen and Jensen presented an algorithm de-
termining whether or not a partial 1D represents well-defined
scenarios, and they also addressed the problem of whether all
admissible orderings yield the same optimal strategy.

An unconstrained ID is an ID where the order of decision
nodes and the observable random nodes is not determined
[11]. For an unconstrained ID, it is of interest to determine
the order of decision nodes and information on which set of
nodes is necessary for decision making in a decision node.
For this purpose, a set of rules have been developed in order
to determine the choice of the next decision node, given the
current information. Such a decision choice may be dependent
on the specific information from the past.

Another recently proposed ID is called LIMID, which
violates the no-forgetting assumption [12]. In contrast to the
regular and no-forgetting assumption, the assumption behind a
LIMID is that only requisite information for the computation
of optimal policies is depicted in the graphical representation.
Two properties pertaining to LIMIDs are: 1) any ID can be
converted to a LIMID; and 2) the converted LIMID is more
compact than the original ID in the sense that only requisite
information is depicted in the LIMID for computing an optimal
policy. By these properties, one may convert an ID to its
LIMID version and solve the LIMID instead of the original
ID. This optimal policy is also optimal in the original ID. The
algorithm solving a LIMID exploits the fact that the entire de-
cision problem can be partitioned into a set of smaller decision
problems, each of which has one decision node only. This is
analogous to the divide-and-conquer approach [13].

C. Simultaneous IDs

From its root definition, an ID does not impose a prece-
dence ordering of the decision nodes. As an example, there
are military applications that need to choose multiple actions
simultaneously. A simultaneous ID is suitable for this situation.
We exploit this assumption and divide a simultaneous ID into
the upstream and the downstream fractions. The decomposition
takes the random and value nodes as interface nodes between
the upstream and the downstream. The computations involv-
ing the downstream fraction can be precomputed and reused
across all policies in evaluating them. This computation-sharing
schema can greatly accelerate the procedure of finding the
optimal policy for a given ID, as indicated in our theoretical
and empirical analysis.

Technically, the factorization approach has some conceptual
similarities to the probabilistic inference-based algorithm [13].
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Both algorithms divide the ID into two fractions. However,
there are apparent differences. In [13], the separation of an ID
relies on a single decision node. With respect to a decision node,
roughly, the body contains the predecessors of the decision
nodes, while the tail contains the successors. The choice of the
decision node is evaluated by the tail part. This is quite different
from our factorization approach, where the separation relies on
the set of interface nodes. The set of the interface nodes sepa-
rates an ID into two fractions: roughly, the upstream contains
the predecessors of all interface nodes, while the downstream
contains the successors. This difference in solution techniques
stems from the difference in assumption—the probabilistic
inference algorithm works with a regular ID that specifies a
linear order among decision nodes, whereas the factorization
algorithm works with a simultaneous ID that assumes no order-
ing among decision nodes.

Ill. INFLUENCE DIAGRAM

Mathematically, an ID Z is a directed acyclic graph consist-
ing of three types of nodes and the links among these nodes [1].

1) Its node set is partitioned into a set of random nodes ),
a set of decision nodes X, and a set of value nodes /. A
value node cannot have children. The links characterize
the conditional dependence among the nodes in the ID.
Specifically, links to a random node indicate the proba-
bilistic dependence of the node on its parents; links to
a decision node indicate the information available to the
planner at the time the planner must choose a decision
for it; and links to a value node indicate the functional
dependencies.

We will adopt the following notational conventions.
We will use bold-typed letters such as Z to denote a set of
variables and capital letters such as Z to denote a variable
in the set. Each random or decision node Z is associated
with a set 2z, denoting the set of its possible states. The
set Q4 is called the domain of node Z. An element in Q4
is denoted by a low-case letter z. For any node Z, we use
7(Z) to denote its parent set. For any subset 2’ C Y U X,
we use 2z to denote the Cartesian product I1zcz Q.
For convenience, we shall interchangeably use a node and
a variable. Without loss of generality, we assume that all
the nodes are binary throughout this paper.

2) For each decision or random node Z, given an assign-
ment of 7(Z), the distribution P(Z|n(Z)) specifies the
probability of Z being in each state of the node Z. Such a
distribution is called a conditional probability table (CPT)
in the case that the domain of the variable Z is a finite set.

3) For each value node U, gy is a value function gy :
Q) — R, where R denotes the set of the real numbers.

To avoid unnecessary notations, we define the (optimal)

policy concept only for a simultaneous ID.* A policy, denoted
by 4, specifies one action choice for each decision node in X.
Hence, a policy 6 can be denoted by (d4,...,d,), where §;
belongs to the domain of X; for each i.

LFor general 1Ds, the definition of an (optimal) policy can be found in,
e.g., [6].

Given a policy ¢, a probability Ps can be defined over the
random nodes and decision nodes as follows:

Ps(V, &) =lycyP (Y|r(Y)) I, Ps(X;) (1)

where P(Y|n(Y)) is specified in the definition of Z, while
Ps(X;) isequal to 1.0 if X; = ¢;, and 0.0 otherwise.

The expectation of the value node U under policy §, denoted
by E;s[U], is defined as

EslU] =) Ps (n(U)) gv (x(U)). O]

w(U)

The expected value Es of Z under the policy ¢ is the sum
Es[U] over all value nodes U in, i.e.,

Es = Z Es[U]. 3)

Ueu

For simplicity, Es is also called the expected value of policy .
Evaluating a policy § means to compute its expected value. The
maximum of Es over all policies is the optimal (expected) value
of Z. An optimal policy is the policy that achieves the optimal
expected value. To evaluate an ID is to find an optimal policy
and to compute its optimal expected value.

IV. THE FACTORIZATION APPROACH

In this section, we describe the representation theorem and
the factorization approach.

A. The Idea

From its definition, an ID is a network structure consisting
of decision nodes, random nodes, and value nodes. Among
them, in determining the expected value of the ID, a decision
node plays a different role from a random or a value node. The
choices of a decision node can affect the expected value of the
ID through changing the CPTs of its child random nodes, or
through changing the value functions of its child value nodes
(note that a decision node cannot have another decision node
as child in a simultaneous ID). In this sense, a node, if it is a
child of a decision node, serves as an interface through which
the choices of decision nodes may affect the value of the ID.
Such a node is called an interface node. All interface nodes
constitute an interface set. Collectively, an interface set serves
as an interface of an ID through which policies can affect the
expected value of the ID. Consequently, an ID can be divided
into two fractions: the upstream fraction, which includes the
interface nodes and the nodes “preceding” them, and the down-
stream fraction, which includes the interface nodes and the
nodes “succeeding” the interface nodes.

Example: We use the ID in Fig. 1 to informally illustrate
these concepts. The ID has two decision nodes { X7, X5}, five
random nodes {A, B,C, D, H}, and one value node U. The
interface set Vi, is {A, C} since they have parental decision
nodes. The upstream is { X, X», A, B, C}, which consists of
two interface nodes A and C, node X; preceding node A,
and nodes B and X, preceding node C. The downstream is
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X1

X2

Fig. 1. 1D to illustrate the representation theorem.

{A,C, H,D,U}, which consists of interface nodes A and C,
the nodes H, D, U succeeding to the interface nodes. |

Interestingly, corresponding to the structural separation that
an ID can be divided into two fractions, the expected value of
a value node under a policy breaks into two fractions, each of
which involving only the upstream or the downstream of the ID.

B. The Theorem

We formalize the above idea in this section. For the sake
of simplicity, throughout the paper, unless explicitly stated, we
assume that: 1) the ID has only one value node; and 2) the value
node has no decision node as its parent. We also note that our
results in this paper generalize to the IDs with multiple value
nodes and with value nodes having parental decision nodes. We
relax these assumptions at the end of this section.

We begin by defining several concepts. A random node Y
is an interface node if its parent set has at least one decision
variable, i.e., 7(Y) N x # 0. The interface set of an ID is the
set of all interface nodes. Due to the above assumptions, the
interface set contains only random nodes; for this reason, we
denote the set by )i,. The upstream of the ID includes the
interface set and all ancestors of the nodes in the interface.
By this definition, in addition to the interface random nodes
and decision nodes, the upstream may contain the random-node
ancestors of the interface nodes. These ancestral nodes must be
included because they, together with decision nodes, determine
the CPTs of the interface nodes. These ancestral random nodes
form a set denoted by ).

Given an ID, we can efficiently identify its upstream using
a queuing mechanism. We initialize a queue to be the interface
set Vi, (it can be readily built by checking whether there is
a parental decision node for every node in the ID) and the
upstream Z,, to be empty. At each step, a node is removed
from the queue and added to 7, if it is not in Z,,,. The parents
of the node, if not present in 7, thus far, are added to the
queue. The procedure terminates when the queue is empty.
When it terminates, the set Z,,, becomes the upstream set. The
procedure must terminate after a finite number of steps because
an 1D is a directed acyclic graph.

The upstream can be partitioned into three sets: the set X’
of decision nodes, interface set )i, and the set ), of random-
node ancestors of interface nodes. Given a policy §, we define

a function f5 from Qy, to the real line R. For notations, we
let m be the number of nodes in the set Vi, Y™ be a short
notation of {Y;l,... Y™}, and y.™ be an assignment to all
interface variables, i.e., an element of y-1.,

in

f5 (™) = D Ty eyouy, Ps (Y[ (Y)) T, Ps(Xs) - (4)
Yelo

where Iy cy,uy,, Ps(Y|n(Y))II2, Ps(X;) is the joint proba-
bility distribution of the variables in X, ), and Vi, given
policy 4. Hence, fs(Y;L™) is the conditional probability that
the interface Y1 = y1'™ occurs upon the policy §. For con-
venience, we call them interface probabilities.

In contrast to the upstream, the downstream of an ID is the
set consisting of all the interface nodes and their descendants.
The downstream contains the value node, the interface nodes,
and the random nodes that do not belong to the upstream.
We use ); to denote the set of noninterface random nodes in
the downstream. Note that the random nodes in the interface
set belong to both the upstream and the downstream. For an
assignment y..:™ of the set ¥;1™ and the value node U, we can
define a function as follows;

fou (™) = D Hyey, P (Y|x(Y)) gu (x(U)).  (5)
YeW

To see that fi, 7 is a function of Y;1'™, we note that the inter-
face variables may appear in 7(Y) for Y € Y;. Given an
assignment ™ of Y1, fi, v (yL™) is the expected utility
conditioned on the assigned interface y.™. These quantities
are called interface utilities for convenience. Since 7(Y") for
Y in Y must belong to the downstream, Ps(Y|7(Y)) is inde-
pendent of policy §. Consequently, these utilities are inde-
pendent of policy 4.

Theorem 1: Given a policy ¢ and a value node U, the ex-
pected value of the node U under policy §

>

1
yinmeQYikm

Bs[U] = s (™) - finw (™) - (6)

Proof: We show that E5[U] can be rewritten as the sum
of the interface utility f;,, v weighted by the probability fs over
all interfaces

Es[U) =Y P (x(U)) gu (=(U)) @)
w(U)
=S| OyeyP (Vin(Y)) I, P5(X,)
w(U) 7(%
x gu (m(U)) (b)

33 Y Dyepu, P(YIR(Y))

Ye€Vin YEV YEWN
x Hyey, P (Yx(Y)) i, Ps(Xi)gu (7(U))  (c)
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>

Z Oy ey,uy, P (Y7(Y))

YeVin LYEY,
X [ > Tyey, P(Y|r(Y)) gu (x(U)) (d)
YeW
= Z fs (yilxim) - fin,u (yilxi’”) . (e)

yEmEQu1im

Step (a) is true by (2). At step (b), Y/« (U) is the
difference set of Y and «(U). This step is true by in-
serting (1) into (2). Step (c) follows from the fact that
{m(U),Y/x(U)} and {Vy, Vin, V1 } are two partitions of the set
Y. At step (d), we break the distribution IIy ¢y P(Y |7 (Y)) x
I, Ps(X;) into two fractions Iycy,uy, P(Y|7(Y)) and
Hye, P(Y|r(Y))gu(w(U)). At step (e), we replace the
two fractions with the definitions of the interface utilities
and interface probabilities. |

By the theorem, given a policy ¢ and a value node U, the
expected value of the node under the policy can be represented
as the sum of the multiplications of the interface utilities and
corresponding interface probabilities.

Example (Continued): For the ID in Fig. 1, we show how to
represent E5[U] for the value node U and a given policy 4. Let
the policy ¢ be (61, d2), where ¢; is the decision choice of X;
fori =1, 2. By definition

Es[U] =Y > P(A[6,62)P(B|A)P(C|Bd)

H ABCD

x P(D|C)P(H|AD)ITL, P5(X;)gu (H).
The two functions are defined as follows.

f5(A,C) =" P(A|5182) P(B|A) P(C|Bdy) T, P5(X;)
B

fmv(A,C) =" P(H|AD)P(D|C)gu (H).
HD

It can be verified that E5[U]=>_ 4 o f5(A,C) finu(A4,C).1

We examine the assumptions we made at the beginning of
this section. First, we have assumed that there is only one
value node. In case of multiple value nodes, we may apply the
representation theorem to each node. The expected value of a
policy is the additive sum of the expected values of all value
nodes under the policy.

Second, we have assumed that the value node has no decision
nodes as its parents. In the other case that the value node has a
decision node as its parents, the functions f5 and fi, can be
defined as follows, such that the theorem holds

fou (V™) = Z My eyyuy Ps (Y| (Y))
Y€

x 17y Ps(X;)gu (m(U))

fin (Yvil:lm) = Z HY€y1P5 (Y|7T(Y)) :
Yey

TABLE |
FACTORIZATION APPROACH TO ID EVALUATION

1. Pre-compute the quantities f, y(yL:™) for all 1™ in Qy1:m

in

2. For each policy
2.1 compute f(;(ygzm) for each assignment of YZ}lm
2.2 compute Ej [UT by Equation (6)

3. Return the policy that maximizes Es[U]

Therefore, we can lift the assumption that the value node has
no decision node as parents. In this case, U is also called an
interface node, but it belongs to the upstream only. The reason
is that, by definition, a value node cannot have children and
therefore cannot produce impact on the downstream.? Note
that f5 changes to f5y, since the value node is considered in
computing the quantities relevant to the upstream. Interestingly,
it can be proven that fi,(= 1.0) is a constant. To see why, let
us assume that the size of ); be k. We enumerate the set ); as
{Y{, ..., Y{} such that a node’s parents appear after the node
in the set. In computing fi, (Y;1™), we can sequentially sum
out the variables in )y in the enumerated order. Ultimately, we
have fi, = 1.0.

C. The Algorithm

By the representation theorem, the expected value of a policy
is represented as the sum of interface utilities weighted by the
corresponding interface probabilities. The interface utilities are
independent of the individual policies, whereas the interface
probabilities are dependent on the policies. Therefore, the in-
terface utilities can be factored out, i.e., they can be calculated
once and reused across all the policies.

This is the idea behind our factorization approach, which
is described in Table I. The factored-out computations are
calculated once at line 1. They are used for all policies at line
2.2. Note that the procedure generalizes to IDs with multiple
value nodes.

D. Complexity Analysis

It is of interest to compare the approach and the generic
brute-forced approach that evaluates a policy directly by com-
bining (1) and (2). Let n be the number of decision nodes.
Thus, the size of the policy space is 2™. Let the complexity of
evaluating one policy be C'. The complexity C' breaks into three
pieces: computing fs, computing fi, 7, and computing Es[U]
by (6). We denote them, respectively, by Cy, Cs, and Cs. To
evaluate all policies, the generic approach has complexity 2" C,
i.e., 2"(Cy + Cy + Cs). In contrast, since the factorization
approach computes fi, 7 only once but uses them 2™ times, its
complexity is 2™(Cy + Cs) + Cs. A good measure to predict
the computational gain is the size of the downstream, i.e.,
the number of nodes in it. In one extreme, if the downstream
contains only the interface nodes and the value nodes (thus, Cs
is a constant), the two approaches have the same complexity. In
the other extreme, if the downstream contains far more nodes

2Note that this is different from random nodes having parental decision
nodes. Such a random node belongs to both the upstream and the downstream.



6 IEEE TRANSACTIONS ON SYSTEMS, MAN, AND CYBERNETICS—PART A: SYSTEMS AND HUMANS

time 0

Fig. 2. Dynamic ID model.

than the upstream (i.e., C5 > Cy + C3), the computational
gain is significant.

E. Bounding the Optimal Expected Value

We show that the interface utilities computed in the factor-
ization approach can be used to derive both an upper and a
lower bound of the optimal value of the ID. These bounds have
significant implications in practical planning.

We define ;" ,; and Jin,v 10 be the largest and the smallest

1

one among all interface utilities, i.e.,

+ 1:m

T = max : :
fop = 108 fiw (13s")

— : 1:
fin,U = 1111 fiILU (yinm)

Yin" €Ly 1im

where the max and min are taken over the domain of the
variables in Y;1 ™. From the theorem, we see that /7 ; (f;, /)
is the upper (lower) bound of the optimal value of the ID. These
bounds have significant importance in practice. Suppose, for
instance, that these bounds are available to a planner. In one
extreme, if the planner expects a utility that is larger than the
upper bound, he never bothers to evaluate all the policies and
finds the optimal one because even the best policy provides less
than he expects. In this case, he needs to redesign the network
structure or parameters such that the performance of the 1D
can be improved. In the other extreme, if the planner expects a
utility that is less than the lower bound, again he never bothers
to evaluate all the policies and chooses the optimal one because
any policy can provide more than he expects. In this case, he
can pick any policy and execute it.

We note that from the computational point of view, comput-
ing these bounds is easier than evaluating the ID. There are
two reasons. First, as discussed earlier, computing these bounds
involves only the downstream of the ID, whereas evaluating
an ID involves its entire structure. If the downstream contains
much fewer variables than the upstream, the interface utilities
(and also the bounds) can be obtained efficiently. Second,
computing these bounds avoid enumerating all the policies and
calculating their expected values.

Finally, the tightness of the bounds depends on the structure
of an ID, the CPTs of random nodes, and the value functions of
value nodes. It is difficult to characterize a general condition to
determine the tightness of the bounds. In our experiments, we

time t+1

empirically show that these bounds are reasonably tight for the
tested problems.

V. EXTENSIONS TO THE FACTORIZATION APPROACH

In this section, we discuss two extensions to the factoriza-
tion approach. These extensions deal with reconstructing the
policies as the network structure/parameters undergo changes.
There are two perspectives. First, at one decision step, the
network might change such as more actions being available for
a planner’s choice, more value nodes needed consideration, and
so on. Second, the network might dynamically alter its structure
or parameters as time goes by. For example, if a subgoal is
successfully accomplished at one step, it can be removed from
the network in the subsequent steps.

A. Network Structure/Parameter Changes

The principle for the factorization approach to accommo-
date structure or parameter changes is as follows. First, if
the changes involve only the upstream of an ID, the inter-
face utilities do not need to be recomputed and can still be
shared in evaluating the ID. Specifically, these changes include
addition or removal of decision/random/value nodes and also
the alternation of CPTs and value functions in the upstream.
Second, if the changes involve only the downstream of the
ID, the approach needs to reconstruct the interface utilities.
Fortunately, the interface probabilities are preserved and the
calculations for them can be saved. Third, if the changes involve
not only the upstream but also the downstream, the approach
needs to recompute both the interface utilities and the interface
probabilities.

B. Planning Over Time

In realistic applications, network parameters may change
over time. In this case, we can use a dynamic ID to model
the conditional dependencies among nodes over time. In this
section, we show how the factorization approach can be used to
reconstruct the policies on a step-by-step basis for dynamic IDs.

To facilitate our discussions, we extend the example in Fig. 1
to a dynamic ID. We assume that the variable H evolves over
time and let H; denote H at step ¢. The dynamic ID is drawn in
Fig. 2. In contrast, the ID in Fig. 1 is said to be static since the
multiple decisions are made at one time step.
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The dynamic ID has two prominent features. First, at a single
step, the decision problem can be modeled as a static ID. In
addition to the nodes and links in Fig. 1, the node H; ., at
step ¢ + 1 has one more parent node H;. Second, the intertem-
poral link between two consecutive nodes carries the historic
information about the sequence of performed policies. For step
n + 1, the information can be summarized by a probability
distribution of H; conditioned on the history [14].

For a dynamic ID, we are interested in optimal planning on
the step-by-step basis. The problem is formulated as: Given
an initial probability distribution P(H,), at step ¢ + 1, how
to efficiently find the policy 6[ = (41, ..., d,) Where n is the
number of decision nodes] that maximizes E;[Ug, ., ]? To solve
the problem, we show: 1) how to select the optimal policy at
step ¢ + 1, given the probability distribution P(H,); and 2) how
to sequentially update the probability distribution P(H; 1)
from P(H,), given a policy ¢ at the previous step. After these
two questions are settled, we may choose the optimal policy as
follows. At step ¢ + 1, we first choose the optimal policy for
the step and then update the probability P(H;1) from P(H;).
The procedure repeats at each step.

To answer the first question, we introduce the concept of
an augmented interface node and an augmented interface set.
We call the node H, an augmented interface node of the ID at
step ¢ + 1 since the node H, can produce impact on the network
via altering its probability distribution. In this sense, it is an
interface node.® The augmented interface set consists of ), as
before and the node H;. The downstream of the ID atstep ¢ + 1
remains the same as that of the static ID. Likewise, we may
define the two functions fs and fianHf,+1' Therefore, we can
use the factorization approach to solve the planning problem
over time. The computations involving fin,UHt+1 are factored
out. Note that these interface utilities are shared for all policies
at each decision step. For the ID in Fig. 2, we can define the
following functions for the I1D:

f§(A7 Ca Ht)

— P(H,) S P(Al5162) P(B|A)P(C| &), P5(X;)
B
fin,UHt (Av Cv Ht)

= Y P(H;41|ADH,)P(D|C)gu (Hy41).
Hii 1D

It can be verified that Es[Un,,,] =>4 cp, f5(A,C, Hy) -
fin v, (A, C, Hy).

To answer the second question, we show how to efficiently
compute P(H;,1), given a distribution P(H;) and the policy
6 performed at step ¢. We introduce a technique such that the
procedure of computing P(H,1) can be conducted similar to
that of computing Es[Ug, . ,]. Suppose that H,; can take on
two values h(true) and —h(false). We first show how to calculate

3Previously, we defined an interface node to be a node that has parental
decision nodes since the choices of decision nodes can affect its CPTs and
in turn, the expected value of the ID. In contrast, the node H; is called an
augmented interface node since it can change its probability distribution and
thus, affect the expected value of the ID.

the probability of H;,, being true. Let V' be a value node that
differs from Up, . , only in its value function. Specifically, gy is
1.0 if its parent H, 1 is true; it is 0.0 otherwise. For simplicity,
let H; 1 = h(—h) denote the event that the hypothesis H;; is
true (false). We prove that E5[V] = Ps(H¢11 = h).
Proposition 1: Es[V] = Ps(Hy11 = h).
Proof:

EslV] = Z Ps(He+1)gv (Hey1)
Hyyq
=Ps(Hiy1 = h)gv (Hipr = h)
+ Ps(Hit1 = —h)gv (Hiy1 = —h)
:Pg(Ht+1 = h)

In the last step, we use the definition of the value function gy .l

To calculate the probability of H;., being false, we may
define gy as follows: It is 1.0 if its parent H;; is false; it is
0.0 otherwise. If we define two functions f5 and fi, , we see
that the computational steps for Es[V'] are the same as those for
computing E5[Ug,,,]. Hence, computing P(H,,) does not
add much overhead to ID evaluation.

It is interesting to compare the generic approach and the
factorization approach in the context of the dynamic ID. Let
the number of decision steps be 7. Recall that the complexity
of computing fs is C1, the complexity of computing fin,UHt+1
is Cs, and the complexity of computing Es (U, , ,] is C». Since
C takes constant time, it can be ignored. For one decision
step, the factorization approach has the complexity 2"Cs + C3
while the generic approach has the complexity 2™(Cy + C3).
For T steps, the complexity of the factorization approach is
2"T'Co + C3 [note that this does not include the overhead
of computing P(H,1)], while the complexity of the generic
approach is 2"T(Cy + C3). If C3 > Cs, the factorization
approach can be extremely efficient.

VI. EXPERIMENTS

In this section, we report our experiments on both simulation
studies and a military planning example. In our experiments,
we wrote Matlab-V6.5 codes and ran them on a laptop with a
2.0-GHz central processing unit (CPU) under Windows XP. We
compare the factorization approach against the generic brute-
forced approach. We chose the generic approach because we
were not aware of specific algorithms for evaluating simulta-
neous IDs. For convenience, we refer to the two algorithms
as eval CS (named after computation sharing) and eval BF
(named after brute forced).

A. Simulation Studies

To thoroughly evaluate the performance of the factorization
approach, we conducted simulated studies on the ID in the
left chart of Fig. 3, which is similar to the military planning
examples in [15]. It is referred to as the static ID in the rest
of this section. The CPTs are randomly generated. The value
functions for value nodes are manually specified.

Specifically, our experiments are designed to: 1) evaluate
the performances of the factorization approach for static and
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Fig. 3. Test example is shown in the left chart, while the right is its variant for comparative studies.
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Fig. 4. Performance comparison of eval BF and eval CS.

dynamic IDs; 2) show the tightness of bounds derived from
the interface utilities; 3) demonstrate how the computational
gain achieved by the approach varies with different network
structures; and 4) demonstrate the computational gain by
adapting the approach to account for newly added decisions
and value nodes.

1) Performances of the Factorization Approach: To see how
the performances of the algorithms vary with the number of
decision nodes, we fix the number of random nodes at each
level at four and vary the number of decision nodes. Thus, the
static ID with n decision nodes has additionally ten random
nodes and n + 1 value nodes. We ran eval BF and eval CS
for seven problems with n = 3,5,...,13. The timing data are
presented in the left chart of Fig. 4. The chart gives the total
CPU seconds that the algorithms took for each of the problems.
Note that the vertical direction is drawn in log scale. The
solid (dashed) curve is for eval CS (eval BF). It can be seen
that eval CS is considerably more efficient than eval BF. For
instance, from our data, for n =9, to evaluate 512 policies,
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eval CS took 3.51 s while eval BF, 646.74 s; for n = 13, to
evaluate 8192 policies, eval CS used 46.32 s while eval BF,
9284.05 s.

To quantitatively characterize how much savings the factor-
ization procedure can bring about, we use the timing results
of eval CS to predict the performance of eval BF. Recall
that the complexity of evaluating a policy breaks into three
fractions Cy, C3, and Cs. We ignore Cy since it is a constant.
For each problem, we estimate C; by the actual seconds Cs
of computing fin v, , and Cy by Cy as (the total CPU time —
C3)/(the number of policies). The complexity of eval BF is
predicted by 27 (C, + C). We found that these estimations are
almost the same as the actual timing results of eval BF. This
suggests the effectiveness of our complexity analysis.

We also tested the algorithms over the dynamic ID in Fig. 5,
which is an extension of the left chart of Fig. 3.

Initially, the probability of the node H being false is set to
1.0. Its probability is updated at each decision step. We ran
both algorithms for up to ten decision steps. We showed the
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Fig. 5. Dynamic influence diagram.

total CPU time for the ID with nine decision nodes in the right
chart of Fig. 4. The chart gives the total CPU seconds for both
algorithms against the time steps. Note that again the vertical
direction is drawn in log scale. It can be seen that the CPU
time linearly increases with the elapsed time for eval BF while
its increase is negligible for eval CS. This is not a surprising
observation. In eval BF, all policies are evaluated at each step.
The time cost for all steps remains the same. Hence, the increase
is linear. From our data, eval BF uses about 1300 s to evaluate
all 512 (2%) policies at each step. However, in eval CS, the
interface utilities are computed only once at the first step. So,
we observe that at the first step, eval CS takes about 2.66 s
to compute these utilities; thereafter, each step takes about only
10 s to evaluate all 512 policies. The increase is negligible when
compared against that in eval BF.

2) Tightness of Bounds: To show the tightness of the upper
and lower bounds of the optimal expected value, in Fig. 6, we
plot the optimal value (the middle curve) and these bounds
(the upper and lower curves) for the static IDs with 3,5, ...,13
decision nodes. We see that these bounds are reasonably tight
for the tested problems. For example, for n = 7, the optimal
value is 871.47 while the bounds are 722.91 and 936.637.
Although it is difficult to quantitatively analyze the properties
of these bounds, these experiments show they can be tight at
least for these tested problems.

3) Computational Gain Under Network-Structure Changes:
To demonstrate how the computational gain of eval CS varies
with different network structures, we run eval CS over the
static ID and a modified version of it. The modified ID is
obtained as follows: Every link from X; to le is redirected
to YJ?. The resulting 1D is shown in the right chart of Fig. 3.
Its upstream is X UYY,,, UY{,  UUy,, whereas its down-
stream is Y} U{H} U{Ug}, where Uy, means the set
of value nodes, and Y7, means the set of nodes Y7, i.e.,
Y, ={Y,..., Y, }fori=1,2, 3. Compared with that of
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Fig. 6. Lower and upper bounds obtained from the interface utilities.

the static ID, the downstream of the modified 1D contains fewer
random nodes. We expect: 1) eval CS is still more efficient
than eval BF in the modified ID, since its downstream contains
a number of random nodes; and 2) eval CS achieves less
savings in modified ID than it does in the original ID.

The experiments presented in Fig. 7 confirm these expecta-
tions. First, the left chart plots the CPU seconds (in log scale)
that eval CSand eval BF take for the modified IDs with a dif-
ferent number of decision variables. It can be seen that eval CS
is more efficient. Second, the right chart plots the magnitudes
of the savings brought by eval CS. For each approach, the
saving magnitude is measured by the quotient of the total time
of eval BF and that of eval CS. The magnitudes are drawn in
the vertical direction. For a modified ID, eval CS is about 14
times faster than eval BF. For the original IDs, the magnitudes
vary with the number of their decision nodes. We see that the
computational savings brought by eval CS are more significant
for IDs whose downstream contains more nodes.
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the total/replanning time for the factorization approach.

4) Computational  Gain  Under  Network-Parameter
Changes: We also conducted experiments to show how
the factorization approach achieves computational savings as
the network changes. For this purpose, given the static ID,
we first evaluate it (the planning phase), then add more nodes
to the ID and reevaluate it (the replanning phase). We like
to compare both the replanning time and total time of the
factorization approach against that of the generic approach.

In one experiment, we first evaluate a static ID with n
decision nodes. We then add two decision nodes to the ID and
evaluate the modified I1D. Every newly added node has a link
from itself to every le node. The timing results in log scale
are presented in the left chart of Fig. 8. In the chart, the curve
corresponding to CS1 (BF1) depicts the replanning time for
the factorization (generic) approach, whereas the curve corre-
sponding to CS (BF) depicts the total time similarly. We see
that for the tested problems, the factorization approach achieves
considerable savings in replanning when more decision nodes
are added. For instance, for the ID with nine decision nodes,
the factorization and generic approach, respectively, takes 9.80
and 2313.94 s. These savings are achieved through sharing
the interface utilities computed during the evaluation of the
original ID. Since the factorization approach takes much less
time in both evaluating and reevaluating the 1D, its total time is
considerably less than that used by the generic approach.

In the other experiment, we evaluate the ID and then add one
more value node for replanning. The added value node has a
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Replanning for added action/value nodes. In both charts, the curves from the top and bottom plot the total/replanning time for the generic approach, and

link from every node YJ? for 5 =1,...,4. In computing the
expected value of the added value node, we still use the factor-
ization approach. In reevaluating an 1D, we do not recompute
the expected value of the existing value node. The timing results
in log scale are collected in the right chart of Fig. 8. The legends
read similar to those in the left chart. It can be seen that the
factorization approach can achieve great savings in replanning.
The reason is obvious: The factorized computations are saved
in computing the expected value of the newly added value node.
By taking advantage of shared computations in evaluating two
value nodes, the total time used by the factorization approach is
considerably less than that by the generic approach.

B. A Military Planning Example

We applied the factorization approach to a hypothetical
military planning example, which is illustrated in Fig. 9.
The overall military goal is to win a war or to bring a
tyrant to justice. The goal is represented by a Hypot hesi s
node, which is on the top of the figure. There are 12 prim-
itive actions, namely destroy_C2, destroy_Radars,
..., oper at e_speci al _f or ce, which are on the bottom
side. Performing an action has direct effects of specific pur-
pose. For instance, if the action destroy Radars is
performed, the EW GCl Radar s is destroyed with a high
probability. These effects alter the overall goal through
altering the low-level subgoals. For instance, the status
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of C2 (command and control), EW GCl Radars and
Conmruni cat i ons facilities, and Ai r _stri ke determine
the workability of the integrated air defense system (IADS)
and the strength of the enemy air force. In turn, the
workability of IADS system and the strength of the en-
emy air force determine the loss of Air _superiority.
The Air_superiority, Territory_occupati on,and
Conmmander _sur render are three subgoals determining
the overall goal success. Without loss of generality, we as-
sume all nodes are binary. In the example, each decision node
is associated with a value node encoding the cost of perform-
ing the action, and the hypothesis node is associated with a
value node encoding the utility of goal success. The optimal
policy needs to balance the utility of goal success and cost of
performing actions.

We designed a reasonable set of CPTs and value
functions. For the Hypot hesi s node, if all the subgoals
Air_superiority, Territory_occupation, and
Command_surrender are achieved, the overall goal
is successfully achieved. If one of the subgoals is to be
achieved, the probability of the overall success is decreased
by 0.3; however, if none of the subgoals is achieved, the
overall goal fails with certainty. Similarly, for the subgoal
Ai r_superiority, the two influencing factors are | ADS
and Air_force. If the IADS system works well and
Ai r_force is strong, Ai r_superiority is true for the
enemy air force; if either the IADS system works poorly or
Ai r _f or ce isweak, the probability of Ai r _superiority
being true is decreased by 0.5. Other CPTs for

Territory_occupation and Conmand_surrender
are set analogously to those for Air_superiority. A
similar strategy is used in parameterizing the nodes | ADS,
Air_force,Artillery, Gound_force, Mral e, and
Conmander _i n_cust ody. In determining the CPTs for
random nodes that are immediate children of the decision
nodes, we assume that an action achieves its intended effect
with probability 0.9. For example, a destroy_ Radars
decision will destroy the EW/GCI radars with probability
0.9. To complete the ID definition, we also assigned value
functions. If the goal is successfully achieved, the reward is
1000; otherwise, the cost, i.e., a negative reward, is 500. For
other decision nodes, if a ground attack is launched, the cost
is 150; if the special force operation is performed, its cost is
100; if the commander decides to capture the bodyguards of
the tyrant, the operating cost is 80; if an air strike is launched,
the cost is 50; for any other actions, their operating cost is 20.
Our primary interest is in the performance of the factorization
algorithm. From our data, to evaluate the ID, the factorization
algorithm took 45 s, while the brute-forced algorithm took
9012 s. Hence, the computational saving is tremendous. We
can explain the performance difference by the ID structure—its
downstream contains a large number of nodes: all random
nodes and the value node associated with the goal. Since its
downstream contains far more random nodes than its upstream,
the approach is expected to be significantly more efficient.
Our secondary interest is concerned with the optimal policy.
The optimal policy is the one that performs only air strike
and special force operation. The expected value of the ID
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is 561.98, and the probability of goal success is 0.81. We note
that the optimal policy excludes “launching a ground attack,”
although it is the action that is most likely to lead to goal
success. One possible reason, as explained earlier, is that the
action is excluded due to the high operating cost of performing
the action.

VIl. CONCLUSION AND FUTURE WORK

In this paper, we studied a special ID class, namely simul-
taneous IDs, where multiple decisions need to be made at
one time step. We intended to make two contributions. First,
we examined a simultaneous ID and studied its theoretical
properties. We showed that such an ID can be decomposed
into an upstream fraction and a downstream fraction, and that
the expected value of a value node under a policy can be
represented as the sum of interface utilities that involve only the
downstream fraction, weighted by the corresponding interface
probabilities that involve only the upstream fraction. The inter-
face utilities naturally provide an upper and lower bound of the
optimal value of the ID. Second, we proposed a novel factoriza-
tion algorithm to evaluate a simultaneous ID. The interface util-
ities are independent of the individual policies; therefore, they
can be calculated once but used across all policies in evaluating
them. We also extend the factorization approach to a dynamic
ID. The algorithm has been tested on simulation studies and
a military planning example. Our experiments showed that the
factorization algorithm is significantly more efficient than the
generic algorithm in evaluating a simultaneous ID.

To further speed up ID evaluating, one future direction is
to combine the factorization approach with the approaches
of reducing the search space. In this paper, we address one
difficulty in 1D evaluation, i.e., evaluating individual policies.
Another difficulty in ID evaluation is that the policy space
contains exponentially many polices and one needs to evaluate
all of them in order to find the optimal one. The ID evaluation
process can be accelerated if the technique in this paper can be
integrated with the approaches of reducing the search space.
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uncertainty variable prior to making a decision. It is widely used as a sensitivity analysis
technique to rate the usefulness of various information sources, and to decide whether
pieces of evidence are worth acquisition before actually using them. However, due to the
exponential time complexity of exactly computing VOI of multiple information sources,
decision analysts and expert-system designers focus on the myopic VOI, which assumes

Keywords: . . . . . .

Value-of-information observing only one information source, even though several information sources are avail-
Influence diagrams able. In this paper, we present an approximate algorithm to compute non-myopic VOI effi-
Decision making ciently by utilizing the central-limit theorem. The proposed method overcomes several
Central-limit theorem limitations in the existing work. In addition, a partitioning procedure based on the d-sep-
Stress modeling aration concept is proposed to further improve the computational complexity of the pro-

posed algorithm. Both the experiments with synthetic data and the experiments with
real data from a real-world application demonstrate that the proposed algorithm can
approximate the true non-myopic VOI well even with a small number of observations.
The accuracy and efficiency of the algorithm makes it feasible in various applications
where efficiently evaluating a large amount of information sources is necessary.

© 2008 Elsevier Inc. All rights reserved.

1. Introduction

In a wide range of decision-making problems, a common scenario is that a decision maker must decide whether some
information is worth collecting, and what information should be acquired first given several information sources available.
Each set of information sources is usually evaluated by value-of-information (VOI). VOI is a quantitative measure of the value
of knowing the outcome of the information source(s) prior to making a decision. In other words, it is quantified as the dif-
ference in value achievable with or without knowing the information sources in a decision-making problem.

Generally, VOI analysis is one of the most useful sensitivity analysis techniques for decision analysis [23,25]. VOI analysis
evaluates the benefit of collecting additional information in a specific decision-making context [27]. General VOI analyses
usually require three key elements: (1) A set of available actions and information collection strategies; (2) A model connect-
ing the actions and the related uncertainty variables within the context of the decision; and (3) values for the decision out-
comes. The methods of VOI analysis could be quite different when different models are used.

In this paper, we consider VOI analysis in decision problems modeled by influence diagrams. Influence diagrams were
introduced by Howard and Matheson in 1981 [13] and have been widely used as a knowledge representation framework
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to facilitate decision making and probability inference under uncertainty. An ID uses a graphical representation to capture
the three diverse sources of knowledge in decision making: conditional relationships about how events influence each other
in the decision domain; informational relationships about what action sequences are feasible in any given set of circum-
stances; and functional relationships about how desirable the consequences are [21]. An ID can systematically model all
the relevant random variables and decision variables in a compact graphical model.

In the past several years, a few methods have been proposed to compute VOI in IDs. Ezawa [8] introduces some basic con-
cepts about VOI and evidence propagation in IDs. Dittmer and Jensen [7] present a method for calculating myopic VOI in IDs
based on the strong junction tree framework [15]. Shachter [25] further improves this method by enhancing the strong junc-
tion tree as well as developing methods for reusing the original tree in order to perform multiple VOI calculations. Zhang
et al. [28] present an algorithm to speed up the VOI computation by making use of the intermediate computation results,
which are obtained when computing the optimal expected value of the original ID without the observations from the infor-
mation sources. Instead of computing VOI directly, [22] describe a procedure to identify a partial order over variables in
terms of their VOIs based on the topological relationships among variables in the ID. However, all these papers only focus
on computing myopic VOI, which is based on two assumptions: (1) “No competition:” each information source is evaluated
in isolation, as if it were the only source available for the entire decision; (2) “One-step horizon:” the decision maker will act
immediately after consulting the source [21]. These assumptions result in a myopic policy: every time, the decision maker
evaluates the VOI of each information source one by one, and chooses the one with the largest VOI. Then the observations are
collected from the selected information sources, the probabilities are updated, and all the remaining information sources are
to be reevaluated again, and a similar procedure repeats.

Obviously, the assumptions are not always reasonable in some decision circumstances. Usually, the decision maker will
not act after acquiring only one information source. Also, although a single information source may have low VOI and is not
worth acquisition compared to its cost, several information sources used together may have high VOI compared to their
combined cost. In this case, by only evaluating myopic VOI, the conclusion will be not to collect such information, which
is not optimal since its usage together with other information sources can lead to high value for the decision maker. There-
fore, given these limitations in myopic VO], it is necessary to compute non-myopic VOIL.

Non-myopic VOI respects the fact that the decision maker may observe more than one piece of information before acting,
thus requires the consideration of any possible ordered sequence of observations given a set of information sources. Unfor-
tunately, the number of the sequences grows exponentially as the number of available information sources increases, and
thus it is usually too cumbersome to compute non-myopic VOI for any practical use, and this is why the before mentioned
work only focuses on myopic VOI. Given these facts, an approximate computation of non-myopic VOI is necessary to make it
feasible in practical applications. To the best of our knowledge, [11] are the only ones who proposed a solution to this prob-
lem. In their approach, the central-limit theorem is applied to approximately compute non-myopic VOI in a special type of ID
for the diagnosis problem, where only one decision node exists. Certain assumptions are required in their method: (1) all the
random nodes and decision nodes in the ID are required to be binary; (2) the information sources are conditionally indepen-
dent from each other given the hypothesis node, which is the node associated with the decision node and utility node.

Motivated by the method of Heckerman et al., we extend this method to more general cases': (1) all the random nodes can
have multiple states and the decision node can have multiple rules (alternatives); (2) the information sources can be dependent
given the hypothesis node; and (3) the ID can have a more general structure. But same as Heckerman et al.’s method, we only
discuss the VOI computation in terms of IDs that have only one decision node. This decision node shares only one utility node
with another chance node. With the proposed algorithm, non-myopic VOI can be efficiently approximated. In order to validate
the performance of the proposed algorithm, we not only perform the experiments based on the synthetic data for various types
of IDs, but also provide a real-world application with real data.

Because of the efficiency and accuracy of the proposed method, we believe that it can be widely used to choose the opti-
mal set of available information sources for a wide range of applications. No matter what selection strategies people use to
choose an optimal set, such as greedy approaches, heuristic searching algorithms, or brute-force methods, the proposed
method can be utilized to evaluate any information set efficiently in order to speed up the selection procedure.

The following sections are organized as follows. Section 2 presents a brief introduction to influence diagrams. The detail of
the algorithm is described in Section 3. Section 4 discusses the experimental results based on synthetic data. And a real appli-
cation is demonstrated in Section 5. Finally, Section 6 gives the conclusion and some suggestions for future work.

2. Influence diagrams

An influence diagram (ID) is a graphical representation of a decision-making problem under uncertainty. Its knowledge
representation can be viewed through three hierarchical levels, namely, relational, functional, and numerical. At the rela-
tional level, an ID represents the relationships between different variables through an acyclic directed graph consisting of
various node types and directed arcs. The functional level specifies the interrelationships between various node types and
defines the corresponding conditional probability distributions. Finally, the numerical level specifies the actual numbers
associated with the probability distributions and utility values [6].

1A brief version of this extension can be found in [18].
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Specifically, an ID includes three types of nodes: decision, chance (random), and value (utility) nodes. Decision nodes,
usually drawn as rectangles, indicate the decisions to be made and their set of possible alternative values. Chance nodes,
usually drawn as circles/ellipses, represent uncertain variables that are relevant to the decision problem. They are similar
to the nodes in Bayesian networks [14], and are associated with conditional probability tables (CPTs). Value nodes, usually
drawn as diamonds, are associated with utility functions to represent the utility of each possible combination of the out-
comes of the parent node. The arcs connecting different types of nodes have different meanings. An arc between two chance
nodes represents probabilistic dependence, while an arc from a decision node to a chance node represents functional depen-
dence, which means the actions associated with the decision node affect the outcome of the chance node. An arc between
two decision nodes implies time precedence, while an arc from a chance node to a decision node is informational, i.e., it
shows which variable will be known to the decision maker before a decision is made [21]. An arc pointing to a utility node
represents value influence, which indicates that the parents of the utility node are those that directly affect its utility. Fig. 1
illustrates these arcs and gives corresponding interpretations.

Most IDs assume a precedence ordering of the decision nodes. A regular ID assumes that there is a directed path contain-
ing all decision nodes; a no-forgetting ID assumes that each decision node and its parents are also parents of the successive
decision nodes; and a stepwise decomposable ID assumes that the parents of each decision node divide the ID into two sep-
arate fractions. In this paper, we consider IDs that have only one decision node, i.e., ignoring all previous decisions. The goal
of ID modeling is to choose an optimal policy that maximizes the overall expected utility. A policy is a sequence of decision
rules where each rule corresponds to one decision node. Mathematically, if there is only one decision node in an ID and
assuming additive decomposition of the utility functions, the expected utility under a decision rule d given any available evi-
dence e, denoted by EU(d|e), can be defined as follows:

n
EU(dle) =Y Y p(Xile, d)u;(X;,d), (1)
=1 X;
where u; is the utility function over the domain X; U {D}. For example, X; could be the parents of the utility node that u; is
associated with. To evaluate an ID is to find an optimal policy as well as to compute its optimal expected utility [24,26]. More
detail about IDs can be found in [17,14].

Generally, the advantages of an ID can be summarized by its compact and intuitive formulation, its easy numerical assess-
ment, and its effective graphical representation of dependence between variables for modeling decision making under
uncertainty. These benefits make ID a widely used tool to model and solve complex decision problems in recent years.

3. Approximate VOI computation
3.1. Value of information

The VOI of a set of information sources is defined as the difference between the maximum expected utilities with and
without the information sources [17]. VOI can be used to rate the usefulness of various information sources and to decide
whether pieces of evidence are worth acquisition before actually using the information sources [21].

We discuss the VOI computation in terms of IDs that have only one decision node. This decision node shares only one
utility node with another chance node, as shown in Fig. 2. And the decision node and the chance node are assumed to be
independent. In the ID, the chance node ©, named as hypothesis node, represents a mutually exclusive and exhaustive
set of possible hypotheses 6;,0,, ..., 0,; the decision node D represents a set of possible alternatives di,d,, ..., dy; the utility
node U represents the utility of the decision maker, which depends on the outcome of ® and D; and the chance nodes

0y,...,0, represent possible observations from all kinds of information sources about the true state of ®. And each O;
may have multiple states. Let O = {Oy,...,0,}, the VOI of O, VOI(0), w.r.t. the decision node D, can be defined as follows:
VOI(0) = EU(0) — EU(0), 2)
EU(0) =) _p(o)max > _ p(0ilo)u(0;,dy), 3)
00 4 0;€®
EU(0) = max " p(6i)u(0;,d)), (4)
4D 926

Probabilistic Functional Vaue
Dependence Dependence Influence
\:'—»‘:I Time Q—D Informational
Precedence

Fig. 1. Interpretations of arcs in an ID, where circles represent chance (random) nodes, rectangles for decision nodes, and diamonds for value (utility) nodes.
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Fig. 2. An ID example for non-myopic VOI computation. @ is the hypothesis node, D is the decision node, and U is the utility node. O; represents possible
observations from an information source. There could be hidden nodes between @ and O;.

where u() denotes the utility function associated with the utility node U, EU(O) denotes the expected utility to the decision
maker if O were observed, while EU(0) denotes the expected utility to the decision maker without observing O. Here the cost
of collecting information from the information sources is not included; thus, the VOI can also be called perfect VOI [11]. The
net VOI is the difference between the perfect VOI and the cost of collecting information [12]. Since after calculating the per-
fect VOI, the computation of the net VOI is just a subtraction of cost, we focus on the perfect VOI in the subsequent sections.

As shown in Eq. (2), to compute VOI(0), it is necessary to compute EU(0) and EU(O) respectively. Obviously, EU(O) is eas-
ier to compute, whereas directly computing EU(O) could be cumbersome. If the decision maker has the option to observe a
subset of observations {0y, ...,0,} and each O; has m possible values, then there are m" possible instantiations of the obser-
vations in this set. Thus, to compute EU(O), there are m" inferences to be performed. In other words, the time complexity of
computing VOI is exponential. It becomes infeasible to compute VOI(O) when n is not small.

The key to computing VOI(O) efficiently is to compute EU(O), which can be rewritten as follows:

=Y plo) max2p0|o u(0;,d;) Zmapr p(0;|o)u(0;, d;) Zmapr p(0|6:))u(6;,d;). (5)

0e0 4<b =9 4eb 525 4ed 525

It is noticed that each instantiation of O corresponds to a specific optimal action for the decision node D. We define the deci-
sion function ¢ : O — D, which maps an instantiation of O into a decision in D. For example, 4(0) = d indicates when the
observation is o, the corresponding optimal decision is dy, d; = arg MaXgep) g, coP(0il0)U(0;, d;). Therefore we can divide all
the instantiations of O into several subsets, where the optimal action is the same for those instantiations in the same subset.
Specifically, if D has q decision rules, {d;,...,d,}, all the instantiations of O can be divided into q subsets, 04, ,04,,..-,04,,
where 04, = {0 € 0]6(0) = di}. Fig. 3 illustrates the relationships between each instantiation and the q subsets. Thus, from
Eq. (5), EU(O) can be further derived as follows:

=" plo; ZZpo\() u(0;, dy). (6)

(A=) k=1 o0coq,

In the next several sections, we show how to compute EU(O) efficiently.
3.2. Decision boundaries

In Eq. (6), the difficult part is to compute Zoendkp(o\()i) because the size of the set o4, could be very large based on the
previous analysis. In order to compute it efficiently, it is necessary to know how to divide all the instantiations of O into
the g subsets. We first focus on the case that @ has only two states, 0y, 0,, and then extend it to the general case in Section
34.

Based on the definition, the expected utility of taking the action d, is EU(dy) = p(01) Uik + p(62) * Uy, where
Uy = u(6q,dy), and uy, = u(0,,dy). We can sort the index of all the decision rules based on the utility functions, such
that uq, > uy; and uy, < uy; for k < j. Fig. 4 gives an example of the utility function u(©,D). As shown in the figure, as k
increases, uy, decreases and u,, increases. If there is an action d; that cannot be sorted according to this criterion, it is either

Fig. 3. (a) Each o; corresponds to an instantiation; (b) all the instantiations can be divided into g subsets, where each instantiation in the set 0,4, corresponds
to the optimal decision d;.
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Fig. 4. An example of the utility function U(©,D).

dominated by another action, or it dominates another action. (If u(d;, @) is always larger than u(d;, ©), no matter what state
of @ is, we say d; dominates d;). Then the dominated action can be removed from the set of possible actions, without chang-
ing the optimal policy.

Proposition 1. Let rj, = ;— 2% — pi = MaXy.j<qlj, and pj, = Minyrj, then di is the optimal action if and only if

T Ugge—Ugjt+lpi—Upy

Py < p(01) < py,- In addition, py = 0 and pj, = 1. (Here k is the index of an action.)

Proof. see Appendix. O

Proposition 1 presents that if the probability of © being 0; is between pj, and p;,,, d is the optimal decision. From this, we
can further derive Proposition 2.

Proposition 2
> p(0) = p(piy < p(01]0) < pi,)- (7)
0c0g,

Proof. see Appendix. O

The Proof of Proposition 2 establishes Eq. (7) by showing that both sides of this equation express the probability that d, is
the optimal decision for 0;. Based on Proposition 2, we can get the following corollary.

Corollary 1
> p(0]01) = p(pyy < p(010) < Pi,|01), (8)
0€0g,
> p(0]62) = p(pyy < p(010) < pi,,l62). 9)
0€0g,

The equations in Corollary 1 indicate the probability that the decision maker will take the optimal decision d, after
observing new evidence, given the situation that the state of @ is 0; before collecting the evidence.

Based on Corollary 1, the problem of computing }°,., p(0[0;),i = 1,2, (from Eq. (6)) transfers to the problem of comput-
ing p(p;, < p(61]0) < pj,|0:), which is the topic of the next section. We will focus on P(pyy < p(01]0) < p,|01) only because the
procedure of computing p(p;, < p(61|0) < pj,|02) is similar.

3.3. Approximation with central-limit theorem
3.3.1. A partitioning procedure

To compute p(p;, < p(61|0) < p;,|61), one way is to treat p(6;|0) as a random variable. If the probability density function of
this variable is known, it will be easy to compute p(pj, < p(61|0) < p;,|01). However, it is hard to get such a probability den-

sity function directly. But we notice that p(pj, < p(61]0) < pj,|01) = p(% < B} o iy |01). Based on the transformation
kl ku

property between a random variable and its function [2], it is straightforward that p(p;, < p(6:|0) < p;,l01)
— p(_Fi (0110) « Piu
=p (e <5 < g 1)

Let us take a closer look at %z}g; because it is critical in the approximate algorithm.




W. Liao, Q. Ji/ International Journal of Approximate Reasoning 49 (2008) 436-450 441

If all the O; nodes are conditionally independent from each other given @, based on the chain rule:
P(0:10) _p(01]61)  p(Oul6) p(0h)
p(6210)  p(01102)  p(On|02) p(0-)

Usually some O;s may not be conditionally independent given ®@. We will show that 2 ;;1 }z is approximately distributed as a
log-normal random variable. However, in order to prove it, it is necessary to obtain a format similar to Eq. (10) even when O;s
are not conditionally independent. We thus propose a partitioning procedure to partition O into several groups based on the
principle of d-separation [21], where the nodes in one group are conditionally independent from the nodes in other groups.

This procedure consists of three steps.

(10)

(1) Decide whether two nodes, 0;, 0;, are conditionally independent given @ by exploring the ID structure based on four
rules: (i) if there is a directed path between O; and O; without passing @, O; and O; are dependent; (ii) if both O; and O;
are the ancestors of 0, O; and O; are dependent given ©; (iii) after removing the links to and from © from the original
ID, if 0; and O; have common ancestors, or O; is 0;'s ancestor, or vice versa, then O; and O; are dependent; and (iv) in all
the other cases, O; and O; are conditionally independent given 6.

(2) Build an undirected graph to model the relationships between the nodes. In such a graph, each vertex represents an O;

node, and each edge between two vertices indicates that the two corresponding nodes are dependent according to the

rules in Step 1.

Partition the graph into disjoint connected subgraphs. A depth first search (DFS) algorithm [4] is used to partition the

graph into several connected components (disjoint connected subgraphs) so that each component is disconnected from

other components. The nodes in each connected component are conditionally independent from the nodes in any
other connected components. Therefore, each connected component corresponds to one group.

—
w
=

For example, for the ID in Fig. 5a, with the partitioning procedure, the O; nodes can be divided into five groups, {01, 0.},
{03,04,05}, {Og}, {O7}, and {Os, 0o}. Fig. 5b shows the graph built by the partitioning procedure.

3.3.2. Central-limit theorem
Generally, with the partition procedure presented in the previous subsection, O can be automatically divided into several
sets, named 0,0%,...,0%, where g is the overall number of the groups. Thus, Eq. (10) can be modified as follows:

p(6:110) _ p(0™[01)  p(0*|01) p(6n p(61)

) ) POI0) & plOy)
P(B:[0) ~ p(0%(0y)  p(0%(0) p(B) ~ " p(6:10) Zl“pos'w pos) = M= ZW’”
CpO0) . p(O%[6) p(6)
where ¢ = L0y = @y €= p(ar) )

In the above equation, c can be regarded as a constant reflecting the state of © before any new observation is obtained and
any new decision is taken. Here, we assume p(0,|0), p(0*|0,), and p(0,) are not equal to O.

Let W = 3¢ ,w; be the sum of w;. Following [11], we use the cental-limit theorem to approximate W. The central-limit
theorem [9] states that the sum of independent variables approaches a Gaussian distribution when the number of variables
becomes large. Also, the expectation and variance of the sum is the sum of the expectation and variance of each individual
random variable. Thus, regarding each w; as an independent variable, W then follows a Gaussian distribution. Then, based on
Eq. (11), ¢ will be a log-normal distribution. For a random varlable X, if In(X ) has a Gaussian distribution, we say X has a log-
normal distribution. The probability density function is: p(x) = e-(nx-M?/2") denoted as X ~ LogN(M, S%) [5], where M

s\/z_
and S are the mean and standard deviation of the variable’s logarithm [1]. In order to assess the parameters (mean and var-

" b dooe

Fig. 5. (a) An ID example; (b) the graph built by the partitioning procedure.
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iance) of the log-normal distribution, we need to compute the mean and the variance of each w;. The computational process
is shown as follows.

Assume O* has r; instantiations, {0},..., 0} }, where r; is the product of the number of the states for each node in the group
0%, e.g. if 0% = {04,0,}, and both 0; and O, have three states, then r; = 3 + 3 = 9. Table 1 gives the value and the probability
distribution for each w;:

Based on the table, the expected value p, and the variance g2 for each w; can be computed as follows:

- (o*w])
i y ) 12
Hwi0y) Zp o (12)

1o
* (wi|0y) Zp piof }03 — 12 (wi]0y). (13)
]

By the central-limit theorem, the expected value and the variance of W can be obtained by the following equations:

g

W‘()] :ZILL W,‘()] (14)

i=1

g
(W) =Y a*(wilfs). (15)
i=1

Therefore, based on Eq. (11), for W ~ N(u(W10;), a%(W|6;)), we have ¢ ~ LogN(u(W|0;) + ¢, a?(W|6,)), where LogN denotes
the log-normal distribution. After getting the probability distribution function and the function parameters for ¢ in Eq. (11),
we are ready to assess the non-myopic VOL

Before we go to the next section, we first analyze the computational steps involved in computing the parameters for the
log-normal distribution, which is the most time-consuming part in the algorithm. Based on Egs. (12) and (14), the overall
number of the computational steps is 43¢ ,r; + 2g. We will show that this number is much smaller than the overall number
of the computational steps in the exact computational method during the algorithm analysis in Section 3.5.

3.3.3. Approximate non-myopic value-of-information
Based on Proposition 1 in Section 3.2, we know that d, is the optimal actlon with the probablllty PPy < P(61]0) < Piy)s
which is equivalent to p( Pu_ ¢ <3 pk“ ) as shown in Section 3.3.1. Let ¢, = W' and ¢, = %, thus, dy is the optimal deci-

sion if and only if ¢ < ¢ < (/),m. Then based on Corollary 1 in Section 3.2, the following equatlon stands:

> pol0) = P(¢iy < ¢ < P l01). (16)
0cog,
Furthermore, from Section 3.3.2, we know that ¢ ~ LogN(u(W|0;) + ¢, a%(W|6,)), thus,
1 Gy —lnx ;;(wm o2 d
* g g * 0 - - @@ e 204 (W|0q) X, 17
PO < 6 < bl = e | 7)

P(du < ¢ < ¢p,|02) can be computed in the same way by replacing 0; with 6, in the previous equations.

Therefore, VOI can be approximated by combining Egs. (2), (6), (16), and (17). Fig. 6 shows the key equations of the algo-
rithm when @ has only two states. In summary, to approximate VOI(O) efficiently, the key is to compute EU(O), which leads
to an approximation of Zoeod p(0]07) with the log-normal distribution by exploiting the central-limit theorem and the deci-
sion boundaries.

3.4. Generalization

In the previous algorithm, the node © only allows two states, although the other random nodes and the decision node can
be multiple states. However, in real-world applications, @ may have more than two states. In this section, we extend the

algorithm to the case that @ can have several states too. Assume @ has h states, 0y,...,0;, and still, d has q rules,

dy,...,dq, similarly to Eq. (11), we have the following equations:

Table 1

The probability distribution of w;

Wi p(wil01) p(wi|02)

n§ [ p(0}161) P(0}16)
“p(o]i101)

gt PO} 101) P(0}}102)
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VOI(O) = EU(O)— EU{(O)

f

EUO) = T p(8)3) 3 plo| O u(Bhd,)

8,e® Je=1 0EO4,

I

2 0016)=p($<$<$,16) | — [ Desisin

& —nx-a@@ig)-cy

- * 1 2a’(W|@) Central Limit
Pg <P< g, 10)=————— |e i | &=
P = c(W |6j)\127rx;1;

Theorem

Fig. 6. The key equations to approximate VOI when @ has only two states, D has multiple rules, and the other nodes have multiple states.

p(6:i10) _ p(0"'[6;)  p(O*|0:) p(6s) & p(0%]6:) p(6:)
p(04]0) ~ p(0°'[6y)  p(O%(0) P(0n)’ f#h= 9h|O kz p(0%[0y) ~ " p(0 ) =,
¢ _ p(6:]0) i p(0%|0)) -, p)
7;w ¢, where ¢i7p(0h\0)’ w,(fln D050 C'flnp((?h)' (18)

Let W; = 3% wi, i+ h, W; still has a Gaussian distribution. Here, we assume p(0,|0), p(0*|0y), and p(0,) are not equal to O.
The similar method in Section 3.3 can be used to compute the variance and the mean. Specifically, for the new defined wi in
the above equation, Table 1 can be modified as follows (see Table 2).

Thus, we get the following equations:

Hwil0) Zp (0516 In °s'k|'g)) I<i<h 1<j<h 1<k<g (19)

%1012 P 0 10) i 20

o (Wil6) Zp In® g ~ 1) (20)

Similar to Eq. (14), the expected value and the variance of W; can be obtained as we see here:

g

WWil6;) = (WL\HJ) 1<i<h 1<j<h, (21)
g

2(Wi|6;) 202 (wi|6)). (22)

=1

Accordingly, ¢; follows the log-normal distribution with S; = o(W;|6;) and My = ((W;|6;) + ¢;. We denote the probability
density function of ¢; given 0; as fy (¢;). Eqs. (19) and (21) show that the overall number of the computational steps to assess
the parameters for the log-normal distributions is 4h}"%_,r, +2h(h — 1)g when h > 2.

Even though f;, (¢;) can be easily obtained, it is still necessary to get the decision boundaries for each optimal decision in
order to efficiently compute Zoeodkp(owj). Therefore, a set of linear inequality functions need to be solved when © has more
than two states. For example, if dy is the optimal action, EU(d;) must be larger than the expected utility of taking any other
action. Based on this, a set of linear inequality functions can be obtained:

Table 2 »

The probability distribution of wj,

Wi P(W§<\91) - P(W}}\Gh)
i P10 , (Urk 101) : Ork\ﬁh

(0¥ |04)
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p(01)ugk + p(02)ugk + -+ - + p(Op)Up = p(01)Uyj + - - - + p(On) U

N Ugg — Uyj + Upj — Unk Uh—1)k — U(h-1)j + Unj — Unk

01) +---+ Oh1) =1
Upj — Unk P(eh) Upj — Unk P(0-1)
U —thy p(0r) | sk —Up-nj P(Oha) (23)
Upj — Upk p(Gh) Upj — Upk p(eh)
We assume uy; — Uy, > 0; otherwise, “>" is changed to “<” in the last inequality.
Let A, be the solution region of the above linear inequalities, then
S pl010) = [ i) --ofy () dA. 1<i<h 1<k<g. (24)
Ak

0€0g,

The right side of Eq. (24) is an integral over the solution region A, decided by the linear inequalities. We first demonstrate
how to solve the integral when @ has three states, and then introduce the method for the case that ® has more than three
states.

When @ has three states, Eq. (23) can be simplified as follows:

0 0
p(01)urk + p(02) i + p(03)usk = p(01)usj + p(02)uz; + p(03 ) = Oy, 20 + Otk 2(8) > 1,
p(6s) p(6s)
U — Uyj Upk — Uy;

where oy = —— and oy = —=. 25

1kj Usj — U3 2kj Usj — Us, ( )

In the above, it is assumed that us; > usy; if us; < usy, then “>" is changed to “<” in the last inequality.
And Eq. (24) can be simplified as follows:

S pl0l6) = [ (o0h(ddhe T<k<q 1<<3, (26)
0<0g, k

Ay is decided by (q — 1) linear inequalities and each inequality has two variables ¢; and ¢, as defined in Eq. (25). We use the
following steps to solve this integral when Ay is a finite region.

1. Identify all the lines that define the inequalities and find all the intersection points between any two lines as well as the
intersection points between any line and the x (or y) axis.

2. Choose the intersection points that satisfy all the linear inequalities, and use them as vertices to form a polygon.

3. Divide the polygon into several simple regions:Specifically, for each vertex, we generate a line crossing this vertex and
parallel to the y-axis. The lines then divide the polygon into several simple regions.

4. Evaluate the integral in each simple region and sum the values together.

An example of the solution region is shown in Fig. 7. In this example, if o;; > ot145(i # j), then oy > oty too. Therefore, the
solution region can be decided by the intersection points of the lines that are defined by the linear inequalities and the axes.
For example, in Fig. 7, Ay is decided by a-d, which are selected from the intersection points {(1/0y;,0),
(0,1/0245),j = 1,...,q,j # k}. Based on [3], the time complexity of solving m linear inequalities with n variables (each
inequality only has two variables) is O(mnlogm + mn2log’n). In this case, n is 2 and m is q — 1.

Fig. 7. A solution region of a group of linear inequalities.
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When © has more than three states, the integral needs to be performed in a high-dimension space (dimension is larger
than 2). Therefore, we solve it with Quasi-Monte Carlo integration [10,16], which is a popular method to handle multiple
integral. Quasi-Monte Carlo integration picks points based on sequences of quasirandom numbers over some simple domain
A, which is a superset of Ay, checks whether each point is within Ay, and estimates the area (n-dimensional content) of A as
the area of A, multiplied by the fraction of points falling within A,. Such a method is implemented by Mathematica [20],
which can automatically handle a multiple integral with a region implicitly defined by multiple inequality functions.

Fig. 8 shows the key equations of the algorithm when @ has multiple states. The main equations are similar to those in
Fig. 6. However, since ® has multiple states, it becomes more complex to obtain the parameters of the log-normal distribu-
tion and perform the integration.

3.5. Algorithm analysis

Now, we analyze the computational complexity of the proposed approximation algorithm compared to the exact compu-
tational method. For simplicity, assume that the number of the state of each O; node is m, and there are n nodes in the set O.
Assume we only count the time used for computing expected utilities. Then the computational complexity of the exact VOI
computational method is approximately hm", where h is the number of the state of the ® node. With the approximation
algorithm, the computational complexity is reduced to hm"*, where h is the number of the state of the ® node, and k is
the number of 0; nodes in the maximum group among {0%,...,0%*}. In the best case, if all the O; nodes are conditionally
independent given @, the time complexity is about linear with respect to m. In the worst case, if all the O; nodes are depen-
dent, the time complexity is approximately m". However, usually, in most real-world applications, k is less than n, thus, the
approximate algorithm is expected to be more efficient than the exact computational method, as will be shown in the exper-
iments. For example, for the ID in Fig. 5,n =9, m = 4, h = 3, and q = 3. Then, for the exact computation, the number of com-
putations is around 3 % 4° = 786432, while using the approximate algorithm, the number of computations is only around
354> =192

However, in addition to the cost of computing expected utilities, the approximation algorithm also includes some extra
costs: sorting the utility functions (Section 3.2), partitioning the O set (Section 3.3.1), and deciding the decision boundaries
(Section 3.2) when @ has two states, or performing the integral when ® has more than two states (Section 3.4). These costs
are not included in the above analysis. In general, the extra time in these steps is much less than the time used for computing
expected utilities. For example, the time complexity of sorting is O(qlog(q)), the time complexity of the partition procedure
is O(|V| + |E|]) (V is the set of vertex, and E is the set of edges in an ID), and the time complexity in deciding the decision
boundaries when 0 has two states is 0(¢g?). When 0 has more than two states, deciding the decision boundaries needs addi-
tional time. Empirically, it does not affect the overall speed, as will be shown in the experiments. In addition, most steps in
computing expected utilities involve performing inferences in an ID, which is usually NP-hard and thus consumes much
more time than a step in the procedures of sorting, partitioning, and integrating.

VOI(O) = EU{O)—- EU{(O)

I

EU(O)= 3 p(0)3, . plo] 6)u(6.4,)

Ged k=1 ceoy,

I

Z plo] Ej) = ;![f.;?j (ﬁl) fgf(ﬁih_l)ﬁl"ﬂk pr— Decision

0E0, Region

;?j:. ~ Log normal distribution ——]

Central Limit
Theorem

Fig. 8. The key equations to compute VOI when ® has multiple states.
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Table 3

ID structures

k 5 4 3 2 1
Number of IDs 2 3 3 1 1

k is the size of the biggest group after partitioning.

Table 4

Testing cases

ID_indep: 2-state 50 test cases, where O; nodes are conditionally independent given ® whose state is binary
ID_indep: 3-state 50 test cases, where O; nodes are conditionally independent given ® who has three states
ID_indep: 4-state 50 test cases, where O; nodes are conditionally independent given ® who has four states
ID_dep: 2-state 450 test cases, where O; nodes are conditionally dependent given ® whose state is binary
ID_dep: 3-state 450 test cases, where O; nodes are conditionally dependent given @ who has three states
ID_dep: 4-state 450 test cases, where O; nodes are conditionally dependent given ® who has four states

4. Experiments

The experiments are designed to demonstrate the performance of the proposed algorithm compared to the exact VOI
computation. We limit the ID test model with at most 5 layers? and up to 11 information sources due to the exponential com-
putational time behind the exact computation. Ten different ID models are constructed, where in one of the IDs the O nodes are
conditionally independent given the @ node. Table 3 describes the structures of these IDs. The IDs are parameterized with 150
sets of different conditional probability tables and utility functions, a process which yields 1500 test cases. In each the one-third
of them, ® node has 2, 3, and 4 states, respectively. Without loss of generality, all the other random nodes and the decision node
have four states.

For each test case, the VOIs for different O subsets with the size from 3 to 11 are computed. The results from the approx-
imation algorithm are compared to the exact computation implemented with the brute-forth method. Let VOIt be the
ground-truth, and VOI be the value computed with the proposed algorithm. Assuming VOIt # 0, the error rate is defined
as follows:

Err— [VOIt — VOI|
~ VOIt

The 1500 test cases described previously are divided into six groups, named as ID_indep: 2-state, ID_indep:3-state, ID_indep:4-
state, ID_dep:2-state, ID_dep: 3-state, and ID_dep:4-state. Table 4 describes the six groups.

Fig. 9 illustrates the results from the six groups of 1500 test cases. Chart (a) shows the average errors for each group, while
Chart (b) shows the VOIs for one specific case, which is randomly chosen from the test cases from ID_dep: 3-state. As the set
size of the O; nodes increases, the error rate decreases. When the state number of @ is the same, the error rates of the depen-
dent cases are larger than the error rates of the conditional independent cases. This can be explained by the reason that the
IDs in the dependent cases have fewer independent O subsets than the ID in the independent groups. Since the central-limit
theorem is the basis of our algorithm, it works better when the number of w; increases, which corresponds to the number of
independent O subsets. Even when the size of O set is as small as 6, the average error is less than or around 0.1 for all the
cases. We could run several larger IDs with much more O; nodes, and the error curve would be progressively decreasing.
Here, we intend to show the trend and the capability of this algorithm.

Charts (c) and (d) show the average computational time with the exact computation and the approximation computation.
When the set size of the O; nodes is small, the computational time is similar. However, as the size becomes larger, the com-
putational time of the exact computation increases exponentially, while the computational time of the approximation algo-
rithm increases much slower. Thus, the larger the O set size is, the more time the approximation algorithm can save.
Likewise, as the number of the state of each O; node further increases, the computational saving would be more significant.
As the number of states of @ increase, the computational time also slightly increases.

5. An illustrative application
We use a real-world application in human computer interaction to demonstrate the advantages of the proposed algo-
rithm. Fig. 10 shows an ID for user stress recognition and user assistance. The diagram consists of two portions. The upper

portion, from the top to the “stress” node, depicts the elements that can alter human stress. These elements include the
workload, the environmental context, specific character of the user such as his/her trait, and importance of the goal that

2 The length of the longest path starting from (or ending at) the hypothesis node is 5.
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Fig. 9. Results from the four groups of 1500 test cases: (a) average error rates with the approximation algorithm; (b) VOIt vs. VOI for one test case from
ID_dep: 3-state; (c) computational time (log(t), unit is second) for the groups of ID_indep:n-state, n = 2, 3,4; and (d) computational time (log(t), unit is

second) for the groups of ID_dep:n-state, n = 2,3,4.
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Fig. 10. An influence diagram for recognizing human stress and providing user assistance. Ellipses denote chance nodes, rectangles denote decision nodes,
and diamonds denote utility nodes. All the chance nodes have three states.

he/she is pursuing. This portion is called predictive portion. On the other hand, the lower portion of the diagram, from the
“stress” node to the leaf nodes, depicts the observable features that reveal stress. These features include the quantifiable
measures on the user physical appearance, physiology, behaviors, and performance. This portion is called diagnostic portion.
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Fig. 11. Results for the stress modeling: (a) average errors with the approximation algorithm; (b) Euclidean distance between the true and approximated
> oco,, P(0]0:); (c) computational time (log(t), unit is second); (d) true VOI vs. approximated VOI.
k

The hybrid structure enables the ID to combine the predictive factors and observable evidence in user stress inference. For
more detail please refer to [19].

To provide timely and appropriate assistance to relieve stress, two types of decision nodes are embedded in the model to
achieve this goal. The first type is the assistance node associated with the stress node, which includes three types of assis-
tance that have different degrees of impact and intrusiveness to a user. Another type of decision nodes is the sensing action
node (S; node in Fig. 10). It decides whether to activate a sensor for collecting evidence or not. Through the ID, we decide the
sensing actions and the assistance action sequentially. In order to first determine the sensing actions (which sensors should
be turned on), VOI is computed for a set S consisting of S;. Using the notations defined before, we have
VOI(S) = VOI(E) — >=5..sui(Si), where E is the set of observations corresponding to S and VOI(E) = EU(E) — EU(E).

Fig. 11 shows the experimental results for the stress model. We enumerate all the possible combinations of sensors and
then compute the value-of-information for each combination. Chart (a) illustrates the average VOI errors for different sensor
sets with the same size. And Chart (b) displays the Euclidean distance between the true and estimated probabilities
Zogﬂdkp(o\ei) (Eq. (26)). Similarly to the simulation experiments, the error decreases as the size of O set increases, and the
computational time increases almost linearly in the approximation algorithm.

6. Conclusions and future work

As a concept commonly used in influence diagrams, VOI is widely used as a criterion to rate the usefulness of various
information sources, and to decide whether pieces of evidence are worth acquiring before actually using the information
sources. Due to the exponential time complexity of computing non-myopic VOI for multiple information sources, most
researchers focus on the myopic VOI, which requires the assumptions (“No competition” and “One-step horizon”) that
may not meet the requirements of real-world applications.

We thus proposed an algorithm to approximately compute non-myopic VOI efficiently by utilizing the central-limit the-
orem. Although it is motivated by the method of [11], it overcomes the limitations of their method, and works for more gen-
eral cases, specifically, no binary-state assumption for all the nodes and no conditional-independence assumption for the
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Table 5

The proposed algorithm vs. the algorithm in [11]

Our algorithm Heckerman’s algorithm

Hypothesis node (@) can be multiple states O has to be binary

Decision node (D) can have multiple rules D has to be binary

Information sources nodes (Os) can be dependent from each other Os have to be conditionally independent from each other

information sources. Table 5 compares our method with the method in [11]. Due to the benefits of our method, it can be
applied to a much broader field. The experiments demonstrate that the proposed algorithm can approximate the true
non-myopic VOI well, even with a small number of observations. The efficiency of the algorithm makes it a feasible solution
in various applications when efficiently evaluating a lot of information sources is necessary.

Nevertheless, the proposed algorithm focuses on the influence diagrams with one decision node under certain assump-
tions. For example, currently, we assume the hypothesis node @ and the decision node d are independent. If D and ® are
dependent, but conditionally independent given the observation set O, Egs. (5) and (6) will not be affected, so our algorithm
can still apply. However, if D and © are dependent given O, it may be difficult to directly apply our algorithm. Another sce-
nario is that when there are more than one hypothesis node and/or utility nodes. One possible solution is to group all these
hypotheses nodes into one. We would like to study these issues in the future.

Appendix

... ey . o . . o .
Proposition 1T Let . = m Diy = MaXyjqljk, and pj, = ming Ty, then di is the optimal action if and only if
Py < P(61) < Py

Proof of Proposition 1. = In this direction, we prove that if d, is the optimal action, p(6;) > maxyrx and
p(()l) mlnl\]<krjk

If dy, is the optimal action, EU(d,) must be larger than or equal to the expected utility of any other action. Based on the
definition, the expected utility of taking the action d; is EU(dy) = p(01) * Uy + p(02) = Uy, Where uq, = u(61,d;), and
Uy, = u(0,,dy). Therefore, we get the equations as follows:

EU(dk) > EU(d) Yj.j#Kk, (27)
= p(61) * U +P(92) * Uy = p(01) * Uyj + p(02) * Uy, (28)

j — Uk P
0)>—F" "% 0 ifj>k 29
= p(hh) = . “u Ty a1 (29)
ploy) < — Tl ifj<k. (30)

~
Ugg — Uqj + Upj — Uk

Thus, based on the above equations, p(6;) > maXj<rj and p(6;) < min, J<krjk
< In this direction, we prove that if p(61) > maXyj<Tjx and p(61) < ming¢jxTj, then d is the optimal action.
If p(01) > maxy jqTjk Vi, k <Jj < q, we get

Upj — Uy

p(6r) = 1y = TTT—T (31)
= P(01)(Ure — Wyj + Usj — Ugg) = Upj — Ung, (32)
= p(0h) * Uge + (1 = p(01)) * Uz = p(01) * yj + (1 — p(01)) * Uy, (33)
= EU(dy) > EU(d;). (34)

Similarly, for Vj, 1 <j < k, we can get EU(dy) > EU(d;). Therefore, di has the maximal expected utility and thus is the optimal
decision.

Proposition 2. -, p(0) = p(piy < P(01]0) < Pi,)-

Proof of Proposition 2. Based on Proposition 1, dy is the optimal decision if and only if the value of p(;) is between pj;, and
Pi,- Therefore, given an instantiation o, the probability that dy is the optimal decision is equal to the probability that p(0:o) is
between pj, and p;,, i.e., p(py < p(01]0) < Piy)-

On the other hand, we know that o4, is a subset of instantiations, each of which corresponds to the optimal action dy.
Therefore, as long as o belongs to the set of o4,, di will be the optimal decision. In other words, the probability of di being the
optimal decision is the sum of the probability of each o€ o4, which is Zoeod p(o). Therefore, Zoeodkp(o) =

p(pk, (01 ‘O) pku)
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Abstract—In our previous paper, we formalized an active infor-
mation fusion framework based on dynamic Bayesian networks to
provide active information fusion. This paper focuses on a central
issue of active information fusion, i.e., the efficient identification of
a subset of sensors that are most decision relevant and cost effec-
tive. Determining the most informative and cost-effective sensors
requires an evaluation of all the possible subsets of sensors, which
is computationally intractable, particularly when information-
theoretic criterion such as mutual information is used. To over-
come this challenge, we propose a new quantitative measure
for sensor synergy based on which a sensor synergy graph is
constructed. Using the sensor synergy graph, we first introduce
an alternative measure to multisensor mutual information for
characterizing the sensor information gain. We then propose an
approximated nonmyopic sensor selection method that can effi-
ciently and near-optimally select a subset of sensors for active
fusion. The simulation study demonstrates both the performance
and the efficiency of the proposed sensor selection method.

Index Terms—Active information fusion, Bayesian networks
(BNS), sensor selection, situation awareness.

l. INTRODUCTION

NFORMATION fusion is playing an increasingly important

role in improving the performance of sensory systems for
various applications, including situation assessment, enemy
intent understanding and prediction, and threat assessment.
As sensors become ubiquitous, persistent, and pervasive, and
coupled with the ever increasing demand for less time and fewer
resources, it becomes critically important to perform selective
fusion so that decision can be made in a timely and efficient
manner. The need for sensor selection is further demonstrated
by the availability of an increasingly large volume of sensory
data and by the variability of sensor reliability over time and
over location. It is important to select the sensors not only to
reduce the amount of data to integrate but also to improve fusion
accuracy by selecting the most reliable sensors for a certain
location at a certain time, by selecting complementary sensors,
and by reducing sensor redundancy. Active fusion serves these
purposes well. Active fusion extends the paradigm of informa-
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Hypothesis
(fusion result)

Hidden variables 0
OO
Sensors 5, S, S5 000 Sn
Fig. 1. BN is used for active information fusion, where © and S; are hypoth-

esis and sensors, respectively. X; and Y; are the intermediate variables, and
they are needed to model the relationships among sensors and the hypothesis.
Sensor fusion is accomplished through probabilistic inference given the sensory
measurements.

tion fusion by being not only concerned with the methodology
of how to combine information but also concerned with the
fusion efficiency, timeliness, and accuracy. Active fusion can
be defined as the process of combining data with a control
mechanism that dynamically selects a subset of sensors to
minimize uncertainty in situation assessment and to maximize
the overall expected utility in decision making.

In our previous work [1], we formalized an information fu-
sion framework based on Bayesian networks (BNs) to provide
active and sufficing information fusion. BNs are used to model
a number of uncertain events, their spatial relationships, and
the sensor measurements. Given the sensory measurements,
information fusion is performed through probabilistic inference
using the BN. This can be accomplished through bottom-up
belief propagation, as illustrated in Fig. 1. Our previous work,
however, did not address the core issue in active fusion, i.e.,
efficient sensor selection. This is the focus of this paper.

Based on information theory [2], the more sensors! we
use, the more information we can obtain. However, every
act of information gathering incurs cost. Sensor costs may
include physical costs, computational costs, maintenance costs,
and human costs (e.g., risk). Many applications are often
constrained by limited time and resources. An essential issue
for active information fusion is to select a subset of the most

IFor generality, sensors could refer to any devices/means of acquiring
information. For example, they may be electromagnetic or acoustic devices or
they could also be direct observations of the world through reconnaissance and
intelligence gathering activities.

1083-4419/$26.00 © 2009 IEEE
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synergetic sensors, which can maximally reduce the uncertainty
about the events of interest with minimum costs. Dynamically
determining the best set of sensors, given the uncertainty about
the state of the world, requires to enumerate all the possible
subsets of sensors, which is computationally intractable and
practically infeasible. This computational difficulty is twofold.
First, the computation of a sensor selection criterion such as
mutual information is exponential with respect to the number
of sensors. Second, searching for an optimal subset of sensors
is also NP-hard, since the sensor space exponentially increases
with the number of sensors. To address this computational
difficulty, a common practice is to use myopic analysis,
which assumes that only one observation will be available at
a time, even when there is an opportunity to make a set of
observations [3]-[6]. There is a vast literature on the problem
of single optimal sensor selection [7]-[9]. However, the myopic
approach cannot guarantee to obtain the best evidences that
most effectively reduce uncertainty and cost. To effectively
reduce uncertainty and cost, one should use nonmyopic
selection, which simultaneously considers several observations
before making a decision. The most common nonmyopic
method is the greedy approach. While efficient, it cannot
guarantee optimality with the selected sensors. Other works
try to overcome the limitations with the greedy approach, yet
with their own strong assumptions. In [10], Heckerman et al.
presented an approximate nonmyopic approach based on the
central-limit theorem in an influence diagram (ID) for effi-
ciently computing the value of information. Their method, how-
ever, assumes that the sensors are conditionally independent
of each other, given the decision variable, and that the decision
variable is binary. Krause and Guestrin [11], [12] presented
a randomized approximation algorithm for selecting a near-
optimal subset of observations for graphical models. Under
the assumptions that the sensors are conditionally independent
given the decision variables, the information gain is then
guaranteed to be a submodular function, and the theory of
submodular functions can then be applied to achieve a near-
optimal solution in selecting a subset of observations using a
greedy approach. Recently, Liao and Ji [13] have presented an
approximation algorithm for the nonmyopic computation of
the value of information in an ID. Their method extends the ap-
proach in [10] without requiring the sensors being conditionally
independent of each other and the decision node being binary.

This paper takes another avenue of approach to efficiently
select a subset of near-optimal sensors without the strong sensor
independence assumptions, as made in [10] and [12]. Specifi-
cally, we first introduce a new quantitative measure of sensor
synergy based on mutual information. Based on the synergy
measure, we then introduce a method to efficiently compute
the least upper bound (LUB) of mutual information for a set of
sensors. Experiments show that the LUB closely approximates
the mutual information in value, as shown in Figs. 5 and 6.
Hence, the computational difficulty with computing the exact
nonmyopic mutual information can, therefore, be circumvented
by computing its LUB instead. In addition, the synergy measure
can also be used to prune the sensor space, which, therefore,
reduces the search time for the best sensor set. A summary of
the mentioned work may be found in [14].

Il. PROBLEM FORMULATION

The problem of sensor selection for active fusion can be
stated as follows: Assume that there are m sensors S;, i =
1,...,m, available that provide measurements of the world. Let
O Dbe a set of hypothesis 6y, of the world situationk =1, ..., K.
LetS = {Sy,...,S,} be asubset of n sensors selected at time
t,wheren € {1,...,m}. Let C(S) be the cost to use the set of
sensors S. The objective of sensor selection at time ¢ + 1 is to
select a subset of sensor S* to achieve the maximal utility, i.e.,

S* = arg max U(uy,ug) (1)

where u; and wus denote information gain (i.e., the mutual
information) and the sensor usage cost saving, respectively, S
represents all the possible subsets of sensors, and U (u1, ug)
is a utility function. Here, we use uy =1 — C(S) to convert
the sensor usage cost to the corresponding cost saving, which
makes u; and uo qualitatively equivalent. For simplicity, in
this paper, we assume that the cost is the same for all sensors.
Hence, we can ignore us.

The major difficulty of using (1) for sensor selection is to
efficiently compute the information gain u,. From information
theory, the entropy of hypothesis © given a sensor S; measures
how much uncertainty exists in © given S;, i.e.,

H(©]5;) ZZPGS log P(6] s;) @)

where s; denotes a reading of sensor S;.2 Subtracting H(© | S;)
from the original uncertainty in © without S;, i.e., H(©), yields
the expected amount of information about © that S; is capable
of providing

1(6;5;) =H(©) - H(©|S))
= —Z P(0)log P(0)
o
+ {P(si)zp(ﬁsi)loglj(ﬂsi)}
3; ©

P(6]s;)
—_ 3
&) ®)
where 1(0©;.S;) is referred to as the mutual information, which
characterizes the expected total uncertainty-reducing potential
of © due to S;. The mutual information for a sensor set S =

{S1,...,S,} can be obtained by
1(©;8)

=H(©)—-H(O]S)

= —Z P(9)log P(6

+ZZ Z{P@sl,...,sn

e S

:%:Z Z{ G 51,...,sn)10gW}

(4)

Yog P(6|s1,...,5,)}

2Wwithout loss of generality, here we assume discrete sensor measure-
ment. The theories can be straightforwardly extended to continuous sensor
measurements.
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where P(6,s1,...,8,) and P(0]|sy,...,s,) at time ¢ can
directly be obtained through BN inference. The mutual infor-
mation in (4) provides a sensor selection criterion in terms of
the uncertainty reduction potential, i.e., mutual information.

It is clear from (4) that when the number of sensors in S is
large or when the number of states for each sensor is large, it
becomes computationally impractical to simply implement this
information-theoretic criterion, because it generally requires
time exponential in the number of summations to exactly
compute the mutual information. The remainder of this paper
addresses this computational difficulty.

I1l. APPROXIMATION ALGORITHM

In this section, we give a graph-theoretic definition of sensor
synergy. We then present the theorems on which our algorithm
is based.

A. Sensor Synergy in Information Gain

Throughout this section, it is assumed that we have obtained
1(©;5;,5;) and I(©;.S;), i.e., the mutual information of all
pairs of sensors and individual sensors with respect to ©,
respectively. We will introduce an efficient method to obtain
all 1(©;5;,5;) in Section 1I-C. We first define a synergy
coefficient to characterize the synergy between two sensors, and
then extend this definition to multiple sensors.

Definition 1 (Synergy Coefficient): A measure of the ex-
pected synergetic potential between two sensors .S; and S; in
reducing the uncertainty of hypothesis © is defined as

_ 1(©;5;,8;) —max(I (©;5;),1(0;5;))

Tijg = H(@) . (5)

The denominator H(©) in (5) is to restrict r;; to the interval
[0, 1]. It can easily be proved that r;; > 0 based on the “infor-
mation never hurts” principle [2], i.e., I(©; S;,S;) > I(0©;S;),
and 1(0©;S,,S;) > I(©;S;). This follows that S; and .S; taken
together are always more informative than when they are taken
alone. The larger r;; is, the more synergetic the sensors .S;
and S; are. Obviously, (-, -) is symmetrical in S; and S;, and
Tij = 0ifi= ]

Definition 2 (Synergy Matrix): Let a sensor set be S =
{S1,...,5,}. The sensor synergy matrix is an n x n _matrix
defined as

(6)

Tn1 Tn2 - 0

R is an information measure of synergy among sensors that
is based on pairwise sensor synergy. With a synergy matrix, we
naturally define its graphical representation.

Definition 3 (Synergy Graph): Given a sensor synergy ma-
trix, a graph G = (S, E), where S’s are the nodes representing
the set of available sensors, and E’s are the links representing
the set of pairwise synergetic links weighted by synergy coeffi-
cients r;;, is a sensor synergy graph.

Fig. 2.

Example of synergy graph with five sensors.

e 13

(@) (b)

Fig. 3. (a) Synergy chain {S1, S2, S3, S4} (highlighted) on a pruned synergy
graph. (b) Corresponding MSC.

We use the synergy graph to graphically represent the syn-
ergy among multiple sensors. By definition of the synergy, G is
a complete graph, i.e., there is a link between any two nodes in
the graph. Fig. 2 gives an example synergy graph consisting of
five sensors.

Definition 4 (Pruned Synergy Graph): A pruned synergy
graph is created from a synergy graph after removing some
links. A pruned synergy is, therefore, not a complete graph.

Fig. 3 shows an example of a pruned synergy graph. To
further exploit the theoretical properties of mutual information
1(©; S) for a set of sensors, we give the following definitions.

Definition 5 (Synergy Chain): Given a pruned synergy graph
G, if all the sensors in a subset on G are serially linked, then
this subset of sensors is referred to as a sensor synergy chain.
Note that while the sensors in a set S are generally order
independent, the sensors in a synergy chain are order dependent
and sequentially ordered.

Definition 6 (MSC): Given a synergy chain with n sen-
sors, for all i=1,...,n—1, if p(Si41|S51,52,...,5;) =
p(Si+1]S:), then the chain that describes the synergetic re-
lationship among {Si,...,S5,} is a Markov synergy chain
(MSC). An MSC is also ordered.

Fig. 3 graphically shows the above definitions about the
synergy chain in a pruned synergy graph. The MSC represents
an ideal synergetic relationship among sensors. The MSC rarely
exists in practice, but this does not prevent us from using it as a
basis for the graph-theoretic analysis of synergy among sensors.
In fact, as to be shown later, the concept of MSC is used to
define the upper bound for the mutual information of a set of
sensors. With the above definitions, we give the following two
theorems.
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Sensorset: 1,2,3,4
Corresponding

Markov
° Synergy Chains:

1234; 1243; 1324,

1342; 2134 2431,

3421; 312 4; 4312;
4231, 4213

Fig. 4. lllustration of a set of possible MSCs for a set unordered four sensors
in a pruned synergy graph.

Theorem 1 (MSC Rule): Given an MSC with a set of ordered
sensors S = {5, ..., Sy}, forany n, the joint mutual informa-
tion with respect to © for sensors on an MSC is

™(©;51,...,5,)

[

=1(©;5) +

B

(1(©; 8, Si+1) — 1(©;8:)) . (7)

1

The proof of this theorem can be found in Appendix A. We
want to make note that the mutual information for an MSC is
sensor-order dependent due to the pairwise synergy definition.
The significance of Theorem 1 is that it allows us to efficiently
compute the joint mutual information for n (n > 2) ordered
sensors as a sum of mutual information of only singleton and
pairwise sensors if the set of sensors forms an MSC. In contrast
to (4), the computational cost of (7) is dramatically reduced.
Although (7) is particularly for an MSC, the theorem above has
some useful properties that can be used for the solution of our
sensor selection problem.

Theorem 2 (Synergy Upper Bound): For a set of unordered
sensors S = {S1,..., S}, its mutual information is upper
bounded by the mutual information of the corresponding
MSC, i.e.,

1(©;8,...,8,) < IM(©;51,...,5,). (8)

The proof of this theorem is provided in Appendix B. Please

note that while 1(©; S, ...,S,) is sensor-order independent,

I™(©; 84, ...,S,) is sensor-order dependent. As a result, de-

pending on the order of sensors in S, different MSCs may be
produced. Let

Lk

M
Imax

= arg rnsin (I"(©;8))
arg max (IM(@;S)) 9)

where S denotes all the possible orders of a sensor
set {S1,...,S,}. IM is referred to as the LUB of
1(©;5;,...,8,),and IM _is referred to as the greatest upper
bound (GUB) of I(©; 51, ...,S,,). For example, in Fig. 4, the
sensor set S = {51, So, 53,54} has multiple MSCs, as given in
this figure, and there exist a LUB and a GUB of 1(9; S).

We are particularly interested in the LUB of 1(©;S) due
to two reasons. First, it can be seen from Figs. 5 and 6 that
the LUBs of 1(0©;S) closely follow the trend of I(©;S) in
the entire space of sensor subsets. Second, the exact value of
1(©;S) and its LUB are quantitatively very close in value.
Thus, IM (©;S) provides a substitute measure for 1(0;S)

min

07 T T : T T T T T
Greatest Upper Bound
—— Least Upper Bound
0.6 | —©— Exact Value 4
05 1
c
§e]
T g4l J
g 04
=
L
=
= 03fF 5
2
=
=
02f 4
0.1 J
0 . \ . . . . , .
0 5 10 15 20 25 30 35 40 45
Sensor Subset
Fig. 5. Bound of mutual information I(©, S) and its exact value from a six-

sensor BN model. The X-axis represents the indexes of 41 sensor subsets.
Labels 1-20 are the indexes of the three-sensor subsets; Labels 21-35 are the
indexes of the four-sensor subsets; and Labels 36-41 are the indexes of the
five-sensor subsets.

1 T T T T T T

Greatest Upper Bound
—— Least Upper Bound

0.9F | o~ Exact Value |

0.8 J
0.7
0.6

0.5F P

Mutual Information

0.4

0.3 1
0.2 4
0.1 1 I 1 1 ! !
0 10 20 30 40 50 60 70
Sensor Subset
Fig. 6. Bound of mutual information I(©,.S) and its exact value from a

ten-sensor BN model. The X-axis represents the indexes of sensor subsets.
For clarity, the figure only shows 66 subsets out of 627. Labels 1-18 are the
indexes of the five-sensor subsets; Labels 19-34 are the indexes of the six-
sensor subsets; Labels 35-51 are the indexes of the seven-sensor subsets; and
Labels 52-66 are the indexes of the eight-sensor subsets.

that can be used to evaluate an optimal sensor subset. Im-
portantly, the LUBs of 7(©;S) can simply be written as the
sum of the mutual information of only pairwise sensors and
singleton sensors, as shown in (7), hence, with relatively very
low computational cost. Therefore, the computational difficulty
in exactly computing the higher-order mutual information can
be circumvented by only computing the LUBs of the mutual
information. This is the central strategy of our approach.

B. Pruning Synergy Graph

The synergy graph is a completely connected network due to
the weights of synergy graph r;; > 0. Some sensors are highly
synergetic, whereas others are not. Intuitively, sensors that
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TABLE |
EXAMPLE OF SYNERGY COEFFICIENT WITHOUT PRUNING
rij | 1 2 3 4 5 6 7 8 9 10
1 0 | 0.0004 | 0.0034 | 0.0034 | 0.0029 | 0.0023 | 0.0035 | 0.0035 | 0.0031 | 0.0017
2 0 0.0004 | 0.0004 | 0.0004 | 0.0003 | 0.0004 | 0.0004 | 0.0004 | 0.0002
3 0 0.0215 | 0.0196 | 0.0156 | 0.0099 | 0.0122 | 0.0212 | 0.0113
4 0 0.0184 | 0.0147 | 0.0099 | 0.0122 | 0.0198 | 0.0105
5 0 0.0930 | 0.0083 | 0.0104 | 0.0650 | 0.0659
6 0 0.0066 | 0.0082 | 0.0517 | 0.1329
7 0 0.0100 | 0.0091 | 0.0050
8 0 0.0112 | 0.0060
9 0 0.0388
10 0

cause a very small reduction in uncertainty of hypotheses are
those that give us the least additional information beyond what
we would obtain from other sensors. In such cases, ;; is very
small. We prune the sensor synergy graph so that many weak
sensor combinations are eliminated while preserving the most
promising ones. This can significantly reduce the search space
in identifying the optimal sensor subset. We prune the synergy
matrix (the weights of the synergy graph) in (6) by using

1, ryi>71

T = {O, otherwise (10)
where 7 is a pruning threshold. The selection of an appropriate
threshold 7 is problem dependent. We want to note that
although there is no theoretical basis to determine a good
pruning threshold, our empirical tests, however, show that
using the arithmetic average of r;; as the pruning threshold can
preserve most of the strong synergetic connections in the graph
while eliminating weak links. After pruning, a fully connected
synergy graph then becomes a sparse graph. Table | and

0O 0 000 0 0 0 0 07
000 O0O0OO0OTO0ODT 0@ O
01100010
01 00011
01 0011

R= 00 0 11 (11)
00 00
0 00
0 1
L 0

are examples of the synergy coefficient before and after prun-
ing. Fig. 7 illustrates their corresponding synergy graph from a
completely connected network to a sparse graph after pruning.

C. Computing Pairwise Mutual Information

In the above sections, we assumed that we have known the
mutual information of the pairwise sensors 1(©;.5;, S;). For
n sensors, there are (n(n — 1)/2) pairs of sensors. To obtain
the mutual information for one pair of sensors, it requires
four repetitions of inferences if the sensor state is binary.
Therefore, 2n(n — 1) repetitions of inference are needed for

S8

S9 S7
S10 56
sl 85
2 S4
3
(a) (b)
Fig. 7. (a) Completely connected synergy graph and the links are weighted by

755, as shown in Table I. (b) Pruned synergy graph and its corresponding matrix
as shown in (11). The pruning threshold is the average of r;;, and it is 0.0161.

all pairs of sensors. Although this computation is manageable,
it still severely limits the performance as n becomes large.
Fortunately, there is an efficient way to compute the mutual
information for all pairs of sensors [15], [16].

Referring to Fig. 1, the joint probability of hypothesis © and
pairwise sensors {S;,S;} may be written as in (12), shown
at the bottom of the next page, where w(z) represents the
parental nodes of node x. From (12), it can be observed that the
first factor P(0) [T, P(Xx | 7(X1)) [IM_, P(Ym | 7(Yin))
is related to the part of the BN structure that does not include
the sensors. The structure is, therefore, fixed, and so are its
probabilities. Hence, this term is constant, independent of the
pair of sensors used. On the other hand, the second factor
on the péif of sensors selected. Therefore, we do not need to
recalculate the unchanged part (the first factor) of (12) at each
time. Instead, we only need to compute it once for all pairs of
sensors, but use it over time so that the computation of pair-
wise mutual information can significantly be curtailed. Given
P(©,5;,S5;), it can then be substituted into (4) to compute
1(©;5;, S;). Details of this method can be found in [15] and
[16]. Fig. 8 illustrates the comparative result of time saving in
computing (12) for all pairs of sensors by using our method
and by directly using two inference algorithms, namely, clique
tree propagation (CTP) [17], [18] and variable elimination (VE)
[19]. The evaluation is performed on a six-layer BN model with
10, 15, and 20 sensors.
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Fig. 8. Comparison of time saving among CTP, VE, and our method in
computing (12) for all pairs of sensors. It can be seen that our method can
significantly save time.

D. Approximation Algorithm

We are now ready to provide the complete algorithm. Let
S denote the current set of selected sensors, and let (ub(©; S)
be the LUB of 1(0©;S). The approximation sensor selection
algorithm is given in Table Il. Guided by the pruned synergy
graph, the algorithm starts with the best pair of sensors iden-
tified through an exhaustive search and then searches for the
next best sensor. The next best sensor is the one, when added
to the current sensor ensemble, that yields the highest utility,
which is computed from lub(©; S). This process repeats, with
one sensor added to the current sensor ensemble at a time, until
the newly added sensor does not yield an improvement in sensor
utility. Although the algorithm is greedy, the searching process
is guided by a synergy graph so that the selected sensor subset
is serially connected. This, therefore, ensures both the quality
and the speed of sensor selection.

IV. ALGORITHM EVALUATION

Since the main contribution of this paper is the introduction
of an alternative measure to mutual information for efficient
sensor selection, the experimental evaluation should focus on
the effectiveness of this measure for both sensor selection accu-
racy and efficiency. We want to emphasize that the alternative
measure, i.e., the LUB of mutual information, is an approxima-
tion of the mutual information only for the purpose of sensor
selection. As a result, the quality of this approximation should

TABLE I
PSEUDOCODE OF THE APPROXIMATION ALGORITHM
TO SELECT A SUBSET OF SENSORS

SENSOR-SELECTION(n)
1 for each 7, j, compute 1(0;.S;) and I(©; S;, S;)
2 Construct a pruned synergy graph G
3 Choose S;«, Sj« such that 1(©;S;, S;)
is maximized for all 7 and j
4 S — {S;,S;+}
5 while [S| <m
6 for each S’, where |S’| = |S| + 1, and S’ is a synergy
chain on G and S C S’
7 Find all Markov synergy chains of S’
9 lub(©;S') « argmin I(0;S’),
where 1(©;S’) is computed by Eq. (7), and
min is taken over all Markov synergy chains of S’
10 S™ « arg max lub(©;S")
where max is taken over all S’
11 if lub(©;S"™) > lub(©; S)
12 S« 8™
13 else break

14 return S

be evaluated against its performance in sensor selection. For
this, we propose to measure how close the sensor selection
results using the alternative measure are to those based on
mutual information. The closeness between a sensor subset
selected using the alternative measure and a sensor subset
selected based on mutual information is quantified by the rela-
tive difference in mutual information. Based on this criterion,
we will experimentally evaluate the proposed method under
different BN topologies, different BN model complexities, and
different number of sensors.

Given two different criteria (mutual information and its
LUB) for measuring sensor gain, sensor selection can be car-
ried out by using different methods. We will perform sensor
selection using the following methods: 1) brute-force method,;
2) random method, which randomly chooses one sensor at a
time to form a sensor ensemble; and 3) the proposed method.
These experiments try to demonstrate the following: 1) The
proposed LUB criterion suboptimally works for different meth-
ods. 2) Given the same sensor selection criterion, the proposed
greedy approach outperforms the random sensor selection
method.

P(©,5;,5;) =

2.

K
=P©) [ P Xk |7 (Xx)
k=1

m=1

K M N
{P(@) 1P &XelmX0) [T P Von | 7(Yin)) T] P (S| 7r(Sn))}
81,80,y S 10 1] k=1
M
)] P

(Ym ‘ W(Ym)) {

m=1 n=1

N

Z H P (Sn|7(Sn))

51,815,801 [#j n=1

(12)
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We first compare the performance of the proposed sensor
selection method in Table Il with the brute-force method.
The brute-force method exhaustively identifies the best sensor
subset by the exact mutual information. The study is done by
using different numbers of sensors and different BN topologies.
Fig. 9 shows a generic example of a BN used for the evaluation.

Due to the exponential time with the brute-force approach,
we limit our test models to up to five layers and up to ten
sensors or less. The exact number of layers, the connections
among nodes in the intermediate layers, and the number of
sensors are randomly generated so that ten different BNs with
different topologies are generated. For each randomly generated
BN topology, its parameters are randomly parameterized ten
times to produce ten differently parameterized BNs for each
selected topology. This yields a total of 100 test models. Fig. 10
shows two examples of BNs used for this paper.

The results averaged among 100 trials are shown in Table 111,
where the closeness is defined as the relative difference in
mutual information between the solution from our approach and
the solution from the brute-force approach. It can be seen that
the solution with our method is close to the sensor selection
results using the brute-force method. For further comparison,
the run time of the two methods is measured on a 2.0-GHz com-
puter, and the run time averaged among ten trials is summarized
in Table I11. Compared with the brute-force method, our method
significantly reduces the computation time with minimum loss
in sensor selection accuracy.

To demonstrate the improvement of the proposed method
over random sensor selection, the results of random sensor
selection are also included in Table Ill. For a fair comparison,
we first use our method to select a best subset and then use the
random method to select a subset of the same size using the
same criterion. To account for the random nature of random se-
lection, the results are averaged, and the averaged result is used
to compare against the result from our method. Compared with
the random sensor selection, our method shows a significant
improvement in sensor selection accuracy.

Finally, we want to note that the randomly generated BN
topologies (for example, the BNs in Figs. 9 and 10) may not

necessarily satisfy the assumption needed for Theorem 1 to
hold. Despite this, the selected sensors remain close (in mutual
information) to those selected by the brute-force method, as
demonstrated in Table I11. We also repeat the above experiments
by using naive BNs. The parameters of BNs are randomly
generated. We selected & sensors from n sensors (k < n)
without considering sensor costs. The sensors selected by the
brute-force method and by our approach have no difference.

V. CONCLUSION

It is computationally difficult to identify an optimal sen-
sor subset with the information-theoretic criterion. To address
problem, we have presented an approximation method to find
a near-optimal sensor subset by utilizing the sensor pairwise
information to infer the synergy among sensors. Specifically,
this paper includes the following aspects: First, we propose to
use a BN to represent sensors, their dependencies, and their
relationships to other latent variables. In addition, the built-
in conditional independence assumptions with the BNs allow
factorizing the joint probabilities so that fusion can efficiently
be performed. Second, we introduce a statistical measure to
quantify the pairwise synergy among sensors. Based on the
synergy measure, a synergy graph is constructed, which is used
to infer synergy among multiple sensors, based on which we
can then eliminate many unpromising sensor combinations.
Finally, for the remaining sensor combinations, a greedy ap-
proach is introduced to identify the optimal sensor combination
based on the LUB of the joint mutual information. The use of
the LUB of the joint mutual information instead of the joint
mutual information itself significantly reduces the computation
time with minimum loss in accuracy. We demonstrate both the
optimality and the efficiency of the proposed method through
many random simulations under different numbers of sensors
and different relationships among sensors.

A major assumption of this paper is that the two sensors are
conditionally independent of each other, given another sensor
between the two sensors and the fusion result. This assumption
could limit the utility of this paper. As part of the future
research, we will study ways to overcome this assumption.
Another assumption we made in this paper is that all the
sensors have the same cost. Such an assumption is not realistic
for many applications. Overcoming this assumption, however,
requires incorporating the sensor cost into the proposed synergy
function, which is a nontrivial task. We will study this issue in
the future as well.

APPENDIX

In the following, we introduce our proof for Theorems 1 and 2.

A. Proof of Theorem 1

Before proving Theorem 1, we give the following lemma.
Lemma 1 (Chain Rule of Mutual Information): Letting X,

Yi,...,Y,, berandom variables, then
M

(XY, o) = I(XG Y1) + Y I(X: Y5 |V, Y.
=2

(13)
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Fig. 10. Two specific examples of BN structures with different numbers of sensors used for the evaluation.

TABLE Il
COMPARISON OF THE PROPOSED METHOD AND THE BRUTE-FORCE METHOD
Number Our Approach Random Method Brute-Force
of Relative mutual information difference | Run time Relative mutual information difference Run time
Sensors | of our method to brute force methods | (Seconds) | of random method to brute force methods (Seconds)

7 1.56% 1.020 21.13% 63.87

8 1.77% 1.099 28.32% 355.05

9 2.75% 1.209 36.54% 2967.36

10 1.89% 1.430 39.19% 13560.54
The proof of Lemma 1 is straightforward [2]. We now turn to p(s3|0,s2)

: = Y pl0,s1,50,85) {lg >
proving Theorem 1. p(s3]52)
Proof: Based on Lemma 1, we have ©,51,52,55 (5516, 52)
p\s3 |0, 82
= 0,5s9,s lg ——— =~
I(©;51,...,5m) @;s P02, 3){g p(ss3 | s2) }
992,03
= I(@, Sl)—FI(@, So ‘ Sl)—FI(@, S3 ‘ Sl, SQ) p(83, 0 | 82)
+ I(@, Sy | S1, 99, Sg)+ . +I(@, S | S, Sm—l)- ©,52,53
(14) ’

We start with an MSC containing four random variables
{©, 51,52, 53}, then extend it to five variables, and finally
to a finite number of arbitrary random variables forming an
MSC. Noatice that © is the hypothesis, and S1, Ss, S5 are the
sensors.

Based on Definition 6 of MSC, S; and S5 are conditionally
independent given Sy, i.e., P(S5|S1,S52) = P(S5].S2). First,
we prove that the following equation holds when S; and S5 are
conditionally independent given S:
I(@, 53|52) = I(@,Sd ‘51752) (15)
1(0; 53] 51, S2)

= 0,s1,82,8 1
Z p(0, 51,52 3){gp

0,51,52,53

=

0,51,52,53

P>

0,51,52,53

p(0,53 | 81,82) }

(9 | 51,82)19(83 | 81,82)
p(9783731782) }

(9751, 82)p(83 \ 82)

s36,s1,s
(0, 51,59, 53) {1gp(3|12‘)}
P(83\82)

p(ea S1, 52, 83) {lg
p

Please note that for the derivations in (16), we assume that
p(S3|0©, 51,52) = p(S3|0O, 52),1.e., Ssand S are condition-
ally independent given both © and Ss, where © is a random
variable representing the fusion result, and S; is a sensor. The
typical relationships between © and S; are illustrated in Fig. 1,
where O is typically the root node, and S;’s are the leaf nodes in
the BN. Given this understanding, if the BN is such that the path
(undirected path) between two sensor nodes (e.g., S; and S3)
goes through © node (e.g., the BN in Fig. 1), then following the
D-separation principle for BN, p(S3|0, S1,.52) = p(S3|©, S2)
holds. Please note that this assumption only holds for some
BNs, such as the one in Fig. 1 and the naive BN. It may not
hold for an arbitrary BN.

From the chain rule of mutual information, we have

1(6,53,52) :I(®7SQ)+I(@7 Sg|52) (17)
Hence, combining (16) and (17) yields
1(©; 53151, 52) = 1(©; 52, 53) — 1(6; 52). (18)
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Now, we want to apply the similar algebraic process to prove
I(@, Sy ‘ S, 9, S3) = I(@, Sy | 53) in (19), shown at the
bottom of the page, given the Markov conditions that P (S, | Sa,
S3) = P(S4153), P(S1]8s,52) = P(S1|52), P(S4]51,
Sz) = P(S4 | SQ), and P(S4 ‘ Sl, 53) = P(S4 ‘ Sg) By mutual
information chain rule, we have 1(0;S3,S5,) = 1(0;S53) +
I(@, S4 ‘ 53), i.e

1(©;54]93) = 1(0; 53, 54) — 1(6;55). (20)
Combining (19) and (20) produces
1(©; 84|51, 82,53) =1(0©;S4|S3)
=1(0; 85, 84) — 1(©;53).  (21)
Finally, we can generalize the above process to prove
I(©,S, 151,52, ..., 8m-1)
= I(@, Sm-1, Sm) - 1(97 Sm—l)- (22)

Substituting the results in (18), (21), and (22) into (14) yields

1(0: 51, 5., Sm)
=1(0;51) + 1(0; 52 ] 51) + 1(©; 53, 52)
—1(0;52) + 1(0; S3,54) — I(©; S3) +
+1(©;Sm-1,5m) — I1(0; Spm—1)
=1(0;51) + 1(0;52,51) — I(©;51) + 1(©; 53, 52)
—1(0;52) + 1(0; S3,54) — I(©; S3) +

+1(0; Sm1,8m) — 1(©;8m 1)
M
=1(0;51) + Y _I(8;Sm-1,5m)

=2

— [(©;Sm 1) (23)

This completes the proof for Theorem 1. |

B. Proof of Theorem 2

Proof: We want to prove

From the mutual information chain rule, we have
1(©;51,5:,...,5m)
=1(0;51)+1(0;5:]51)
+I(@;53 ‘ 51,52) +I(@;S4 | 51752,53) +
+1(0;5,,]51,52,...,5m-1). (25)
By Theorem 1, we have
™(©;81,...,5%)
= 1(0;51) + 1(©; S2 | S1) + 1(0; 53] S2)
+I(®7S4|SS)+ +I(®7Sm|5m71) (26)
By the definition of mutual information, we have
1(©; 535525 51) = 1(©; 535 .52)

_1(6753,32 ‘Sl) (27)

which readily leads to
1(0; 95; 52| S1) = 1(©; 55 52) — 1(0; 53| 52, 51).  (28)
Hence
1(0; 93] 92, 51) = 1(©; 55 52) — 1(O; 533 52 51). (29)
Therefore
1(©; 53] S2) > 1(0; S3| 51, 52).

Please note that we assume here that 1(©;Ss3;S55]51) > 0,
which is correct since for our application © (the hypothesis)

I(©; 84| 51,52, 53)

= 2

9,51,52,53,54

= E P(9,Sl,82783784

0,51,52,53,54 {

= E p(9781782733784 lg
0,51,52,53,54

= § p(9781752733784) {lg
9,51,52,53,54

©.53.54 P(54|83)

_p(s4,0]s3) | _ ;g — (05,5
I e I (OISR CEAES

9,52,53

p(97 81,52, 53,54 {lg

p(0, 54|51, 52, 53) }

D 0\51,52,53) (s4]s1, s2, 53)

lg

> p(0:53,54) {lgmsum

9 84,51782,83) }

p(0, 51,52,53)p(s4]53)

p 84|9 81,82,83)

p(s4]83) }

p(s4l0, s3 }

p(s4ls3)

(19)
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and the other variables (sensors) are not independent of each
other.

Similarly, we have 1(0;S4|S3) > I(0;54]S1,52,53) and
I(@, Sm | Smfl) 2 I(Sm | Sl, SQ, ey Smfl).

Hence, (26) > (25). The equality sign holds when the
Markov property between neighbor sensors is true.

Hence, this completes the proof for Theorem 2. |
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Abstract - Active learning methods seek to reduce the
number of labeled instances needed to train an effective classifier.
Most current methods are myopic, i.e. select a single unlabelled
sample to label at a time. The batch-mode active learning
methods, on the other hand, typically select top N unlabeled
samples with maximum scor e. Such selected samples often cannot
guar antee the lear ner’s performance. I n this paper, a non-myopic
active learning algorithm is presented based on mutual
information. Our algorithm selects a set of samples at each
iteration, and the obj ective function of the algorithm is proved to
be submodular, which guarantees to find the near-optimal
solution. Our experimental results on UCI data sets show that the
proposed algorithm outperfor ms myopic active lear ning.

Index Terms - Non-myopic active learning, Mutual
information, Submodular function.

|. INTRODUCTION

Most of the current study in active learning has focused
on selecting a single unlabeled sample in each iteration. In this
case, the classifier has to be retained after each selected
sample is labeled. These myopic approaches are also not
suited to the parallel labeling environment. By contrast, batch-
mode active learning methods select a set of unlabeled
samples at a time. They provide a solution to multiple
annotators and model with slow training procedures. A ssmple
strategy toward selecting a query batch is to myopically query
the top N queries according to a given query strategy. Methods
based on such a strategy do not work well, since they greedily
select the "best" unlabeled samples at each iteration in local
and fail to consider the overlap in information content among
the “best” instances[1].

To address this issue, a few improved batch-mode active
learning algorithms have been proposed. Brinker [2] considers
an approach for SVMs that explicitly incorporates diversity
among instances in the batch. Xu et al. [3] propose a similar
approach for SVM active learning, which aso incorporates a
density measure. Specifically, they query cluster centroids for
instances that lie close to the decision boundary. Hoi et al. [4]
extend the Fisher information framework to the batch-mode
setting for binary logistic regression. But most of these
approaches still use greedy heuristics to ensure that instances
in the batch are both diverse and informative without a
guarantee of near-optimal solution.

In this paper, we present a non-myopic active learning
algorithm to query instances in groups. In active learning one
solution to decide which sample to label is based on its effect
on the remaining unlabeled data. So, our aim is to select a set

Qiang Ji
Department of Electronical, Computer,and System
Engineering
Rensselaer Polytechnic Institute
Troy, New York 12180, USA

gji @ecse.rpi.edu

of unlabeled samples which, if labeled, can maximize the
confidence (certainty) on remaining unlabeled data. Based on
this idea, we exploit mutual information to construct the
objective function.

The objective function of our algorithm is proved to be
submodular, which guarantees the greedy method can find
near-optimal sets to be added into training data so that active
learner can improve in both accuracy and efficiency.

This paper is structured as follows. Section Il gives the
description of the objective function of our non-myopic active
learning method and the proof of submodularity of the
objective function. Section 111 presents our algorithm. Section
IV contains experimental results on Chess database and Tic-
Toe-Tac Endgame database from the UCI Machine Learning
Repository. Section V summarizes the contributions made in
this paper.

Il. THE OBJECTIVE FUNCTION AND ITS SUBMODULARITY

The aim of our non-myopic active learning is to select a
subset of K unlabeled samples in each iteration, such that
when the samples are given true labels and added to the
training set D, the learner trained on the augmented training
set can result in the maximum classification uncertainty
reduction on the test set. So the objective function is as
follows,

A:argTaEJxIQ(A),s.HAIS K, @)

where A is a subset of unlabelled training data, and U is the
unlabelled data pool. For a set A, the uncertainty reduction
function R(A), i.e., the mutual information criterion between

A and U can be defined as
R(A=H,(U)-Hy(U\AIA), @

where |3|D(,) is the entropy for measuring the classification

uncertainty on the remaining unlabelled data given a current
learner. Assuming the initial small set of labelled dataD, a
large pool of unlabeled data U ={x,X,,...,%,} . and

x €U ,H,() canbecomputed by

LS S (B, (v, I%)l0g By (y, 1%,)).

|U |X|EU y ey

Ho(U)

3



Let A={x,...,x} be a subset of U and x, eU\A ,
H,(U\AJA) IS measuring the expected uncertainty on the

remaining data set U \ A after A is selected. Since before we
make the query for set A, y, ...,y _, the true labels for

each x,...,x, , ae unknown, so the conditional

entropy H, (U \ A| A) can be written as

L S S S S B0 XY X Y KIOBO, 1K, K Yo X))

AL U\AA=———
° | U- Al | Y r1 XEWAYEY VEY VY
4

In Equation 4, FA>D(yk [ X, Yy veees X Yo X, ) IS the
estimated output distribution givenD , X, and some possible

labels Y, Y for X,---, X ,i.e,

Py (Yie 1%00 Yy reems Xis Yoo X ) = P Y 1%).

DH{ X\ Y1 e Xm s Yim}

In [5], it showed that, if the objective function F is
submodular, then a greedy algorithm, which starts with the
empty set A=® , and iteratively adds to A the element
s* = argmax F (A) until K elements have been selected, finds
a near-optimal  set. Its result uses the concept of
submodularity, i.e., an intuitive diminishing returns property: a
new observation decreases our uncertainty more if we know
less. According to this conclusion, we give a proof of the

submodularity of R as follows.

Proof of the submodularity of FAQ :
Let AcBcU and unselected samples X ¢ A, and if

R is submodular, then it should hold that “diminishing
returns’ property,

R(AU X) - R(A) = R(BU X) - R(B). 6)

Since I:ID(.) is the entropy of the learner’s posterior, it

holds the property of entropy, i.e, the ‘information never
hurts' principle[6],

Ho (X | A) < Hy(X), @)

i.e, adding A with true labels cannot increase the entropy
[7]. Because the marginal increase of R can be written as

R(AU X) - R(A)
=H,(U)-Hy(U\AU X |AU X)
—H,(U)+H,(U\A|A)
H,o(U\A|A) -H,(U\AU X |AU X)
H,(U)-H, (A -H,U)+H,(AUX)
H, (AU X)—H,(A)
Ho(

= X |A).
)
In Equation 8, we used the chain rule of the joint entropy, i.e.
H(Y | X)=H(X,Y)—-H(X). (9)

Submodularity is simply a consequence of information
never hurts principle:

R(AU X)—R(A) =H (X |A) = H, (X |B)=R(BU X) - R(B).
(10)

So we prove that Rissubmodular.
I1l. A NON-MYOPIC ACTIVE LEARNING ALGORITHM

The problem of maximizing submodular function is NP-
hard. The greedy algorithm is an efficient algorithm to reduce
the computation, and achieves near-optimal results if
submodularity property holds. We exploit the greedy
algorithm to iteratively find each sample for abatch A. In the
step of greedily finding A, selecting a sample will be stopped
when the current ﬁD(U \ A| A) is larger than the previous

one or when the number of selected samplesislarger thanK .

After selecting a set A, the algorithm adds Awith true
labels into the labeled training data. The learner isretrained on
new training set. If the prediction accuracy of current learner
is not satisfied, the processis repeated.

Algorithm:

Initialization: Randomly select a small set D from unlabeled

samples pool, then assign a class label to each of them, next

construct an initial training set. Train the classifier CusingD .

While stopping criterion (here prediction accuracy) is not

satisfied

1. Greedily find A,

2. Add A with truelabelsto D to form D';

3. Retrain the classifier C from D', and obtain its prediction
accuracy on test date set.

Because thej , (U) is always the constant while iteratively
adding X ,to A, we can get the unselected sample X, which

makes the minimum ﬁD(U \ A| A) in the process of finding
A. The process of Greedily find A is as follows.

Greedily find A:



A={};
While | A K
Do
xm:argxﬂjr\lAHD(U \A|A);

If Hy(U\VAU{X}|AU{X})<H_(U\A|A)

A=A+{x};
Else

Break;
End

IV. EXPERIMENTAL RESULTS

Two benchmark data sets from UCI Machine Learning
Repository are used to evaluate the performance of our
algorithm. They are for binary classification task. We choose
the TAN classifier as a classification algorithm. In the step of
Greedily find A, let K = 3. To evaluate the performance of our
approach, we compare the results of our approach (non-
myopic) with the results from the expected log loss reduction
algorithm of myopic active learning and “N-best” batch
method.

Chess data set
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Fig. 1 The comparison results by running Chess data set.

The first data set is from chess (King-Rook vs King-
Pawn) database. The data set is randomly partitioned into
training set of 75 instances including 22 initialy labeled
examples and 53 unlabeled examples. The independent test set
consists of 85 instances.

Figure 1 shows the resulting accuracy of three algorithms
as the function of number of selected samples. The maximum
possible accuracy is 98% after all the unlabeled data has been
labeled. It can be seen that after a few queries (6 queries) our
agorithm (non-myopic) can have a higher accuracy than
myopic active learning and N-best samples methods. And after
8 iterations our non-myopic active learning gets 98% accuracy

with the classifier is retrained eight times. However myopic
active learning needs to retrain the classifier 23 times for 97%
accuracy. Our non-myopic active learning is more efficient
and accurate than myopic active learning and N-best methods.

The second data set for our experiment is from Tic- Toe-
Tac database. The data set is randomly partitioned into
training set of 203 instances, in which 59 labeled examples
and 144 unlabeled examples are included, and independent
test set of 172 instances.

Tic-Toe-Tac
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Fig. 2 The comparison results by running tic-toe-tac data set.

The comparison results are given in Figure 2. The
maximum possible accuracy is 97% after all the queries. After
10 iterations, our algorithm reaches 97% accuracy. However
myopic active learning needs to retrain the classifier 39 times
for 97% accuracy. Again, the results show that non-myopic
active learning approach outperforms myopic active learning
approach and N-best method.

V. CONCLUSION

Most current methods for active learning myopically
select the ‘best’ sample or ‘N-best’ samples in local to label.
These methods cannot achieve the near-optimal results, and
does not work well. By contrast, non-myopic active learning
can query samplesin groups at each iteration. If the objective
function is submodular, then it can find near-optimal sets and
has a better performance than myopic active learning.
Meanwhile it is efficient in training model and suited to
paralel labeling environment. In this paper we proposed a
non-myopic active learning based on the mutual information,
and proved the objective function is submodular. So the
experimental results show that it outperforms myopic active
learning.
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Abstract - Active learning methods seek to reduce the
number of labeled instances needed to train an effective classifier.
Most current methods assume the availability of some
reasonable amount of initially labeled training data so that the
learners can be trained with sufficient quality. However,
for many applications, the amount of initial training data is
often limited, this will affect the quality of the initial
learners, which, inturn, affect the performance of the active
learning methods. In this paper, we introduce a new non-
parametric active learning strategy that can perform well even
under very limited initial training data. Our method selects the
query instance that simultaneously maximizes its label
uncertainty and the classification accuracy on the unlabelled
test data. Our method hence avoids selecting outliers and does
not require good initial learner. The experimental results with
benchmark datasets show that our method outperforms state of
the art methods especially when the amount of the initially
labeled data is small or when the quality of the initially labeled
data is poor.

Index Terms - Active learning. Minimal total entropy
reduction. Limited initial labeled data.

I. INTRODUCTION

Active learning aims to achieve greater accuracy with
fewer labeled training instances by selecting the most
informative data to label [1]. Active learning selects unlabeled
examples for labeling if the predicted label is highly uncertain.
Based on this view, some existing works in active learning
have concentrated on two approaches: Uncertainty-based
method [3], [4], [5] and committee-based method [6]. The
former estimates sample uncertainty using one classifier while
the latter does so by a committee of classifiers. Both
approaches examine each unlabeled sample one at a time,
often independent of the remaining unlabeled samples.
Although both approaches can get to the classification
boundary fast, they are also susceptible to outliers since
outliers are also often uncertain. In fact, studies show that both
uncertainty sampling and the committee-based methods often
fail by selecting outliers [7], [8].

To alleviate this problem, one solution to decide which
sample to label is not only based on the properties of selected
sample but also on its effect on the remaining unlabeled data.
So, from a different perspective, if the instance to
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be labeled can maximize the confidence (certainty), i.e.
makes the current learner to have a good generalization error
over the unlabeled data, the instance with true label to be
added into labeled data set can improve the performance of the
classifier. Based on this idea, Roy and McCallum first
proposed the estimated log loss reduction (ELLR) framework
for text classification using naive Bayes [7]. Zhu et al.
combined this framework with a semi-supervised learning
approach, resulting in a dramatic improvement over random or
uncertainty sampling [8]. Guo and Greiner employ an
“optimistic” variant [9], but their formulation is, in fact,
equivalent to minimizing the expected future log loss. The
ELLR framework has the dual advantage of being near
optimal and not dependent on the model class. While
effectively addressing the outlier issue, these methods suffer
one major limitation. They typically require a reasonably good
initial learner to start with since their methods use the

P(y|x,,D) determined by labeled data to weight the log

loss. This makes the performance of the estimated error
reduction further depended on the quality of initial model [10].
These methods perform poorly for cases that have a very small
amount of initial labeled training data.

To overcome the limitations of the above methods, we
propose to combine the uncertainty based method with the
generalization error method. The selected sample by our
method considers both its own uncertainty and its potential to
reduce the classification uncertainties on unlabelled data. In
our method, the instance to be labeled possesses high
uncertainty on its label and at the same time should maximize
the classification confidence (certainty) on unlabelled data.
The uncertainty of each sample can be characterized by its
entropy and its effect on the reduction of the uncertainty of the
unlabeled data can be characterized by its Minimal Total
Entropy Reduction (MTER).

The main benefit of our algorithm, compared with the
ELLR used by Roy et al [7], is that it decreases the influence
of wusing the current learner to approximate the label
distribution for weighting the log loss, which is very sensitive
to the number of labeled training samples and their quality. In
addition, the minimum total entropy criterion is more
conservative and strict than the log loss, therefore leading to
improved performance. In paper [2] a similar active learning
method, Mm+M, is proposed, and it employs ’most
uncertainty’ approach to change the selection rule based on



minimum total entropy when it encounters an unexpected
label. In fact, this method still selects a sample by using either
generalization error method or uncertainty-base method but
not using both criteria at the same time. Experiments show
that our active learning can quickly achieve the considerable
accuracy with fewer labeled samples than the state-of-the-art
methods, such as ELLR, uncertainty-based, Mm+M, in
particular when the quality of the initial labeled data is poor or
the number of the initial training data is small. In the sections
to follow, we describe our method in pool-based active
learning, and its performance.

Il. ACTIVE LEARNING WITH POOL-BASED SAMPLE

Pool-based active learning is an interactive learning
technique designed to reduce the labour cost of labeling in
which the learning algorithm can freely assign the unlabeled
data to the training set. Active learning starts from an initial
labeled examples and lets the learner iteratively update its
training set while learning at each step from the new
knowledge gain provided by newly labeled examples. An
overview of pool based active learning can be seen in Figure

1. The classifier C(-) is trained by the labeled examples L,
and then a selection function S, () selects the most

appropriate examples S from an unlabeled data pool U
given the knowledge already acquired by the learner.

Fig. 1 An overview of pool-based active learning.

I1l. A NEW QUERY STRATEGY

Our active learning approach is based on actively
identifying and annotating the samples which will result in
maximum uncertainty on its label and in the meantime yields
the maximum certainty on class labels of the remaining
unlabeled data. Pool-based active learning typically includes a

small set of labeled data L ={(X;,¥,),"*-,(X.,Y,)}and a
large pool of unlabeled data U ={X, ;,*, X, s Xy} -
Assume we select X, from U for the next instance of

human labelling. Our objective function is

X =arg max M (X,), (1)

where M (X,,) is the sum of two terms: the generalization

error reduction on the unlabeled data and the label uncertainty
of the selected sample. It is defined as

M (%) = R(X,) + H (Y, | %, L). @

In Equation 2, R(X,,)is to measure the error reduction of

a candidate sample xm over remaining unlabeled samples,
and it can be defined as

R(Xm) = E(YU | XU ) l—) - E(YU | XU'Xml Yoo L)- 3)

E(.)is a generalization error function. Since the first term

in Equation 3 does not depend on the instance X, selected,
S0 we can rewrite Equation 3 as

R(Xm):_E(YU | XU'Xm'ym'L)’ (4)

and Equation 2 as
M (X)) =—E(, | Xy X, Yo L)+ H(Y,, | X,,L). (5)

First, for evaluating the classification performance on the
unlabeled data, i.e. generalization error, the learner is initially

trained on the labeled data L . Once trained, given an input
X, fromU , it produces a probability distribution on its

label y,, , based on which Yy, can be determined. Given X, , its

label y,, and the existing labeled data, we can construct a
classifier that can estimate the probability distribution of label
Y, for each unlabeled data X, ,i.e.,

I:)n,m = P(yn | (Xli yl)v(X21 yz)v"'i(xk’ yk)’ Xm’ ym'Xn)v (6)

where K<m,n< N andn# m. The error (uncertainty) of

estimated label Yy for input X, can be characterized by its
entropy

Hn,m :_zpn,mlog Pn,m’ (7

yneY

where Y is all possible outcome labels. Then, the total entropy
for all remaining unlabeled data in the pool

given (X.,, ¥,,) can be computed as

N
EQY, | Xy, X, Y, L) = ZHW (8)

n=Kk+1
n#m



Thus one criterion of our active learning approach is to

select a query, X, , such that when the query is given true

label y,, and added to the training set, the learner trained on

the resulting set (L+ (X, Y,,)) results in the maximum

reduction on the uncertainty of the labels of the remaining
unlabeled samples in the pool, i.e. the smaller entropy for all
remaining unlabeled data. Meanwhile, before we make the

query, Y, , the true label for X, is unknown. Thus, Equation
8 can be approximated by computing the minimum estimated
uncertainty for X over each possible label §, , i.e.

N

E(Yy | Xy X s D) =min > (D (=P, logP, ). (©)

YmeY n=k+l y,eY
nzm

X, is the next sample to be selected for labeling, which is

added into L. The learner is then retrained on L, and the
process repeats until the stopping criterion is satisfied.
Equation 9 is the minimum total entropy, which is different
from the expected entropy used in [7]. Computing the
expected entropy requires the current learner to estimate the

current classifier’s posterior P(y,, | X, L) for a candidate to
compute the weight for each label. In the case of small number

of initial labeled samples, P(Y,, | X,,, L) cannot be estimated
accurately and the expected log loss reduction computed in
this case will not be accurate either. However, P(Yy, | X,,, L)

is not needed in evaluating the generalization error, our query
strategy hence is less dependent on both the quality and
quantity of initial labeled data set.

On the other hand, the selected sample should possess high
uncertainty on its own label. Hence, the second criterion in
Equation 5 can be computed by the entropy base on current
learner, i.e.,

H (Y, 1% L) == > (P(Yp | Xy L) IOGP(Y,, | X, L)).

YmeY
(10)

Our objective function considers both the uncertainty of a
candidate and its potential to reduce the uncertainties of the
unlabelled data. So it selects the unlabeled sample with the
maximum uncertainty and maximum classification error
reduction on the unlabelled data. This therefore leads to
improved performance under very limited initial labeled data
as will be demonstrated in our experiments. The algorithm is
summarized in Table I.

The above algorithm is computationally intensive. Several
methods can be used to improve the algorithm efficiency
including sampling and clustering the unlabelled data pool so
that only seeds are considered for labeling. Another alternative

to speedup the algorithm is to use an incremental learning
mechanism to learn the classifier as the labeled data is
gradually made. As our focus is on the learning method, we
will not discuss this issue in this paper.

IV. EXPERIMENTAL RESULTS

Two benchmark data sets from UCI Machine Learning
Repository are used to evaluate the performance of our
method. One is for binary classification task and the other is
for multiple classification task. We choose the TAN classifier
as a classification algorithm. To evaluate the performance of
our approach, we compare the results of our approach
(UNMTER) with the results from the expected log loss
reduction algorithm (ELLR) in [7], Mm+M in [2] and most
uncertainty method.

TABLE I
UN-MTER ALGORITHM
1: Initialization: Randomly select a small set of samples from unlabeled
sample poolU , assign a class to each sample of them, then construct an

initial training set L . Train the classifier C using L .
2: While stopping criterion (here prediction accuracy) is not satisfied

3: Compute é(YU | Xy ervyva) for each Xrn from U using
Equation 9;

4: Compute H (Y, | x,,, L) foreach X, from U using Equation 10;

5: Compute M (x,, ) for each X, fromU using Equation 5;

6: Select X, with the maximum M (X, ) ;

7 Add X, with true label Y, to L to form L, , where
L+ = L+(Xm1ym)’

8: Retrain classifier C from L: , and obtain predication accuracy.

The first data set is from Tic-Tac-Toe Endgame database,
which consists of 958 instances. The data set is randomly
partitioned into training set of 203 instances including 10
initially labeled examples and 193 unlabeled examples. The
independent test set consists of 172 instances.

Figure 2 shows the resulting accuracy of four algorithms
as the function of number of selected samples. The maximum
possible accuracy is 97% after all the unlabeled data has been
labeled. In this experiment, each of active learners
sequentially selects 45 instances from unlabeled pool and adds
to the labeled set. It can be seen that after 21 queries our
algorithm (UN-MTER) and Mm+M reach 65%. In contrast,
the ELLR reaches 54%. After 23 queries our algorithm keeps
getting the higher accuracy than Mm+M and ELLR.
Meanwhile it is showed that the most uncertainty method
(UN) has the worst performance. The result demonstrates that,
our approach outperforms Mm+M, ELLR and the most
uncertainty under very limited initial labeled data set.
However, ELLR can match UN-MTER as the labeled data set
contains a substantial number of samples. Nevertheless, our
method is practically useful for some application domains in
which the availability of initially labeled data is restricted.
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Fig. 2 The comparison results by running Tic-Tac-Toe data set.

The second data set for our experiment is from Nursery
database. The data set is randomly partitioned into training set
of 182 instances, in which 16 labeled examples and 166
unlabeled examples are included, and independent test set of
282 instances. This data set is for a multiple classification task
with 5 class attributes.
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Fig. 3 The comparison results by running Nursery data set.

The comparison results are given in Figure 3. The
maximum possible accuracy is 66% after all the queries. After
20 queries, our algorithm reaches 51%. ELLR and Mm+M, on
the other hand, only reached 35% and 33% respectively. Since
then, UN-MTER has faster speedup than other methods.
Again, the results show that our approach outperforms ELLR,
Mm+M and UN when the number of initial labeled data is
very limited.

V. CONCLUSION

Most current methods for active learning assume the
availability of some reasonable amount of initially labeled
training data with sufficient quality. However, in many
applications, the amount and the quality of initial training data
are often limited. This will affect the quality of the initial
learners, which, in turn, affect the performance of the active
learning methods. To address this issue, we introduce the
method based on maximizing the minimum total entropy
reduction on the unlabeled data and maximum uncertainty of a
sample on the current learner. The experimental results with
benchmark datasets show that our method outperforms the
state-of-the-art methods especially when the amount of the
initially labeled data is small or when the quality of the
initially labeled data is poor.
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Abstract

This paper describes a new approach to unify con-
straints on parameters with training data to perform
parameter estimation in Bayesian networks of known
structure. The method is general in the sense that any
convex constraint is allowed, which includes many pro-
posals in the literature. Driven by a maximum entropy
criterion and the Imprecise Dirichlet Model, we present
a constrained convex optimization formulation to com-
bine priors, constraints and data. Experiments indicate
benefits of this framework.

1 Introduction

Bayesian Networks (BNs) encode a joint probabil-
ity distribution for a set of random variables in a com-
pact graph structure. The problem of parameter learning
concerns the estimation of probability measures of con-
ditional probability distributions, given the graph struc-
ture of the BN. Many techniques depend heavily on
training data. ldeally, with enough data, it is possible
to learn parameters by standard statistical analysis like
maximum likelihood (ML) estimation. However, data
may be insufficient, leading to inaccurate estimations.

This paper proposes a framework for the parame-
ter learning problem that combines data and domain
knowledge in the form of constraints. There are two
types of constraintssoft constraint®n priors anchard
constraintson estimations. Driven by the Imprecise
Dirichlet Model [17], prior beliefs are encoded using
a set of Dirichlet distributions. Combined with data and
constraints on estimations, the result is a set of estima-
tions, on which we apply the maximum entropy prin-
ciple to obtain a single estimation. Constraints on esti-
mations are viewed dsard constraints and assumed to
be correct. Thus only general and certainly valid con-

straints shall be used. On the other hand, constraints on Mum atf;;, =

priors aresoftbecause estimations are adapted and cor-
rected by training data even if soreeftconstraints are
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wrongly stated. Altogether, we can encode constraints
that are certain as well as less reliable constraints.
There are many approaches to parameter learning of
BNs using constraints. For instance, penalty functions
can be employed [1], but global optimality is not al-
ways guaranteed. Isotonic regression is also applicable,
but its complexity is high [7]. Non-convex optimiza-
tion also leads to high complexities [5]. Closed-form
solutions were investigated [9, 10], but they do not al-
low overlap of constraints (the same parameters may not
appear in different constraints). Because of that, many
types of constraints can not be represented. The frame-
work presented here tries to overcome such limitations.

2 Problem definition

A Bayesian network is a tripléG, X, P), where
G is a directed acyclic graph with nodes associated
to discrete random variable¥ (a variable per node),
and?P is a collection of parametet;, = p(z¥|pa)),
with 3, 65+ = 1, wherez? is a value or state ok
andpaj a complete instantiation for the pareif4; of
X, in G (it represents a set of states BA;). In a
BN every variable is conditionally independent of its
non-descendants given its parents (Markov condition).
Thus the joint probability distribution is obtained by
p(X1,...,X,) = [, p(X;|PA;). We focus on param-
eter learning in a BN where its structure is known in
advance. Given a data sBtwhere each element is a
sample of the BN variables, the goal of parameter learn-
ing is to find the most probable values for the vector
6, which can be quantified by the log likelihood func-
tion Lp(0) = log(p(D|9)). Assuming that samples are
drawn independently from the underlying distribution,
we need to maximizé p(0) = log[],;,. 6;;:", where
nijx indicates how many elements bBfcontain both:¥
andpa/. Maximum likelihood estimation has its opti-

Nijk
Zk Tijk . . . .
Another usual parameter learning technique is the

Dirichlet model, where one starts by assuming that an




expert has specified a prior BN, denoted by, that
conveys her prior beliefs. The goal is to learn the pa-
rameters of multinomial distributions @}, using both
N, and data. The Dirichlet distribution is a natural para-
metric model fop(6;;), because itis conjugate with the
multinomial distribution. A possible parametrization is
p(0i) o TI, 000" fors > 0 and Y, 7ijn = 1,
where the hyper-parametercontrols dispersion and
hyper-parameters;;;, control location [17]. The pa-
rameters is often interpreted as thszeof a database
encoding the same prior beliefs as the Dirichlet distri-
bution. We assume tha), is associated with a single
positive numbeg that encodes thguality of the prior
BN, and that parameters df,, definer such thatr;,
correspondsté;;;; in the prior. Then, using expectation
as estimator, the optimal estimatg;, is the posterior

expected value;;;, = :&%J:
K Tijk

convex parameter space, that is, any constraint in the
form h(0) < 0, whereh is convey, is allowed. Most of
recent literature in this topic can be expressed by con-
vex constraints [9, 10, 11, 18]. Such flexibility allows
for a better description of the knowledge, as we have
no restriction regarding the number of times a parame-
ter appear in constraints or whether constraints involve
distinct distributions of the BN.

3 Parameter learning using convex opti-
mization

If we only have constraints ofy ML can be solved
by convex programming, as a maximization of a con-
cave log-likelihood function must be solved. There are

Standard estimation methods are usually enough pptimizatiop algorithms to solve convex programmi.ng
when there are enough data. However, when a small in polynomial time [2, 4]. They can be as fast as lin-

amount of data is available, they may produce unre-

liable estimations. A way to improve estimations is
through the use of constraints. L&t be a sequence of

ear programming solvers. Convex programming has
the attractive property that any local optimum is also
a global optimum [4]. This idea of constrained ML is

numbers andv also a constant. Ainear relationship
constraintis defined as

>

0ijk€0A 0k Exa

)

aiji - Ok < @,

solve it. However ML does not allow us to define prior
assessments (probabilities cannot be directly taken as
constraints because if they are fixed at this stage, the
empirical data cannot change them). The interpretation
of constraints only akard constraints on estimations is
eventually too inflexible, and in some cases it is more

that is, any linear constraint over parameters can be profitable to interpret expert’s belief apartial assess-

expressed as Bnear relationship constraint For in-

stance, qualitative influences and synergies [18] can be

expressed by linear constraints. Suppdge Xo, X3
are random variables that assume value$ah, z7},
with 22 greater thamr}, such thatX; is the child ofX,
and X3. Itis said thatXs has a positive influence on
X1 if p(a?]ad, v5) > p(af|ay, v3)* andp(zi|a3, 23) >
p(x?|xd, 23), that is, a greater value of, increases
the probability of a greater value &f, (for both values
of X3). A positive synergy of two parents in a com-

ment of a prior distribution

Besides constraints on parametéyg,, we allow
constraints on hyper-parameters,. The idea is to
work with both constraints o and constraints omn.

So, assume that an expert has specified two sets of con-
straints denoted b¢, andC, that conveys her prior
beliefs and some knowledge about parameters, respec-
tively. The content of’, is viewed as the set afon-
straints on the hyper-parameters;,, of Dirichlet dis-
tributions for a fixed value of, while C is the set of

together, for examplep(2?|z3, z1) + p(22|22,23) >
p(x2|xd, 23) + p(2?|23, x1). This means that a greater
value of the child is more likely when the parents have

constraints on the prigrnot in the probability values
themselves. The only assumption for constraint€pn
is that they must be convex constraintsrofthis is same

the same value. In fact these are just simple (butimpor- assumption as fag). If the expertis certain, she defines

tant) examples of constraints that are allowed. Other ex-

a constraint ovef. Otherwise, a similar constraint, but

amples are sum of parameters, range, relationship, and now overr, may be used. In summary, constraints of
ratio constraints [9], weak and strong, monotonic and ¢ andc can be specified similarly. The former defines

non-monotonic influences and synergies [11], among restrictions on parameters while the latter defines re-
many others. Our assumption about constraints is even strictions ford. This formulation is based on tHen-

more general: they must define a (possibly non-linear) precise Dirichlet Mode[17], which has received great

1We use a probability notation for ease of expose, as each param-

eterd, ;. is a probability value of the network.

attention recently [5, 14].
The result is a set of distributions that must satisfy



C(0), Cp(1) and equations

STijk + Nijk
)
s+ Dk Mijk

wheren;;;, are the counts from the data set (simplex
constraintsv;; >, 0 = 1 andVy; Y, 7, = 1 are
assumed to be iG(#) andC,(7)). Equation (2) is the
gluebetweerC(¢) andC, (7). This formulation has sev-
eral attractive features. First, it deals with qualitative
and numerical aspects in a uniform manner. Second,
it uses constraints on priors and on estimations, mak-
ing possible to the expert to state bdthrd and soft
constraints. As any convex constraint is allowed, it is
possible to specify precise probability measures as well
as vacuous beliefs (the specification of a single prior is
also possible as it is a sub-case). Third, a single hyper-
parameters must be elicited to capture the quality of
the prior. Fourth, computations are efficient as all con-
straints are convex. Still, all these constraints define a
set of distributions. Then we employ the maximum en-
tropy principle, locally applied to each conditional dis-
tribution, to select one distribution from this set. Distri-
butions of maximum entropy are conservative and tend
to agree with frequencies [16]. So, the framework can
be summarized as the following optimization problem:

2)

Oijr =

max — Z Oij1 log 0k,
ijk

3)

subject to Equations (2), convex constraifif$r) and
convex constraint§ (). This formulation can be poly-
nomially solved by convex programming, as Equation
(3) is the maximization of a concave function [8] subject
to convex constraints. The resultiigs our estimation.
Finally, we point out that Equations (2) tend the val-
ues ofé,;;, to be close to% (the frequencies of
0;5, in the data set), while constraints 6y, defined by
the expert might (or might not) impose another different

as our true model and generate samples from it. Then
Kullback—Leibler (KL) divergenceis performed to mea-
sure the difference from distributions of estimated net-
works to distributions of true networks. Random lin-
ear (convex) constraints are generated from 1 to 5 pa-
rameters each. The constraints are created over the true
network (so they are certainly correct) in number equal
to the number of conditional distributions in the cor-
responding network. For each configuration, we work
with 30 random sets of data and constraints. Averages
of KL divergence are presented in Table 1. Columns
have results of standard ML, Constrained ML and Con-
strained Maximum Entropy (CME).

Results indicate a strong decrease in the diver-
gence when working with constraints (second and third
columns of each block). Moreover, benefits are more
significant with larger networks. We note that re-
sults with constraints using only 10 samples are bet-
ter than results using 100 or even 1000 samples with-
out constraints, which indicate a relevant decrease in
the amount of data that would be necessary for achiev-
ing the same accuracy. The third column of each block
shows results for the combination of constraints on pri-
ors and estimations using the maximum entropy idea.
It is interesting to note the advantages when compared
to the second column, because CML already uses con-
straints on estimations.

We also consider the problem of recognizing facial
action units from real image data. Based on the Facial
Action Coding System [6], facial behaviors can be de-
composed into a set of Action Units (AUs). We work
with a BN with 28 nodes to recognize 14 common oc-
curring AUs (there are a hidden and a measurement
node for each AU). The structure of the BN is learned as
described in Tong et al. [13]. We define 42 simple linear
constraints, mainly describing influences among AUs.
The 8000 images from Cohn and Kanade’s DFAT-504
database are used. Testing is performed @0&% of

value. As we assume that hard constraints specified by the data (not chosen for training). We consider training

the expert are correct, a penalty optimization variable is
introduced in Equation (2) to guarantee that preference
is given to the hard constraints defined by the expert
and that the problem will not be infeasible (as long as
expert's constraints are not already infeasible, in which
case the expert should update her beliefs).

4 Experiments

We perform experiments using data sets with 10, 100
and 1000 samples. Three well-known networks are
evaluated: Asia (Lauritzen and Spiegelhalter), Alarm
(Beinlich et al.), and Insurance network (Binder et al.).
For each network, we take one given parametrization

data sets with 100 and 1000 samples (as constraints are
more relevant when insufficient data are available), cho-
sen randomly from the training database. Results are
shown in Table 2. CME obtains an overall recognition
rate (percentage of correctly classified case§Baf%,
which is similar to current state-of-the-art results. For
instance, Tong et at. [13] repd¥8.3%, Bartlett et al.

[3] report93.6%, and other methods have results with
slight variance [12, 15].

5 Conclusion

This paper presents a framework for parameter learn-
ing when domain knowledge is available in the form



10 samples 100 samples 1000 samples
Network | Nodes Distr Dimension ML CML CME | ML CML CME | ML CML CME
Asia 9 21 21 122 0.61 0.25|0.27 0.14 0.11| 0.05 0.03 0.03
Alarm 37 243 509 326 180 0.61| 251 119 047|112 058 0.26
Insurance| 27 411 1008 362 156 0.63]224 092 044096 040 0.20
Table 1. Average KL divergence using random samples and constraints.
100 samples | 1000 samples [2] E. D. Andersen, B. Jensen, R. Sandvik, and U. Wor-

Rate ML CME ML CME soe. The improvements in mosek version 5. Technical

Positive | 65.6% 75.7%| 73.2% 83.9% report, Mosek Aps, 2007.

Negative| 95.8% 97.7%| 95.9% 97.0% [3] M. S. Bartlett, G. C. Littlewort, M. G. Frank, C. Lain-

Table 2. Positive and negative rates for AU
recognition.

of convex constraints. We have introduced a new idea
based on the Imprecise Dirichlet Model and the max-
imum entropy criterion that is able to deal with con-
straints on priors and on estimations. The framework
is fast and guarantees to find the global optimum solu-
tion. Through experiments with well-known networks,
we show that both constraints on priors and estimations
are important to improve parameter learning accuracy.
The main contribution of this work is to allow an
expert to specify her knowledge usihgrd constraints
on estimations andoft constraints on priors, with no
restrictions on the format of constraints besides con-
vexity. As far as we know, no previous methods were
able to handle such general situation. The idea can
also be embedded into an iterative procedure to treat in-
complete data, similar to the Expectation-Maximization
(EM) method. This discussion is left for the future, but
we anticipate that the benefits are similar to those of
complete data. We believe that the application of these
ideas to real domains is promising and we intend to pur-
sue that in a future work, as well as an investigation
about the effect of wrong constraints.
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Strategy Selection in Influence Diagrams using Imprecise
Probabilities
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Abstract

This paper describes a new algorithm to
solve the decision making problem in In-
fluence Diagrams based on algorithms for
credal networks. Decision nodes are asso-
ciated to imprecise probability distributions
and a reformulation is introduced that finds
the global maximum strategy with respect
to the expected utility. We work with Lim-
ited Memory Influence Diagrams, which gen-
eralize most Influence Diagram proposals and
handle simultaneous decisions. Besides the
global optimum method, we explore an any-
time approximate solution with a guaran-
teed maximum error and show that imprecise
probabilities are handled in a straightforward
way. Complexity issues and experiments
with random diagrams and an effects-based
military planning problem are discussed.

1 INTRODUCTION

An influence diagram is a graphical model for deci-
sion making under uncertainty [13]. It is composed
by a directed graph where utility nodes are associated
to profits and costs of actions, chance nodes represent
uncertainties and dependencies in the domain and de-
cision nodes represent actions to be taken. Given an
influence diagram, a strategy defines which decision to
take at each node, given the information available at
that moment. Each strategy has a corresponding ex-
pected utility. One of the most important problems in
influence diagrams is strategy selection, where we need
to find the strategy with maximum expected utility.
A simple approach is to evaluate each possible strat-
egy and compare their expected utilities. However, the
number of strategies grows exponentially in the num-
ber of decision to be taken.

In this paper, we propose a new idea to find the best

Qiang Ji
Electrical, Computer and Systems Eng. Dept.
Rensselaer Polytechnic Institute
Troy, NY, USA
jiq@rpi.edu

strategy based on a reformulation of the problem as
an inference in a credal network [4]. We show through
experiments that this approach can handle small and
medium diagrams exactly, and provides an anytime
approximation in case we stop the process early. Our
idea works with a very general class of influence di-
agrams, named Limited Memory Influence Diagrams
(LIMIDs) [15]. Limited Memory means that the as-
sumption of no-forgetting usually employed in Influ-
ence Diagrams (that is, values of observed variables
and decisions that have been taken are remembered at
all later times) is relaxed. This class of diagrams is
interesting because most other influence diagram pro-
posals can be efficiently converted into LIMIDs.

To solve strategy selection, many approaches work on
special cases of influence diagrams, exploiting their
characteristics to improve performance. In many
cases, it is assumed that there is an ordering on which
the decisions are to be taken and the no-forgetting rule,
so as previous decisions are assumed to be known in
the moment of the current decision [14, 18, 19, 20, 21].
The ordering of decision nodes is exploited to eval-
uate the optimal strategy. There are also proposals
in the class of simultaneous influence diagrams, where
decisions are assumed to have no antecedents. This
assumption reduces the number of possible strategies
and allows for factorization ideas [22]. LIMIDs do not
have assumptions about no-forgetting and ordering for
decisions, even though it is possible to convert dia-
grams that have such assumptions into LIMIDs.

In order to test our method, we generate a data set
of random influence diagrams. Empirical results indi-
cate that the accuracy of our method is better than
other approaches’. We also apply our idea to solve
an Effects-based operations (EBO) military planning.
The EBO approach seeks for a campaign objective by
considering direct, indirect and cascading effects of
military, diplomatic, psychological and economic ac-
tions [6, 11]. We use an influence diagram to model an
EBO hypothetical problem.



Section 2 introduces our notation for influence dia-
grams and the problem of strategy selection. Section 3
describes the framework of credal networks and the in-
ference problem on such networks. Section 4 presents
how we solve strategy selection through a reformula-
tion of the problem as an inference in credal networks.
Section 5 presents some experiments, including the
EBO military planning problem, and finally Section
6 concludes the paper and indicates future work.

2 INFLUENCE DIAGRAMS

A Limited Memory Influence Diagram Z is composed
by a directed acyclic graph (V, E) where nodes are
partitioned in three types: chance, decision and utility
nodes. Let C, D and U be the set of chance, decision
and utility nodes, respectively, and let X = C U D.
Links of E characterize dependencies among nodes.
Explicitly, links toward a chance node indicate prob-
abilistic dependence of the node on its parents; links
toward a decision node indicate which information is
available to take such decision, and links toward utility
nodes represent that an utility for those parents is to
be considered (utility nodes may not have children).
Associated to each node, there are some parameters:

1. A chance node has an associated categorical ran-
dom variable C' with finite domain Q¢ and con-
ditional probability distributions p(C|w;(C)), for
each configuration 7;(C) of its parents =(C) in
the graph. j is used to indicate a configuration of
the parents of C, that is, m;(C) € Qr(), where
the notation Qv = xy ey Qy, for any V' C V.

2. A decision node D is associated to a finite set of
mutually exclusive alternatives {)p. Parents of D
describe the information that is available at the
moment on which decision D has to be taken.

3. An utility node U is associated to a rational func-
tion fy : Q) — Q. The value corresponding to
a parent configuration is the profit (cost is viewed
as negative profit) of such parent configuration.
Utility nodes have no children.

A simple example is depicted in Figure 1. De-
cision nodes are represented by rectangles, chance
nodes by ellipses and utility nodes by diamonds.
do_ground_attack has an associated cost, which is de-
picted by the corresponding utility node. The same is
modeled for bomb_bridge. The goal is to achieve ter-
ritory-occupation, which also has an utility (the profit
of the goal). ground_attack and bridge_condition repre-
sent the uncertain outcomes of the corresponding ac-
tions. Note that there is no known ordering on which

profit
of_goal

terrltory occupation
ground attack bridge_condition

‘do _ground attack‘ ‘ bomb bndge

cost_of cost_of
attack bombing

Figure 1: Simple Influence Diagram example.

decisions must be taken. Although decision nodes have
no parents in this example, there is no such restriction.

A policy dp for the decision node D is a function
op : Qpux(py — [0,1] defined for each alternative
of D and each configuration of m(D) such that, for
each m;(D) € Qnpy wehave ) ;o dp(d,m;(D)) = 1.
A pure policy is a policy such that its image is inte-
ger (6p : Qpur(p) — 10,1}), and thus specifies with
certainty which action (alternative of D) is taken for
each parent configuration (in a pure policy, only one
dp(d,m;(D)) for each 7;(D) will be non-zero as they
sum 1). A strategy A is a set of policies {dp : D € D},
one for each decision node of the diagram. A pure
strategy is composed only by pure policies.

The expected utility EU(A) of a strategy A is evalu-
ated through the following equation:

> <HP($C|7TJ(C)) [To0@p)> " fulms (U))> ,
C D U

XEQx

(1)
where zc, m;(C), xp and 7 (U) are respectively the
projections of x in Q¢, Qr ), Qpur(p) and Q).
This equation means that, given a strategy, its ex-
pected utility is the sum of the utility values weighted
by the probability of each diagram configuration (for
all configurations). The maximum expected utility is
obtained over all possible strategies:

MEU = max EU(A).
The problem of strategy selection is to obtain the

strategy that maximizes its expected utility, that is,
argmaxmaxa EU(A).

3 CREDAL NETWORKS

We need some concepts of credal networks before pre-
senting the reformulation to solve strategy selection.
A convex set of probability distributions is called a



credal set [4]. A credal set for X is denoted by K (X);
we assume that every random variable is categori-
cal and that every credal set has a finite number of
vertices. Given a credal set K(X) and an event A,
the upper and lower probability of A are respectively
maxy x)ek(x) P(A) and ming xyegx)p(A). A condi-
tional credal set is a set of conditional distributions,
obtained by applying Bayes rule to each distribution
in a credal set of joint distributions.

A (separately specified) credal network N = (G, X, K)
is composed by a directed acyclic graph G = (V, E)
where each node of V is associated with a random
variable X; € X and with a collection of conditional
credal sets K(X;|m(X;)) € K, where n(X;) denotes
the parents of X; in the graph. Note that we have a
conditional credal set related to X; for each configura-
tion m;(X;) € Qr(x,). A root node is associated with
a single marginal credal set. We take that in a credal
network every random variable is independent of its
non-descendants non-parents given its parents; this is
the Markov condition on the network. In this paper
we adopt the concept of strong independence': two
random variables X; and X; are strongly independent
when every extreme point of K (X;, X;) satisfies stan-
dard stochastic independence of X; and X (that is,
p(XilX;) = p(X;) and p(X;|X;) = p(X;)) [4]. Strong
independence is the most commonly adopted concept
of independence for credal sets, probably due to its
connection with standard stochastic independence.

Given a credal network, its extension is any joint credal
set that satisfies all constraints encoded in the net-
work. The strong extension K of a credal network is
the largest joint credal set such that every variable
is strongly independent of its non-descendants non-
parents given its parents. The strong extension of a
credal network is the joint credal set that contains ev-
ery possible combination of vertices for all credal sets
in the network [5]; that is, each vertex of a strong ex-
tension factorizes as follows:

p(Xa,. ., Xn) = HP(Xi|7T(Xi))~ (2)

Thus, a credal network can be viewed as a represen-
tation for a set of Bayesian networks with distinct pa-
rameters but sharing the same graph.

3.1 INFERENCE

A marginal inference in a credal network is the com-
putation of upper (or lower) probabilities in an exten-
sion of the network. If X, is a query variable, then a
marginal inference is the computation of tight bounds

"'We note that other concepts of independence are found
in the literature [3, 10].

for p(z4) for one or more categories x, of X,. For in-
ferences in strong extensions, it is known that distribu-
tions that maximize p(z,) belong to the set of vertices
of the extension [12]. So, an inference can be produced
by combinatorial optimization, as we must find a ver-
tex for each local credal set K (X;|m(X;)) so that Ex-
pression (2) leads to a maximum of p(z,). In general,
inference offers tremendous computational challenges,
and exact inference algorithms based on enumeration
of all potential vertices face serious difficulties [4].

A different way to solve the problem is to recognize
that an upper (or lower) value for p(z,) may be ob-
tained by the optimization of a multilinear polynomial
over probability values, subject to constraints. This
idea is discussed in the literature and different methods
to reformulate the inference problem were proposed
[7, 9]. Empirical results suggest that this is the most
effective way for exact inferences. In the next section,
we describe an idea based on bilinear programming
[9] to perform inferences in credal networks and show
how it can be employed to solve the strategy selection
problem of influence diagrams.

4 STRATEGY SELECTION AS A
CREDAL NET INFERENCE

Suppose we want to find the strategy A,,: that max-
imizes the expected utility in an influence diagram Z,
that is, A,y = argmax MEU. Let f and f be the
minimum and maximum utility values specified in the
diagram for all possible utility nodes and parent con-
figurations, that is,

f= min fy(m;(U)),

Uym; (U) f= max fu(r;(U)).

U,m;(U)

We create an identical influence diagram Z’ except that

the utility function f{; (for each node U) is defined as
Jo(m(U)) - f

fu(m(U)) = #

The denominator is positive because f < f (f f =

v (U)

£, then the influence diagram is trivial as all utility
values are equal). We note that this transformation is
similar to that proposed by Cooper [2]. It is not hard
to see that argmax MEU = argmax MEU’ (just take
the terms out of summations in Equation (1)), and

maxa BEUA) — [U|f
f-f '

max EU(A) =
A

This implies that strategy selection in 7 is the same as
strategy selection in Z’. Now, we translate the selec-
tion problem of Z’ to a credal network inference. Sup-
pose we define a credal network with a similar graph
as I’ such that:



e Chance nodes are directly translated as nodes of
the credal network (parents are the same as in Z').

e Utility nodes are translated to binary random
nodes. Let U be an utility node with function fy.
In the credal network, U becomes a binary node
(with the same parents as before) and categories
uw and —wu such that: p(u|7;(U)) = fu(m;(U)) and
p(-ulm;(U) = 1 — plulm; (U)) [2]

e Decision nodes are translated to probabilistic
nodes with imprecise distributions such that poli-
cies become probability distributions (in fact, ac-
cording to our definition of policy, they are al-
ready greater than zero and sum 1). Thus,
p(d|m;(D)) = dp(d,n;(D)) for all d and 7;(D).
Note that p(D|m;(D)), for each 7;(D), is a dis-
tribution with unknown probability values (this
interpretation of decision nodes as imprecise prob-
ability nodes is discussed by Antonucci and Zaf-
falon, see e.g. [1]).

Using this credal network formulation, the expected
utility of a strategy A can be written as

EU(A) = ) <HpA(x|7Tj(X))Zp(uh-j/(U)))7
X U

XEQx

where z, m;(X) and 7 (U) are projections of x into
the corresponding domains, X ranges on all nodes cor-
responding to chance and decision nodes of the influ-
ence diagram, and pa represents the distribution in-
duced by the strategy A, that is, when the strategy is
chosen, pa is a known probability distribution.

With some simple manipulations, we have:

EU(A) = > (PA (%) plulm; (U))> )
U

x€Qx

EU(A) = Y <ZP(U|7TJ"(U))PA(X)>’
x€eNx U

EUA) =" > palu,x) = pa(u),
U

U x€Qx
and then

MEU’ = max XU: pa(u) = max XU:P(U%

where p € I means that we select a distribution p in
the extension of the credal network. In fact the only
places p may vary are related to the imprecise proba-
bilities of the former decision nodes. When we select
p, we get a precise distribution that has a correspond-
ing strategy A. So, we have a credal network and
need to find a distribution p that maximizes the sum
of marginal probabilities of the U nodes.

4.1 INFERENCE AS AN OPTIMIZATION
PROBLEM

The sum of marginal inferences in the credal network
can be formulated as a multilinear programming prob-
lem. The goal is to maximize the expression

Yo=Y <p(u|77j’(U))Hp(x|7Tj(X))> ;
U X

U x€EQx ( )
3

where z, 7;,(U) and 7;(X) are the projections of x in
the corresponding domains, and where some distribu-
tions p(X|m;(X)) are precisely known and others are
imprecise. In this formulation we must deal with a
large number of multilinear terms. To avoid them, we
briefly describe the bilinear transformation procedure
proposed by de Campos and Cozman [9] to replace
the large Expression (3) by simple bilinear expressions.
We refer to [9] for additional details.

The idea is based on a precedence ordering of the net-
work variables, which is an ordering where all ances-
tors of a given variable in the network’s graph appear
before it in the ordering. The bilinear transformation
algorithm processes the network variables top-down:
at each step some constraints are generated that de-
fine the relationship between the query and the cur-
rent variable being processed. A variable may be pro-
cessed only if all its ancestors have already been pro-
cessed. The active nodes at each step form a path-
decomposition of the network’s graph.

To better explain the method, we take the exam-
ple of Figure 1. For simplicity, assume that vari-
ables are binary? (with categories b and —b) re-
named as follows: do_ground_attack is D1, bomb_bridge
is Do, cost_of-attack is Uy, cost_of-bombing is Us,
ground_attack is Cq, bridge_condition is Cs, terri-
tory_occupation is C'3, and finally profit_of-goal is Us.

After the translation of the utility functions into prob-
ability distributions and the replacement of decision
nodes by nodes with imprecise probabilities (as previ-
ously described), we have a credal network and need to
maximize the sum of the marginal probabilities of the
U nodes. In fact this is an extension of the standard
query in a credal network, because we have a summa-
tion instead of a single probability to maximize. So
the objective function is max p(ui) + p(usz) + p(us)
(there are three utility nodes in the example) sub-
ject to constraints that define each marginal proba-
bility p(u1), p(uz) and p(us). To create these con-
straints, we run a symbolic inference based on the
precedence ordering for each of the marginal proba-
bilities. The constraints for p(u;) and p(ug) are very

2The method works on non-binary variables as well.
The assumption is made here for ease of expose.



simple: p(u1) = p(u1|di)p(di) + p(u1][~di)p(=di) and
p(uz) = p(uz|dz)p(dz)+p(uz|-~dz)p(—dz), because they
only depend on one other variable. Note that p(dy),
p(—di), p(ds), and p(—ds) that appear in these con-
straints are unknown and thus become optimization
variables in the bilinear problem.

To write the constraints for p(us), we need to choose
a precedence ordering. We will use the ordering
Dy, Cs, Dy,C1,Cs,Us (variables Uy and Us do not ap-
pear in the order as they are not relevant to evaluate
the marginal p(usz)). Hence, the first variable to be
processed is Dy. We write a constraint that relates
the query wus and probabilities p(D2) (which are de-
fined in the network specification):

p(uz) = Z

de{dz,~d2}

p(d) - p(us|d).

Dy now appears in the conditional part of p(us|d),
which may be viewed as an artificial term in the opti-
mization, as it does not appear in the network. Be-
cause of that, we must create constraints to define
p(us|d) in terms of network parameters (for all cat-
egories d € Ds). According to our chosen ordering,
the current variable to be processed is C5. Thus,

pluslds) = )

cef{ca,mca}

plus|=ds) = Y

ce{ca,ca}

p(cldz) - p(uslc),
p(c|=dz) - p(us|c).

Note that p(us|c) = p(ug|e,d) (for any d), so we use
the simpler. At this stage, our query is conditioned on
Cs. Following the same idea, we process D1, obtaining

p(uslez) = Z
de{d1,~d1}

plusl=cs) = > pld) - plus|=es, d).
de{dy,~d}

p(d) ! p(U3|CQ, d)v

Now the current variable to be treated is C7, and our
query is conditioned on Cy, Dy, that is, we must de-
fine how to evaluate p(us|C2, D1) for all configurations.
Thus, for all ¢ € {c2,~c2} and d € {dy,—d; }:

plusle.d) = Y

c'e{c1,mc1}

p(c|c,d) - p(us|e, ).

At this moment, ug is conditioned on C7,Cy in the
artificial term p(us|c, ) (D; is not present in the ar-
tificial term as Cy, Cy separate us from D;). Now we
process Cs: for all ¢ € {¢1,—¢1} and ¢ € {¢a, —ea}

plusle.)= Y

c"”€{e3,nes}

p(c”|e, ) - p(us|c”).

Note that, as p(us|c”) is specified in the network, we
can stop. All artificial terms are related (through con-
straints) to parameters of the network. Besides all
these constraints, we also include simplex constraints
to ensure that probabilities sum 1.

Hence, we have a collection of linear and bilinear con-
straints on which non-linear programming can be em-
ployed [7]. It is also possible to use linear integer pro-
gramming [9]. The steps to achieve a linear integer
programming formulation are simple, because the only
non-linear terms of the problem have the format b - ¢,
where b € {0,1} and ¢ € [0, 1]. b is an unknown proba-
bility value of the credal network (which is zero or one
because the solution we look for lies on extreme points
of credal sets [12]) and ¢ is a constant or an artificial
term created in the procedure just described. To lin-
earize the problem, b -t is replaced by an additional
artificial optimization variable y and the following con-
straints are inserted: 0 <y <bandt—-14+b<y <t
After replacing all non-linear terms using this idea, the
problem becomes a linear integer programming prob-
lem, where a solution is also a solution for the strategy
selection in the initial influence diagram.

We emphasize that, as we are translating the strat-
egy selection problem into a credal network inference,
it is straightforward to use imprecise probabilities in
the chance nodes of the influence diagram. Intervals
or sets of probabilities may be used. The translation
works in the same way, but the generated problem will
have more imprecise probabilities to optimize.

The following theorem shows that, when reformulat-
ing the strategy selection problem as a modified credal
network inference, we are not making use of “more ef-
fort” than necessary, that is, strategy selection has the
same complexity as inference in credal networks.

Theorem 1 Let T be a LIMID and k a rational. De-
ciding whether there is a strategy A such that MEU
is greater than k is NP-Complete when T has bounded
induced width,® and NPPP-Complete in general.

Proof sketch: Pertinence for the bounded induced
width case is achieved because (given a strategy) we
can compute MEU and verify if it is greater than k
in polynomial time (using the reformulation and the
sum of marginal queries, each marginal query takes
polynomial time in a bounded induced width Bayesian
network); in the general case, we can perform this ver-
ification using a PP oracle. Hardness for the bounded
induced width case is obtained with the same reduc-

3The maximum clique and the maximum degree in the
moral graph are bounded by a logarithmic function in the
size of the input needed to specify the problem, which for
instance includes polytrees.



tion as in [8] from the MAXSAT problem (replacing
the credal nodes with decision nodes and introducing
a single utility node). In the general case, the same re-
duction as in [17] from E-MAJSAT can be used (MAP
nodes are replaced by decision nodes). O

5 EXPERIMENTS

We conduct two experiments with the procedure.
First, we use random generated influence diagrams
to compare the solutions obtained by our procedure
(which we call CR for credal reformulation) against the
Single Policy Updating (SPU) of Lauritzen and Nils-
son [15]. Later we work with a practical EBO military
planning problem and compare the method against the
factorization of Zhang and Ji [22].4

Concerning random influence diagrams, we have gen-
erated a data set based on the total number of nodes
and the number of decision nodes. The configurations
chosen are presented in the first two columns of Table
1. We have from 10 to 120 nodes, where 3 to 35 are
decision nodes. The number of utility nodes is cho-
sen equal to the number of decision nodes. Each line
in Table 1 contains the average result for 30 random
generated diagrams within that configuration. The
third column of the table shows the approximate aver-
age number of distinct strategies in the diagrams that
would need to be evaluated by a brute force method.

The three columns of the CR method show the time
spent to solve the problem, the number of nodes evalu-
ated in the branch-and-bound tree of the optimization
procedure (which is significantly smaller than the total
number of strategies in brute force) and the maximum
error of the solution (all numbers are averages). Af-
ter the reformulation, the CPLEX solver [16] is used,
which includes a heuristic search before starting the
branch-and-bound procedure. The evaluations of this
heuristic search are not counted in the fifth column of
Table 1. Note that the first five rows are separated
from the last three because they strongly differ on the
size of the search space (exact solutions were found
only for the former). The maximum error of each so-
lution is obtained straightforward from the relaxation
of the linear integer problem. The last two columns
of Table 1 show the time and maximum error of the
SPU approximate procedure. Although very fast, the
SPU procedure has worse accuracy than the “approxi-
mate” CR (solution was approximate in last three rows
because we have imposed a time-limit of ten minutes
for each run). Furthermore, SPU does not provide an
upper bound for the best possible expected utility, as
obtained by CR. Still, a possible improvement is to use

4The factorization idea only works on simultaneous in-
fluence diagrams, so it was not used in the other test cases.

SPU to provide an initial guess to the optimization.

5.1 EBO MILITARY PLANNING

In this section we describe the performance of our
method in an hypothetical Effects-based Operations
planning problem [11]. An influence diagram similar
to the model described by Zhang and Ji [22] is
employed. Its graph is shown in Figure 2. The goal is
to win a war, which is represented by the Hypothesis
node (on top of Figure 2). Just below there are the
subgoals Air_superiority, Territory_occupation, and
Commander_surrender, which are directly related
to the main goal. There are eleven decision nodes
(represented by rectangles): destroy-C2 (C2 stands
for Command and Control), destroy_Radars, de-
stroy-Communications, launch_air_strike, destroy_RD,
destroy_storage,  destroy_assembly, launch_ground-
attack, launch_broadcasting, capture_bodyguard,
use_special_force. Just above decision nodes, we have
chance nodes representing the outcomes of performing
such actions (they indicate the workability of such
systems), and below we have utility nodes (diamond-
shaped nodes) describing the cost of each action.
Furthermore, we have six chance nodes (in the center
of the figure) indicating general workability of JADS
(Integrated Air Defense System), Air_force, Artillery,
Ground_force, Morale and Commander_in_custody
with respect to enemy forces. The overall profit of
winning is given by the node Uy, child of Hypothesis.

As this is an hypothetical example, we define utility
functions and probability distributions as follows:

e Probability of Hypothesis is one given that all
subgoals are achieved. If one of subgoals is not
achieved, then the probability of Hypothesis is
60%; if two of them are not achieved, then the
probability of success is 30%; if none of subgoals
is achieved, then we certainly fail in the campaign.

e For the subgoals Air_superiority, Terri-
tory_occupation, and  Commander_surrender,
we define that the subgoal is accomplished
with probability one when both children were
achieved, 50% when only one child is achieved,
and zero when none is achieved.

e For the probabilities of IADS, Air_force, Ar-
tillery, Ground_force, Morale and Comman-
der_in_custody, we define a decrease of 50% for
each unaccomplished child (with a minimum of
zero, of course). Any node has probability zero if
two or more of its children are not achieved.

e The outcomes of actions (chance nodes above de-
cision nodes) have 90% of success. For exam-



Nodes Approx.# of CR SPU
Total | Decision | Strategies | Time(sec) | Evals (B&B) | Max.Error(%) | Time(sec) | Max.Error(%)
10 3 217 0.66 b) 0.000 0.10 0.740
20 6 234 1.73 125 0.000 0.39 2.788
50 10 251 30.42 4048 0.000 1.62 2.837
60 15 252 29.77 2937 0.000 2.99 1.964
70 20 254 125.06 7132 0.000 5.52 3.448
120 25 2102 254.80 15626 0.544 11.58 2.193
120 30 2116 403.13 5617 4.639 13.79 7.281
120 35 2120 578.99 9307 5.983 16.87 11.584

Table 1: Average results on 30 random influence diagrams of different sizes for the CR and SPU methods.

ple, destroy_Radars will have EW/GCI_radars de-
stroyed with 90% of odds (EW/GCI means Early
Warning/Ground Control Interception).

e The reward of achieving the main goal is 1000,
while not achieving it costs 500.

e Costs of actions are as follows: ground_attack is
150, use_special_force is 100, capture_bodyguard is
80, air_strike is 50, and other actions cost 20 each.

For this problem, the best strategy found by SPU
has expected utility of —55.2825, and suggests to
take all action except destroy_RD, destroy_storage, de-
stroy_assembly and launch_ground_attack. The global
optimum strategy is found in less than 5 seconds with
our method and has expected utility equal to 156.4051
(all actions are taken). This is much faster than the
solution reported by [22] (around 45 seconds).

6 CONCLUSION

We discuss in this paper a new idea for strategy selec-
tion in Influence Diagrams. We work with the Limited
Memory Influence Diagram, as it generalizes many of
the influence diagram proposals. The main contribu-
tion is the reformulation of the problem as a credal
network inference, which makes possible to find the
global maximum strategy for small- and medium-sized
influence diagrams. Experiments indicate that many
instances can be treated exactly. As far as we know,
no deep investigation of exact procedures for this class
of diagrams has been conducted.

Because of the characteristics of our procedure, an
anytime approximate solution with a maximum guar-
anteed error is available during computations. It is
clear that large diagrams must be treated approxi-
mately. Nevertheless, in the conducted experiments,
our method produced results that surpass existing al-
gorithms. Although spending more time, many sit-
uations require a solution to be as good as possible,

while time is a secondary issue. The ability of our ap-
proach to provide an upper bound for the result is also
valuable, which is not available with the SPU method.

We also discuss the theoretical complexity of the prob-
lem, which is derived from the known properties of
MAP problems in Bayesian networks and belief up-
dating inferences in credal networks. The complex-
ity results show that the proposed idea is not making
use of a harder problem to solve a simpler one, as
the complexity of strategy selection is the same as the
complexity of inferences in credal networks.

Because strategy selection in influence diagrams and
inferences in credal networks are related, improve-
ments on algorithms of credal networks can be directly
applied to influence diagram problems. The applica-
tion of other approximate techniques based on credal
networks seems a natural path for investigation. We
also intend to explore other optimization criteria for
influence diagrams with imprecise probabilities, be-
sides expected utility. Proposals in the theory of im-
precise probabilities might be applied to this setting.
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Abstract

This paper addresses exact learning of
Bayesian network structure from data and
expert’s knowledge based on score functions
that are decomposable. First, it describes
useful properties that strongly reduce the
time and memory costs of many known meth-
ods such as hill-climbing, dynamic program-
ming and sampling variable orderings. Sec-
ondly, a branch and bound algorithm is pre-
sented that integrates parameter and struc-
tural constraints with data in a way to guar-
antee global optimality with respect to the
score function. It is an any-time procedure
because, if stopped, it provides the best cur-
rent solution and an estimation about how
far it is from the global solution. We show
empirically the advantages of the properties
and the constraints, and the applicability of
the algorithm to large data sets (up to one
hundred variables) that cannot be handled
by other current methods (limited to around
30 variables).

1. Introduction

A Bayesian network (BN) is a probabilistic graphical
model that relies on a structured dependency among
random variables to represent a joint probability dis-
tribution in a compact and efficient manner. It is
composed by a directed acyclic graph (DAG) where
nodes are associated to random variables and condi-
tional probability distributions are defined for vari-
ables given their parents in the graph. Learning the
graph (or structure) of a BN from data is one of the

Appearing in Proceedings of the 26" International Confer-
ence on Machine Learning, Montreal, Canada, 2009. Copy-
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most challenging problems in such models. Best exact
known methods take exponential time on the num-
ber of variables and are applicable to small settings
(around 30 variables). Approximate procedures can
handle larger networks, but usually they get stuck in
local maxima. Nevertheless, the quality of the struc-
ture plays a crucial role in the accuracy of the model.
If the dependency among variables is not properly
learned, the estimated distribution may be far from
the correct one. In general terms, the problem is to
find the best structure (DAG) according to some score
function that depends on the data (Heckerman et al.,
1995). There are other approaches to learn a struc-
ture that are not based on scoring (for example taking
some statistical similarity among variables), but we
do not discuss them in this paper. The research on
this topic is active, e.g. (Chickering, 2002; Teyssier &
Koller, 2005; Tsamardinos et al., 2006). Best exact
ideas (where it is guaranteed to find the global best
scoring structure) are based on dynamic programming
(Koivisto et al., 2004; Singh & Moore, 2005; Koivisto,
2006; Silander & Myllymaki, 2006), and they spend
time and memory proportional to n - 2", where n is
the number of variables. Such complexity forbids the
use of those methods to a couple of tens of variables,
mostly because of memory consumption.

In the first part of this paper, we present some proper-
ties of the problem that bring a considerable improve-
ment on many known methods. We perform the anal-
ysis over some well known criteria: Akaike Informa-
tion Criterion (AIC), and the Minimum Description
Length (MDL), which is equivalent to the Bayesian In-
formation Criterion (BIC). However, results extrapo-
late to the Bayesian Dirichlet (BD) scoring (Cooper &
Herskovits, 1992) and some derivations under a few as-
sumptions. We show that the search space of possible
structures can be reduced drastically without losing
the global optimality guarantee and that the memory
requirements are very small in many practical cases
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(we show empirically that only a few thousand scores
are stored for a problem with 50 variables and one
thousand instances).

As data sets with many variables cannot be efficiently
handled (unless P=NP, as the problem is known to be
NP-hard (Chickering et al., 2003)), a desired property
of a method is to produce an any-time solution, that
is, the procedure, if stopped at any moment, provides
an approximate solution, while if run until it finishes, a
global optimum solution is found. However, the most
efficient exact methods are not any-time. We propose
a new any-time exact algorithm using a branch-and-
bound (B&B) approach with caches. Scores are com-
puted during the initialization and a poll is built. Then
we perform the search over the possible graphs iter-
ating over arcs. Although iterating over orderings is
probably faster, iterating over arcs allows us to work
with constraints in a straightforward way. Because of
the B&B properties, the algorithm can be stopped at
any-time with a best current solution found so far and
an upper bound to the global optimum, which gives a
kind of certificate to the answer and allows the user
to stop the computation when she believes that the
current solution is good enough. (Suzuki, 1996) has
proposed a B&B method, but it is not a global exact
algorithm, instead the search is conducted after a node
ordering is fixed. Our method does not rely on a pre-
defined ordering and finds a global optimum structure
considering all possible orderings.

2. Bayesian networks

A BN represents a single joint probability density over
a collection of random variables. It can be defined
as a triple (G, X,P), where G = (Vg, Eg) is a DAG
with Vg a collection of n nodes associated to random
variables X' (a node per variable), and Fg a collec-
tion of arcs; P is a collection of conditional proba-
bility densities p(X;|PA;) where PA; denotes the par-
ents of X; in the graph (PA; may be empty), respect-
ing the relations of Eg. We assume throughout that
variables are categorical. In a BN every variable is
conditionally independent of its non-descendants given
its parents (Markov condition). This structure in-
duces a joint probability distribution by the expression
p(X1,...,Xy) =[], p(X;i| PA;). Before proceeding, we
define some notations. Let r; > 2 be the number of
discrete categories of X;, ¢; the number of elements
in Qp4, (the number of configurations of the parent
set, that is, ¢i = [[x,cpa, 7t) and 0 be the entire
vector of parameters such as 6;; = p(z¥|pal), where
ie{l,...,n}, j € {l,...,q;}, k € {1,...,75} (hence
zF € Qx, and pal € Qpa,).

Given a complete data set D = {Ds,..., Dy} of with
N instances, with D; = {z¥,,... 25"} a instance of
all variables, the goal of structure learning is to find
a G that maximizes a score function such as MDL or
AIC.

mgast(Q) = meax(LD(Q) —t-W),

where 6 represents all parameters of the model (and
thus depends on the graph G), t = Y (¢;- (1, —1)) is
the number of free parameters, W is criterion-specific
(W = 2% in MDL and W = 1 in AIC), and Lp is
the log-likelihood function:

no qi Ty

Lp©) =log [T TT IT 650" (1)

i=1j=1k=1

where n;;;, indicates how many elements of D con-
tain both ¥ and pal. This function can be writ-
ten as Lp(0) = >, Lp,(6;), where Lp;(0;) =

;I.":l S ohs nijilog ;5. From now on, the subscript
D is omitted for simplicity.

An important property of such criteria is that they
are decomposable, that is, they can be applied to each
node X; separately: maxg s(G) = maxg y_.; s;(PA;),
maxg, L;(6;) (0; is the parameter vector related to X,
so it depends on the choice of PA;), and t;(PA;) =
qi - (r;—1). Because of this property and to avoid com-
puting such functions several times, we create a cache
that contains s;(PA;) for each X; and each parent set
PA;. Note that this cache may have an exponential size
on n, as there are 2" =1 subsets of {X71,..., X, }\ {X;}
to be considered as parent sets. This gives a total
space and time of O(n - 2™) to build the cache. In-
stead, the following results show that this number is
much smaller in many practical cases.

Lemma 1 Let X; be a node of G', a DAG for a BN
where PA; = J'. Suppose J C J' is such that s;(J) >
si(J"). Then J' is not the parent set of X; in the
optimal DAG.

Proof. Take a graph G that differs from G’ only
on PA; = J, which is also a DAG (as the removal
of some arcs does not create cycles) and s(G) =
5 s 83 (PA)+8i(0) > X, 55(PA) 5 (J") = 5(G).
Hence any DAG G’ such that PA; = J’ has a subgraph
G with a better score than G’, and thus J’ is not the
optimal parent configuration for X;. [J

Lemma 1 is quite simple but very useful to discard
elements from the cache of X;. However, it does not
tell anything about supersets of J', that is, we still
need to compute all the possible parent configurations
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and later verify which of them can be removed. Next
theorems handle this issue.

Theorem 1 Using MDL or AIC as score function
and assuming N > 4, take G and G' DAGs such that G
is a subgraph of G'. If G is such that [[;cpa, 75 = N,
for some X;, and X; has a proper superset of parents
in G" w.r.t. G, then G’ is not an optimal structure.

Proof.! Take a DAG G such that J = PA; for a node
X;, and take G’ equal to G except that it contains
an extra node in J"% = PA;, that is, in G’ we have
Jmew = JU{X.}. Note that the difference in the scores
of the two graphs are restricted to s;(-). In the graph
G’, L;(J™") will certainly not decrease and t;(J"")
will increase, both with respect to the values for G.
The difference in the scores will be s;(J™") — s;(J),
which equals to

Li(J™) = (") = (Li(J) = t:(J)) <
qi T
— Zznijk log Hijk - ti(Jnew) + tZ(J) <
j=11i=1
qi Ti Nik Niik
N Pagk g gk ) gnew .
an ( Z ni; log s ) t(J") + () <
j=1 i=1

q;
> niH(03) — t(J") + () <
j=1

qi
Znijlogri —q-(re=1)-(r;=1)-W
j=1

The first step uses the fact that L;(J™") is negative,
the second step uses that fact that éijk = Z”Jk, with
Nij = > iy Nijk, is the value that maximizes L;(-),
and the last step uses the fact that the entropy of a
discrete distribution is less than the log of its number
of categories. Finally, G is a better graph than G’
if the last equation is negative, which happens if ¢; -
(re—1)-(ri = 1)-W > Nlogr;. Because r; > 2 =
r; — 1 > logr;, andN24:>y21 (the W of the
MDL case), we have that ¢; = HjeJ r; > N ensures
that s;(J"") < s;(J), which implies that the graph
G’ cannot be optimal. [J

Corollary 1 In the optimal structure G, each node
has at most O(log N) parents.

Proof. It follows directly from Theorem 1 and the
fact that r; > 2, for all X;. O

Theorem 1 and Corollary 1 ensures that the cache
stores at most O( (1Zg711v)) elements for each variable
! Another similar proof appears in (Bouckaert, 1994),
but it leads directly to the conclusion of Corollary 1. The
intermediate result is algorithmically important.

(all combinations up to log N parents). Although it
does not help us to improve the theoretical size bound,
Lemma 2 gives us even less elements.

Lemma 2 Let X; be a node with J C J' two possible
parent sets such that t;(J') + s;(J) > 0. Then J' and
all supersets J" D J' are not optimal parent configu-
rations for X;.

Proof. Because L;(-) is a negative function, ¢;(J') +
si(J) > 0= —t;(J) —s;(J) < 0= (Li(J") —t;(J")) —
si(J) < 0 = s;(J') < s;(J). Using Lemma 1, we
have that .J’ is not the optimal parent set for X;. The
result also follows for any J” D .J, as we know that
t;(J") > t;(J"). O

Thus, the idea is to check the validity of Lemma 2 ev-
ery time the score of a parent set J' of X; is about
to be computed, discarding .JJ' and all supersets when-
ever possible. This result allows us to stop computing
scores for J" and all its supersets. Lemma 1 is stronger,
but regards a comparison between exactly two parent
configuration. Nevertheless, Lemma 1 can be applied
to the final cache to remove all certainly useless parent
configurations. As we see in Section 5, the practical
size of the cache after these properties is small even
for large networks. Lemma 1 is also valid for other de-
composable functions, including BD and derivations
(e.g. BDe, BDeu), so the benefits shall apply to those
scores too, and the memory requirements will be re-
duced. The other theorems need assumptions about
the initial NV and the choice of priors. Further discus-
sion is left for future work because of lack of space.

3. Constraints

An additional way to reduce the space of possible
DAGsS is to consider some constraints provided by ex-
perts. We work with two main types of constraints:
constraints on parameters that define rules about the
probability values inside the local distributions of the
network, and structural constraints that specify where
arcs may or may not be included.

3.1. Parameter Constraints

We work with a general definition of parameter con-
straint, where any convex constraint is allowed. If
0;.pa, is the parameter vector of the node X; with
parent set PA;, then a convex constraint is defined as
h(0i,pa,) <0, where h: g, ,, — R is a convex func-
tion over 6; pa,. This definition includes many well
known constraints, for example from Qualitative Prob-
abilistic Networks (QPN) (Wellman, 1990): qualitative
influences define some knowledge about the state of
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a variable given the state of another, which roughly
means that observing a greater state for a parent X, of
a variable X; makes more likely to have greater states
in Xy (for any parent configuration except for X,). For
example, Oyj,2 > Op;,2, where jj, = {2%, pa;*} and j, is
an index ranging over all parent configurations except
for X,. In this case, observing 22 makes more likely to
have x% A negative influence is obtained by replacing
the inequality operator > by <, and a zero influence is
obtained by changing inequality to an equality. Other
constraints such as synergies (Wellman, 1990) are also
linear and local to a single node.

Although we allow the parameter constraints that are
general, we have the following restriction about them:
if a constraint is specified for a node X; and a set
of parents J, then the actual parent set PA; has to
be a superset of J. Furthermore, we have a pecu-
liar interpretation for each constraint C as follows: if
J C PA, (proper subset), then the parameter con-
straint must hold for all configurations of the parents
of X; that do not belong to J. For example, sup-
pose X; has X and X3 as parents (all of them bi-
nary), and the following constraint h was defined on
X1: p(a?|2da3) + 2 p(z?|z32l) < 1. If a new node X,
is included as parent of X7, the constraint A becomes
the two following constraints:
plai|adaiey) + 2 p(alrdagey) < 1,
plaila3aiad) + 2 p(aflrdezal) < 1,

that is, h holds for each state of X;. For example
if another parent X5 is included, then four constraints
would be enforced with all possible combinations. This
interpretation for constraints is in line with the defi-
nition of qualitative constraints of QPNs, and most
importantly, it allows us to treat the constraints in a
principled way for each set of parents. It means that
the constraint must hold for all configurations of par-
ents not involved in the constraint, which can be also
interpreted as other parents are not relevant and the
constraint is valid for each one of their configurations.

3.2. Structural constraints

Besides probabilistic constraints, we work with struc-
tural constraints on the possible graphs. These con-
straints help to reduce the search space and are avail-
able in many situations. We work with the following
rules:

o indegree(X,, k,op), where op € {lt,eq} and k an
integer, means that the node X; must have less
than (when op = 1t) or equal to (when op = eq) k
parents.

e arc(X;, X;) indicates that the node X; must be a
parent of Xj.

e Operators or (V) and not (=) are used to form the
rules. The and operator is not explicitly used as
we assume that each constraint is in disjunctive
normal form.

For example, the constraints V.. j-c ﬁarc(Xi,Xj)
and indegree(X,,0,eq) impose that only arcs from
node X. to the others are possible, and that X, is
a root node, that is, a Naive Bayes structure will be
learned. The procedure will also act as a feature se-
lection procedure by letting some variables unlinked.
Note that the symbol V just employed is not part of
the language but is used for easy of expose (in fact
it is necessary to write down every constraint defined
by such construction). As another example, the con-
straints V.. indegree(X;,3,1t), indegree(X.,0,eq),
and V.. indegree(X;,0,eq) Varc(X., X;) ensure that
all nodes have X. as parent, or no parent at all. Be-
sides X, each node may have at most one other par-
ent, and X, is a root node. This learns the structure
of a Tree-augmented Naive (TAN) classifier, also per-
forming a kind of feature selection (some variables may
end up unlinked). In fact, it learns a forest of trees, as
we have not imposed that all variables must be linked.

3.3. Dealing with constraints

All constraints in previous examples can be imposed
during the construction of the cache, because they in-
volve just a single node each. In essence, parent sets
of a node X; that do violate some constraint are not
stored in the cache, and this can be checked during the
cache construction. On the other hand, constraints
such as arce(Xy, X3) V arc(Xa, X3) cannot be imposed
in that stage, as they impose a non-local condition (the
arcs go to distinct variables, namely Xo and X3), be-
cause the cache construction is essentially a local pro-
cedure with respect to each variable. Such constraints
that involve distinct nodes can be verified during the
B&B phase, so they are addressed later.

Regarding parameter constraints, we compute the
scores using a constrained optimization problem, i.e.
maximize the score function subject to simplex equal-
ity constraints and all parameter constraints defined
by the user.

subject to Gij (9”) = O, (2)

hi-(0;) <0,
where g;;(0;;) = =1+, 0ij imposes that distribu-
tions defined for each variable given a parent configura-

vj:l...qi

vz:l...mhi
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tion sum one over all variable states, and the my; con-
vex constraints h;, define the space of feasible param-
eters for the node X;. This is possible because: (1) we
have assumed that a constraint over p(x¥ |xf11, e ,wf:)
forces Xi,,...,X;, € PA,;, that is, when a parame-
ter constraint is imposed, the parent set of the node
must contain at least the variables involved in the con-
straint; (2) the optimization is computed for every pos-
sible parent set, that is, PA; is known in the moment to
write down the optimization problem, which is solved
for each X; and each set PA;. We use the optimization
package of (Birgin et al., 2000).

Theorem 2 Using MDL or AIC as score function
and assuming N > 4, take G and G' as DAGs such
that G is a subgraph of G'. Suppose that both G and G’
respect the same set of parameter and structural con-
straints. If G is such that HjePAi r; > N, for some
X, and X; has a proper superset of parents in G' w.r.t.
G, then G’ is not an optimal structure.

Proof. Just note that all derivations in Theorem 1
are also valid in the case of constraints. The only dif-
ference that deserves a comment is éijk = 7;;—’]’“7 which
may be an unfeasible point for the optimization (2),
because the latter contains parameter constraints that
might reduce the parameter space (besides the normal
constraints of the maximum log-likelihood problem).
As éijk; is just used as an upper value for the log-
likelihood function, and the constrained version can
just obtain smaller objective values than the uncon-
strained version, 7;;—”“ is an upper bound also for the
constrained case. Thus, the derivation of Theorem 1
is valid even with constraints. O

Corollary 1 and Lemmas 1 and 2 are also valid in this
setting. The proof of Corollary 1 is straightforward, as
it only depends on Theorem 1, while for Lemmas 1 and
2 we need just to ensure that all the parent configura-
tions that are discussed there respect the constraints.

4. Constrained B&B algorithm

In this section we describe the B&B algorithm used
to find the best structure of the BN and comment on
its complexity, correctness, and some extensions and
particular cases. The notation (and initialization of
the algorithm) is as follows: C': (X;, PA;) — R is the
cache with the scores for all the variables and their
possible parent configurations (using Theorem 1 and
Lemmas 1 and 2 to have a reduced size); G is the
graph created taking the best parent configuration for
each node without checking for acyclicity (so it is not
necessarily a DAG), and s is the score of G; H is an
initially empty matrix containing, for each possible arc

between nodes, a mark stating that the arc must be
present, or is prohibited, or is free (may be present or
not); @ is a priority queue of triples (G, H, s), ordered
by s (initially it contains a single triple with G, H and
s just mentioned; and finally (Gpest, Spest) is the best
DAG and score found so far (spes¢ is initialized with
—00). The main loop is as follows:

While @ is not empty, do

1. Remove the peek (Geyr, Heurs Scur) of Q. If 5 <
Spest (worst than an already known solution), then
start the loop again. If G.,, is a DAG and satis-
fies all structural constraints, update (Gpest, Sbest)
with (Gewr, Scur) and start the loop again.

2. Take v = (X4, — Xop, — ... = X
a1 = aq41, is a directed cycle of Ggyr.

), with

ag+1

3. Fory=1,...,q, do

e Mark on Hcy, that the arc X,, — X,,, is
prohibited.

e Recompute (G, s) from (Geyr, Seur) such that
the parents of X, ,, in G comply with
this restriction and with H.y,.. Further-
more, the subgraph of G formed by arcs
that are demanded by H,, (those that have
a mark must exist) must comply with the
structural constraints (it might be impossi-
ble to get such graph. In such case, go
to the last bullet). Use the values in the
cache C(X PA,,.,) to avoid recomput-
ing scores.

e Include the triple (G, Heur, s) into Q.

e Mark on Heyr that the arc X, — Xq, .,
must be present and that the sibling arc
X — X, is prohibited, and continue.

Ay+17

Ay+1

The algorithm uses a B&B search where each case to
be solved is a relaxation of a DAG, that is, they may
contain cycles. At each step, a graph is picked up from
a priority queue, and it is verified if it is a DAG. In such
case, it is a feasible structure for the network and we
compare its score against the best score so far (which
is updated if needed). Otherwise, there must be a
directed cycle in the graph, which is then broken into
subcases by forcing some arcs to be absent/present.
Each subcase is put in the queue to be processed. The
procedure stops when the queue is empty. Note that
every time we break a cycle, the subcases that are
created are independent, that is, the sets of graphs
that respect H for each subcase are disjoint. We obtain
this fact by properly breaking the cycles: when v =
(Xay =& Xoy — ... — Xaqﬂ) is detected, we create g
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subcases such that the first does not contain X,, —
Xa, (but may contain the other arcs of that cycle),
the second case certainly contains X,, — X,,, but
X, — X, is prohibited (so they are disjoint because
of the difference in the presence of the first arc), and so
on such that the y-th case certainly contains Xay/ —
Xa,,,, for all Yy’ < y and prohibits X, — X, .
This idea ensures that we never process the same graph
twice. So the algorithm runs at most [, |C'(X;)] steps,
where |C(X;)] is the size of the cache for X;.

B&B can be stopped at any time and the current best
solution as well as an upper bound for the global best
score are available. This stopping criterion might be
based on the number of steps, time and/or memory
consumption. Moreover, the algorithm can be easily
parallelized. We can split the content of the priority
queue into many different tasks. No shared memory
needs to exist among tasks if each one has its own ver-
sion of the cache. The only data structure that needs
consideration is the queue, which from time to time
must be balanced between tasks. With a message-
passing idea that avoids using process locks, the gain
of parallelization is linear in the number of tasks. As
far as we know, best known exact methods are not
easily parallelized, they do not deal with constraints,
and they do not provide lower and upper estimates of
the best structure if stopped early. If run until it ends,
the proposed method gives a global optimum solution
for the structure learning problem.

Some particular cases of the algorithm are worth men-
tioning. If we fix an ordering for the variables such
that all the arcs must link a node towards another
non-precedent in the ordering (this is a common idea in
many approximate methods), the proposed algorithm
does not perform any branch, as the ordering implies
acyclicity, and so the initial solution is already the
best. The performance would be proportional to the
time to create the cache. On the other hand, bounding
the maximum number of parents of a node is relevant
only for hardest inputs, as it would imply a bound on
the cache size, which is already empirically small.

5. Experiments

We perform experiments to show the benefits of the
reduced cache and search space and the gains of con-
straints.? First, we use data sets available at the UCI
repository (Asuncion & Newman, 2007). Lines with
missing data are removed and continuous variables are
discretized over the mean into binary variables. The

2The software is available online through the web ad-
dress hitp://www.ecse.rpi.edu/~ curl/structlearning. html

data sets are: adult (15 variables and 30162 instances),
car (7 variables and 1728 instances) letter (17 variables
and 20000 instances), lung (57 variables and 27 in-
stances), mushroom (23 variables and 1868 instances),
nursery (9 variables and 12960 instances), Wisconsin
Diagnostic Breast Cancer or wdbc (31 variables and
569 instances), zoo (17 variables and 101 instances).
No constraints are employed in this phase as we intend
to show the benefits of the properties earlier discussed.

Table 1 presents the cache construction results, ap-
plying Theorem 1 and Lemmas 1 and 2. Its columns
show the data set name, the number of steps the proce-
dure spends to build the cache (a step equals to a call
to the score function for a single variable and a par-
ent configuration), the time in seconds, the size of the
generated cache (number of scores stored, the mem-
ory consumption is actually O(n) times that number),
and finally the size of the cache if all scores were com-
puted. Note that the reduction is huge. Although in
the next we are going to discuss three distinct algo-
rithms, the benefits of the application of these results
imply in performance gain for other algorithms in the
literature to learn BN structures. It is also possible
to analyze the search space reduction implied by these
results by looking columns 2 and 3 of Table 2.

Table 1. Cache sizes (number of stored scores) and time (in
seconds) to build them for many networks and data sizes.
Steps represent the number of local (single node given a
parent set) score evaluations.

name steps time(s) size n2"
adult 30058 182.09 672 2170
car 335 0.09 24 288
letter 534230  2321.46 41562 220!
lung 43592 1.33 3753 2618
mushroom | 140694 72.13 8217 2265
nursery 1905 3.94 49 22
wdbc 1692158  351.04 7482  2%°

700 9118 0.31 1875 2201

In Table 2, we show results of three distinct algorithms:
the B&B described in Section 4, the dynamic program-
ming (DP) idea of (Silander & Myllymaki, 2006), and
an algorithm that picks variable orderings randomly
and then find the best structure such that all arcs link
a node towards another that is not precedent in the or-
dering. This last algorithm (named OS) is similar to
K2 algorithm with random orderings, but it is always
better because a global optimum is found for each or-
dering.® The scores obtained by each algorithm (in

percentage against the value obtained by B&B) and

3We have run a hill-climbing approach (which is also
benefited by ideas presented in this paper), but its accuracy
was worse than OS. We omit it because of lack of space.
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Table 2. Comparison of MDL scores among B&B, dynamic programming (DP), and ordering sampling (one thousand
times). Fail means that it could not solve the problem within 10 million steps. DP and OS scores are in percentage w.r.t.
the score of B&B (positive percentage means worse than B&B and negative percentage means better).

search  reduced B&B DP OS
network space space score gap  time(s) | score time(s) | score time(s)
adult 2710 27 -286902.8  5.5% 150.3 | 0.0% 0.77 | 0.1% 0.17
car 212 210 -13100.5  0.0% 0.01 0.0% 0.01 0.0% 0.01
letter 2272 Q188 -173716.2  8.1% 574.1 | -0.6% 22.8 1.0% 0.75
lung 23192 2330 -1146.9 2.5% 907.1 Fail Fail 1.0% 0.13
mushroom | 2596 2180 -12834.9  15.3%  239.8 Fail Fail 1.0% 0.12
nursery 272 217 -126283.2  0.0% 0.04 0.0% 0.04 | 0.0%  0.04
wdbc 2930 2216 -3053.1  13.6%  333.5 Fuail Fail 0.8% 0.13
700 2272 g1t -773.4 0.0% 5.2 0.0% 3.5 1.0% 0.03

the corresponding spent time are presented (excluding
the cache construction). A limit of ten million steps is
given to each method (steps here are considered as the
number of queries to the cache). It is also presented
the reduced space where B&B performs its search, as
well as the maximum gap of the solution. This gap
is obtained by the relaxed version of the problem. So
we can guarantee that the global optimal solution is
within this gap (even though the solution found by the
B&B may already be the best, as shown in the first
line of the table). With the reduced cache presented
here, finding the best structure for a given ordering is
very fast, so it is possible to run OS over millions of
orderings in a short period of time.

Table 3. B&B procedure learning TANs. Time (in seconds)
to find the global optimum, cache size (number of stored
scores) and (reduced) space for B&B search.

network time(s) cache size space
adult 0.26 114 239
car 0.01 14 262
letter 0.32 233 261
lung 0.26 136 251
mushroom 0.71 398 288
nursery 0.06 26 212
wdbe 361.64 361 299

Some additional comments are worth. DP can solve
the mushroom set in less than 10 minutes if we drop
the limit of steps. The expectation for wdbc is around
four days. Hence, we cannot expect to obtain an an-
swer in larger cases, such as lung. It is clear that, in
worst case, the number of steps of DP is smaller than
that of B&B. Nevertheless, B&B eventually bounds
some regions without processing them, provides an up-
per bound at each iteration, and does not suffer from
memory exhaustion as DP. This makes the method ap-
plicable even to very large settings. Still, DP seems a
good choice for small n. When n is large (more than
35), DP will not finish in reasonable time, and hence

will not provide any solution, while B&B still gives an
approximation and a bound to the global optimum.
About OS, if we sample one million times instead of
one thousand as done before, its results improve and
the global optimum is found also for adult and mush-
room sets. Still, OS provides no guarantee or estima-
tion about how far is the global optimum (here we
know it has achieved the optimum because of the ex-
act methods). It is worth noting that both DP and
OS are benefited by the smaller cache.

Table 3 shows the results when we employ constraints
to force the final network to be a Tree-augmented
Naive Bayes (zo0o was run, but it is not included be-
cause the unconstrained learned network was already
TAN). Here the class is isolated in the data set and
constraints are included as described in Section 3.2.
Note that the cache size, the search space and con-
sequently the time to solve the problems have all de-
creased. Finally, Table 4 has results for random data
sets with predefined number of nodes and instances. A
randomly created BN with at most 3n arcs is used to
sample the data. Because of that, we are able to gener-
ate random parameter and structural constraints that
are certainly valid for this true BN (approximately n /2
constraints for each case). The table contains the to-
tal time to run the problem and the size of the cache,
together with the percentage of gain when using con-
straints. Note that the code was run in parallel with
a number of tasks equals to n, otherwise an increase
by a factor of n must be applied to the results in the
table. We can see that the gain is recurrent in all cases
(the constrained version has also less gap in all cases,
although such number is not shown).

6. Conclusions

This paper describes a novel algorithm for learning
BN structure from data and expert’s knowledge. It
integrates structural and parameter constraints with
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Table 4. Results on random data sets generated from ran-
dom networks. Time to solve (10 million steps) and size of
the cache are presented for the normal unconstrained case
and the percentage of gain when using constraints.

nodes(n)/ unconstrained constrained gain

instances | gap  time(s) cache | time cache
30/100 0% 0.06 125 67% 11.6%
30/500 0% 2.7 143 | 47.5%  26.5%
50/100 0% 0.26 310 31.4% 16.1%
50/500 0% 20.66 231 57.2%  29.8%
70/100 0% 4.58 1205 | 36.9%  18.8%
70/500 1.1% 356.9 666 38.4%  21.9%
100/100 0.5% 9.05 2201 | 47.5%  23.5%
100/500 1.4% 13704 726 50.2%  33.0%

data through a B&B procedure that guarantees global
optimality with respect a decomposable score function.
It is an any-time procedure in the sense that, if stopped
early, it provides the best current solution found so far
and a maximum error of such solution. The software
is available as described in the experiments.

We also describe properties of the structure learning
problem based on scoring DAGs that enable the B&B
procedure presented here as well as other methods to
work over a reduced search space and memory. Such
properties allow the construction of a cache with all
possible local scores of nodes and their parents without
large memory consumption.

Because of the properties and the characteristics of
the B&B method, even without constraints the B&B
is more efficient than state-of-the-art exact methods
for large domains. We show through experiments with
randomly generated data and public data sets that
problems with up to 70 nodes can be exactly processed
in reasonable time, and problems with 100 nodes are
handled within a small worst case error. These results
surpass by far current methods, and may also help
to improve other approximate methods and may have
interesting practical applications, which we will pursue
in future work.
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1 Introduction

An influence diagram is a graphical model for decision making under uncertainty
[7]. Tt is composed by a directed graph where utility nodes are associated to
profits and costs of actions, chance nodes represent uncertainties and dependen-
cies in the domain and decision nodes represent actions to be taken. Given an
influence diagram, a strategy defines which decision to take at each node, given
the information available at that moment. Each strategy has a corresponding
expected utility. One important problem in influence diagrams is learning the
model, which includes the elicitation of probability distributions for the chance
nodes and utility functions for the utility nodes. The direct elicitation of such
values using expert knowledge may be replaced by an automatic learning pro-
cedure when a data set of past events is available.

In this paper, we propose new ideas to learn the parameters of a Limited
Memory Influence Diagram, or simply LIMID. LIMIDs represent a very general
class of influence diagrams, and include the most traditional case (introduced
initially by [7]) as subcase [8]. Limited Memory means that the assumption of
no-forgetting usually employed in standard Influence Diagrams (that is, values
of observed variables and decisions that have been taken are remembered at all
later times) is relaxed. Because LIMIDs are general and do not have assump-
tions about no-forgetting and ordering for decisions, it is possible to efficiently
convert diagrams that have such assumptions into LIMIDs. Hence, LIMIDs are
more powerful (in the sense of expressiveness) than other influence diagrams.
The benefits of having a more expressive model come with the additional compu-
tational cost. Thus, specialized algorithms that exploit LIMID’s characteristics
are needed.

We describe a learning procedure for LIMIDs that is motivated by previous
work on the traditional influence diagram [10, 9, 1]. We assume that the decision
maker takes rational decisions, which leads to the maximization of the expected
utility. This model requires two types of information: the probabilities and the
utilities of all possible outcomes of the decision problem. Probability values are
obtained by standard learning procedures, usually borrowed from the theory of
Bayesian networks.

The estimation of the utility function can be addressed by elicitation from
experts, which need to answer a sequence of questions about their preferences,



or by automatic procedures that receive as input the past behavior of experts
through a data set of cases. Dealing with the experts may be difficult and gen-
erate errors, as previously reported [6]. On the other hand, the data set of past
cases cam be used to create a set of constraints on the space of possible utility
functions, from where later a conservative (e.g. by using a maximin approach)
or a more aggressive (e.g. by taking any admissible function inside the set)
utility function is drawn. In the literature, we find heuristics [9] and probabilis-
tic approaches [1]. Here we assume that a database of past events, decisions
and rewards is available to train the influence diagram, which is a reasonable
assumption in military problems, and we use this database to learn both the
probability values and the utility functions. The behavior of the experts, en-
coded in the database, is employed to create constraints on the utility function
of the problem. Such constraints are integrated in the strategy selection process
using the ideas we have developed [5].

2 LIMIDs: Limited Memory Influence Diagrams

A Limited Memory Influence Diagram 7 is composed by a directed acyclic graph
(V, E) where nodes are partitioned in three types: chance, decision and utility
nodes. Let C, D and U be the set of chance, decision and utility nodes, re-
spectively, and let X = C UD. Links of E characterize dependencies among
nodes. Explicitly, links toward a chance node indicate probabilistic dependence
of the node on its parents; links toward a decision node indicate which informa-
tion is available to take such decision, and links toward utility nodes represent
that an utility for those parents is to be considered (utility nodes may not have
children). Associated to each node, there are some parameters:

1. A chance node has an associated categorical random variable C with finite
domain Q¢ and conditional probability distributions p(C|m;(C)), for each
configuration 7;(C) of its parents w(C') in the graph. j is used to indicate
a configuration of the parents of C, that is, m;(C) € Q(), where the
notation Oy = Xy ey Qy, for any V/ C V.

2. A decision node D is associated to a finite set of mutually exclusive alter-
natives 2p. Parents of D describe the information that is available at the
moment on which decision D has to be taken.

3. An utility node U is associated to a rational function fy : Q) — Q. The
value corresponding to a parent configuration is the profit (cost is viewed
as negative profit) of such parent configuration. Utility nodes have no
children.

A simple example is depicted in Figure 1. Decision nodes are represented by
rectangles, chance nodes by ellipses and utility nodes by diamonds. do_ground_attack
has an associated cost, which is depicted by the corresponding utility node. The
same is modeled for bomb_bridge. The goal is to achieve territory_occupation,
which also has an utility (the profit of the goal). ground_attack and bridge_condition



territory_occupation )——»

. bridge_condition

‘do ground attack‘ ‘ bomb bndge

cost_of cost_of
attack bombing

Figure 1: Simple Influence Diagram example.

represent the uncertain outcomes of the corresponding actions. To simplify no-
tation, we denote the nodes by their initial letters as follows: do_ground_attack is
denoted by DGA, bomb_bridge by BB, territory_occupation by TO, ground_attack
by GA, and so on.

Note that it is not assumed to exist a known ordering (among decision nodes)
on which decisions must be taken, as it is done in simpler versions of influence
diagrams. Although decision nodes have no parents in the example of Figure 1,
this is not a restriction of the model.

A policy ép for the decision node D is a function ép : Qpur(py — [0,1]
defined for each alternative of D and each configuration of 7 (D) such that, for
each m;(D) € Qr(py we have >, dp(d,m;(D)) = 1. A pure policy is a policy
such that its image is integer (6p : Qpur(p) — {0,1}), and thus specifies with
certainty which action (alternative of D) is taken for each parent configuration
(in a pure policy, only one dp(d, m;(D)) for each 7;(D) will be non-zero as they
sum 1). A strategy A is a set of policies {dp : D € D}, one for each decision
node of the diagram. A pure strategy is composed only by pure policies.

The expected utility FU(A) of a strategy A is evaluated through the follow-
ing equation:

> (Hp(xclﬂj(C)) [[onn)) fU(ﬂ'j’(U))> ; (1)
C U

xEQx D

where z¢, m;(C), p and 7 (U) are respectively the projections of x in Q¢,
Qrc), Qpur(py and Q). This equation means that, given a strategy, its
expected utility is the sum of the utility values weighted by the probability of
each diagram configuration (for all configurations). The maximum expected
utility is obtained over all possible strategies:

MEU = max EU(A).



Chances Decisions
TO GA BC| DGA BB

1 1 1 1 0
1 1 1 0 1
0 1 1 0 1
0 0 1 1 1

Table 1: Example of database for LIMID of Figure 1 where outcomes of the
chance and decision nodes are available.

Optimal strategy Utilities
DGA BB COA COB POG

1 1 -100  -50 200
? 1 0 -60 180
1 0 -80 0 -30
0 0 0 0 -50

Table 2: Example of database for LIMID of Figure 1 where local utility rewards
are available when the optimal strategy is used.

The problem of strategy selection is to obtain the strategy that maximizes its
expected utility, that is, argmax maxa FU(A).

Algorithms to solve the strategy selection problem assume that all parame-
ters of chance nodes and utility nodes are known and fixed. However, eliciting
all such parameters from experts is a hard task, and usually can be done in
small sized LIMIDs. Next section address this problem, providing an approach
to learn parameters from past experience.

3 Learning LIMIDs

As discussed, we use a database containing past experience to learn the parame-
ters of the LIMID. The data are divided into two parts: D Bg is a set of samples
of the chance and decision nodes (note that in these data, the decisions do not
necessarily represent optimal decisions); DBp is a set of samples containing an
optimal strategy (which is defined by a set of optimal decisions) and the utility
values obtained at each utility node when the optimal strategy is employed. Us-
ing the LIMID of Figure 1, examples of data that would be available to learn its
parameters are presented in Tables 1 and 2 (the nodes of Figure 1 are denoted
by their initial letters, as explained before). True is denoted by a one, and false
is indicated by a zero.

Using the database of chance and decision variables, standard techniques
can be employed to find the most probable values for the parameters of the
chance nodes, denoted P = {p(Cm;(C))}vc. One way to quantify the result



is by the log likelihood function log(p(DB¢|P)). Because utility nodes have no
children, chance nodes can only have other chance nodes and/or decision nodes
as parents. Assuming that samples are drawn independently from the under-
lying distribution, we can use the decomposition property of the log likelihood
function to maximize log Hijk p(@ik|mij) ™%, where x;, € Q¢;, nij, indicates
how many elements of DB¢ contain both z;, and m;;, where m;; € Qﬂci is
a joint configuration of the parents of C; and can involve chance and decision
nodes. Maximum likelihood estimation has its optimum at p(x;x|m;;) = %
One may also use a Bayesian Dirichlet model instead of maximum likelihood
estimation, just as it is done in Bayesian networks.

3.1 Learning utility functions

Our goal here is to estimate utility function fy : Q@) — Q for each utility
node U, based on past optimal decisions. Note that our database DBp contains
only optimal strategies and their utilities at that moment. If we assume that
DBp contains a wide range (in the sense of covering all the utility space) of
decisions and corresponding utility values, an estimation based on expectation
suffices. For instance, we take the average of the utility values that appear in
DBp, for each configuration 7;(U) € Qy, and construct a set of constraints
that relate the utility values for distinct elements 7;(U) as follows:

e For each sample | = (Ip,ly) in DBp, let Iy (for each U € U) be the
observed utility value of node U and Ilp the decision values of sample .
Build the constraint:

VU: Eliglipl= Y.  fu(zUlp)-pxllp), (2)

z€Qn(U)\D

where p(z|lp) is calculated a priori given that all elements of P are already
known, and E[ly|lp] accounts for the expectation of [y over the samples
[ that are compatible with Ip.

This way we have a set of linear constraints to define the utility function of
each node U. Note that if a utility node has only decision nodes as parents
(no chance node as parent), then Equation (2) simplifies to an equality without
summation. For example, if we take the first line of Table 2, it implies the
following constraints:

—90 = Ellcoa|DGA=1] = fcoa(DGA=1),

=55 = Ellcos|BB=1] = fcos(BB=1). (3)

The situation becomes more difficult when the optimal strategy is only par-
tially observed, that is, missing values may appear in the optimal decisions of
a sample in DBp. In this case, we proceed in a similar way, but considering
all possible completions of the data [11]. Such approach leads to the following
constraints:



e For each sample ! = (Ip,ly) in DBp, let Ip = 13U}, with I$, the observed
part and I, the missing part. Build the constraint:

VU, lD : E[ZU”D] S

S| Y n0- fuleuip U - plin Ul | < Elwlin), ()

zeQn(U)\D le”lb

where I/ (+) is an indicator function that is one only when [ is the com-
pletion of I’, and Elly|lp], Elly|lp] are computed as the minimum and
maximum values of the expectation of [y considering all possible com-
pletions. We treat [;; (-) as additional boolean variables of the problem,
which are going to be assigned later by the strategy selection procedure.
Note that 3, I (1) = 1.

It is possible to use such idea with additional boolean variables because we
resort to the procedures we have developed for strategy selection [5], where the
problem is tackled by integer programming techniques (and thus the boolean
variables are trivially included in the optimization problem). As an example,
take the second line of Table 2 with respect to the node DGA. As it is missing,
we have the following constraints:

—90 < Z Iy (V) - fecoa(DGA=v) < —60,
ve{0,1}

0< D lipga(v) - fooa(DGA=v) < 0. (5)
ve{0,1}

where Ij,., is treat as a boolean variable, that is, depending on the value
assigned to it, the data is completed in a different way. This completion is auto-
matically conducted by the optimization of Equation (1) subject to Equations
(2) and (4), so the same algorithm we have developed before [5] is used to select
the best strategy over this now learned LIMID.

3.2 The optimization problem of the EBO example

To illustrate, we write down the optimization problem of the example in Figure
1. The utility functions are divided by the largest value in the database so they
certainly belong to the interval [0, 1]. This division does not affect the choice of
the optimal strategy [5]. Decision nodes are replaced by nodes with imprecise
probabilities, and we obtain a credal network where we maximize the sum of
the marginal probabilities of the utility nodes. The objective function is

max p(COA) + p(COB) + p(POG)

(here we use the notation p(-) instead of f(-) because we are treating the utility
nodes after translating them into probability nodes) subject to constraints that



define each marginal probability p(COA), p(COB) and p(POG). To create
these constraints, we run a symbolic Bayesian network inference for each of
them. The constraints for p(COA) and p(COB) are very simple:

p(COA) = p(COADGA=1)p(DGA=1) + p(COADGA=0)p(DGA=0),

p(COB) = p(COB|BB=1)p(BB=1) + p(COB|BB=0)p(BB=0),

because they only depend on one other variable. Note that p(DGA=1), p(DGA=0),
p(BB=1), and p(BB=0) that appear in these constraints are unknown and thus
become optimization variables in the bilinear problem.

To write the constraints for p(POG), we need to choose a precedence or-
dering. We will use the ordering BB, BC, DGA,GA,TO, POG (variables COA
and COB do not appear in the order as they are not relevant to evaluate the
marginal p(POG)). Hence, the first variable to be processed is BB. We write
a constraint that relates the query POG and probabilities p(BB) (which are
defined in the network specification):

p(POG) = Y p(BB=d)-p(POG|BB = d).
de{0,1}

BB now appears in the conditional part of p(POG|d), which may be viewed
as an artificial term in the optimization, as it does not appear in the network.
Because of that, we must create constraints to define p(POG|d) in terms of net-
work parameters (for all categories d € BB). According to our chosen ordering,
the current variable to be processed is BC. Thus,

p(POGIBB=1) = Y  p(BC = c|BB=1) p(POGBC = c),
ce{0,1}

p(POGBB=0) = Y  p(BC = ¢[BB=0) p(POG|BC = c).
ce{0,1}

Note that p(POG|c) = p(POG|e,d) (for any d), so we use the simpler. At this
stage, our query is conditioned on BC. Following the same idea, we process
DGA, obtaining

p(POGBC=1)= > p(DGA=d)-p(POG|BC=1,DGA = d),
de{0,1}

p(POGIBC=0) = > p(DGA = d)-p(POG|BC=0,DGA = d).
de{0,1}

Now the current variable to be treated is GA, and our query is conditioned on
BC,DGA, that is, we must define how to evaluate p(POG|BC, DGA) for all
configurations. Thus, for all ¢ € {0,1} and d € {0,1}:

p(POG|BC = ¢, DGA = d) =

> p(GA={|BC =¢,DGA =d)-p(POG|BC = c,GA=¢).
c’€{0,1}



At this moment, POG is conditioned on GA, BC in the artificial term p(POG|BC =
¢, GA =) (DGA is not present in the artificial term as GA, BC' separate POG
from DGA). Now we process TO: for all ¢ € {0,1} and ¢ € {0,1}

p(POG|BC: C,GA: Cl) —

> p(TO="|BC =c,GA=c) p(POG|ITO = ).
c¢"e{0,1}

Note that, as p(POG|TO = ") equals the utility function of POG given TO,
which is specified in the network, we can stop the symbolic elimination. All
artificial terms are related (through constraints) to parameters of the network.
Besides all these constraints, we also include simplex constraints to ensure that
probabilities sum 1. Finally, we need to include the constraints of Equations
(3) and (5) (and other utility constraints that we omitted for easy of expose, as
explained in Section 3.1). To illustrate using the same notation, we rewrite the
Equations (5) here:

—90 < Iy, (1) -7 p(COAIDGA = 1)+ I, (0) - 7 p(COA|DGA = 0) < —60,

0 < Dipar (1) -7 - p(COAIDGA = 1) + I, (0) - 7 - p(COA|DGA = 0) < 0,

and
IlDGA(l) + IlDGA (0) =1,

where 7 is the maximum utility value that appears in the whole database.

Because we have a collection of linear and bilinear constraints, non-linear
programming can be employed [3]. It is also possible to use linear integer pro-
gramming [4] after an additional manipulation of the constraints.

4 Conclusion

In this work we have presented a complete learning procedure for LIMIDs. To
deal with chance nodes, a standard technique from machine learning is em-
ployed. To estimate utility functions, we make use of a database containing
past decisions and rewards, which avoids the necessity of interviews with ex-
perts to elict the utilities. With this approach, it is expected that the model
represents the corresponding domain with more precision. The procedure cre-
ates a set of constraints that define the plausible utility functions, which can
be later processed by the strategy selection method. Hence, this work provides
a learning procedure to be integrated with the inference methods that we have
developed in the previous years. Altogether, they provide a concise solution
for military planning using the general Limited Memory Influence Diagrams as
basis.

Future work include the full integration of the learning procedure described
here with the inference procedures already developed, extension of these ideas
to structure discovery of utilities [2], and the exploration of new learning and



strategy methods. For instance, it is known that both learning and inference
methods can be performed very efficiently (polynomial time) in tree-shaped dia-
grams. We have already started to study a broader version of influence diagrams
that extends the trees but are more restricted than LIMIDs. It is mainly a type
of LIMID where decision nodes are related by a tree structure, while chance
nodes are free to happen anywhere. The advantages of such intermediate model
is the possibility of keeping the computations tractable (we have proved that
LIMIDs can be processed up to a couple of hundreds of nodes, but even larger
domains are much more time consuming and need efficient algorithms).
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Validation of Cassio’s software

Geng Li

1. Introduction

In this first part of this report, | provided three test examples used for the validation of Cassio’s
software. The first example is randomly created from the reality, the second example comes from
the high cited paper “Representing and Solving Decision Problems with Limited Information” and
the third example is a small EBO net from the project.

In the second part of this report, | implemented Brutal Force method based on BNT to enumerate
all possible strategies in Cassio’s example and computed the expected utility for all the strategies
accordingly. Then | compared the results to the outcomes by SPU and CR. All tests proved that
Cassio’s method will converge to global maximum solution, and SPU will only converge to local

maximum.

2. Validation of the Implementation of the software

For Cassio’s software, it right now could deal with LIMIDs version of the diagram. For the GeNle(A
software developed by University of Pittsburgh), it could handle the traditional ID. So the reason
why Cassio’s example could not be validated in GeNle is that the order of decision nodes in the
example is not specified. Additionally, if we want to test Cassio’s example in GeNle, we have to
explicitly make arcs from predecessors of decision nodes. It will create too many links in the large
networks and it is not operable in reality. So we could not use GeNle that could only handle
traditional ordered IDs to handle Cassio’s EBO example which is a LIMIDs with no specified order.
But we could test a certain LIMIDs that has specified order and explicit links. Because by explicitly
making arcs, a certain diagram could be viewed as either a tradition influence diagram or a
LIMIDs. They would get the same result. This is what | did in the previous report. The three
examples are showed in details as follows:

(1) Example 1

EX1: John now is close to graduate. Now he has two choices, one is to continue his postdoc
research and the other is job-hunting. But before making his decisions, he wants to refer to the
economical situation and thus consult to the specialist. The consulting fee is about 10 dollars. If
the economical situation is good, the probability that the specialist makes a promising prediction
is 0.9 and if bad, the probability that the specialist makes a promising prediction is 0.1. The
benefit of continuing postdoc is 1000 dollars no matter what current situation is. However, if the
economical situation is good, the average benefit of getting a job is 5000 dollars and if the
economical situation is bad, the average benefit of getting a job is only 100 dollars.

The CPDs for the example are displayed in Figure 1, and the diagrams established by Cassio’s
software and GeNle are showed in Figure 2 and Figure 3 respectively:



Figure 1 CPDs for example 1

Figure 2 The diagram created by Cassio’s software

Figure 3 The diagram created by GeNle



(i)Software validation

The calculated MEU in both softwares are showed in Figure 4, we see that both softwares get the
same MEU 1269( also in Cassio’s software, two methods SPU and CR got the same result). In
Figure 5, the optimal strategies selected in two softwares are the same as well. Note that in
GeNle, the bold-faced numbers denotes the optimal action to take given its configuration of
parents. In Cassio’s software, the green rectangle denotes the optimal policy to take.

= Node properties: Consult EIE—HJ

General | Definition |Format| User properties | Walue

Expected utilities for different policies:

| | |
ﬂ consult 1269

not_conzult 1000

[ wm= || @

u Inference Solution |E|E‘ﬁ

MELI walue is 126900

Ok

Figure 4 The upper result is from GeNle, and the lower result is from Cassio’s software



= Node properties: Postdoc_or_job_hunting = ﬁ]
General | Definition | Format | User properties | value
Expected utilities for different policies:
Conzult conzult not_consult
Beport Promising | desperate no_idea promizing | desperate no_idea
F [postdoc 990 990 impossible impossible: impossible 1000
jub 2540 149, 7561 impossible  impossible: impossible 590
| ®mE | il

Figure 5 The optimal strategies from the two softwares
(ii)Manual Calculation
Now | shall manually calculate the above example and validate the software. The expected utility
of the whole diagram is calculated using:
EU (DC) = Z DmaX Z P(ES)P(R | ES’ DC ){Ucost (DC) +U2(ES’ DP_or_J )
R P_or_1J ES
The main of the SPU is that keeping all other policies unchanged and we only calculate one policy
each time to get a new MEU. Then we replace the new optimal policy with the original one.

We initially assume that the original strategies are consult and postdoc. According to SPU
algorithm, for the decision node “Postdoc_or_Job_hunting”:



or_J

:ZP(ES)P(R ="promising'| ES, D, ="consult U, (D, ="consult’) +Ug, . (ES, D, . , ="'Job")}
ES

EU(D; , , ="Job'| D, ="consult',R="promising’)

=0.1*0.9*{~10+5000} + 0.9*0.1*{~10+100}
=457.2

Similarly, we calculated other expected utility of the decision node “Post_or_job” considering

each of its parent’s configurations:
EU(D, , , ='Job'| D, ="consult’,R ="desperate’) =121.9
EU(D, , , ='Job'| D, ="consult’,R="no_idea’) =impossible

EU(D; ,, , ='Post'| D, ="consult’,R="promising’)

or_J

= ZP(ES)P(R ="promising'| ES, D, ="consult ){U (D, ="consult’) +Ug, . (ES, D, , , ="Post’)}
ES

=0.1*0.9*{~10+1000}+0.9*0.1*{~10+1000}

=178.2
EU(D; ,, , ='Post'| D, ="consult’,R ="desperate’) =811.8
EU(D; ,, , ="Post'| D, ="consult’,R ="no_idea’) =impossible

Because if D, , ; ='POSt’ no matter what the result of R is, the EU of the strategies is

178.2+811.8=990.0, which is less than 457.2+811.8 =1269.0. Thus given the decision
consult for the decision node “Consult”, if the “Report” is promising, the policy for the node
“Post_or_job” is to go and find a job. Otherwise, the policy for the node “Post_or_job” will
remain unchanged. We update our policy and now we could use this result to calculate the
expected utility of the decision node “Consult”.

EU (D, ='Consult’)
= max 3 P(ES)P(R| ES, Do Uy, (Dc) +U,(ES, Dy ;)
R

P_or_J ES

=457.2+811.8=1269.0

Similarly,

EU (D, ="'not_Consult’) = 0.1*1*(0+1000) + 0.9*1* (0 +1000) = 1000

Thus the optimal policy for D, remains unchanged, that is, to consult. For the second round

calculation using SPU method, the strategies would not change because EU will no longer change.

Therefore, MEU = max EU(D,)=1269.0

From above, we calculated the MEU for the decision node “Consult”, which is also the MEU for

the whole diagram, is 1269.0. Thus, we see that Cassio’s method got the correct result.

(2) Example 2



Ex 2. Another example comes from the paper “Representing and Solving Decision Problems with
Limited Information” by Steffen L. Lauritzen and Dennis Nilsson in 2001. Due to the example
already mentioned in my previous report, | will only present the graph model and the calculated
result here.

Figure 6 shows the graph created by Cassio’s software. Here | replaced the original code by the
updated version from the latest Cassio’s email. The calculated MEU by SPU and CR is shown is
figure 7 and we see that Cassio’s method gets the same result with the paper “Representing and

Solving Decision Problems with Limited Information” in Figure 8.

Figure 6 The Pigs model created using Cassio’s software

u Inference Solution (== ﬁ]

MEL walue iz 72681

OK

Figure 7 The calculated MEU from Cassio’s software

Figure 8 The result from the cited paper
(3) Example 3



Ex3. In Figure 9, | manually created a median-size network which is similar to Cassio’s example of
EBO net. The reason why | created the median network because this free software, Hugin, has
the limitation of the number of the nodes. But anyway, the two software got the same MEU
result. Figure 10 shows the calculated MEU is 790.89 by using Cassio’s software from SPU and CR
methods and Figure 11 shows the same result, that is, MEU equals to 790.89.

Hypothesis

TerritoryOcocup

BodyGuardCap
GroundAttack

OpGroundAttack Broadeasting CaptureBodyGuard

CostBroadcasting

Figure 9 The diagram created by Hugin

CommanderSurrender

AirSuperiority

CommunicationDestr

RDFacilityDestr Propoganda

OpAirstrike

.

DestroyComm DestroyRD

CostGroundAttack

CostDestrayComm CostDestrayRD CostCaptureBodyguard

Figure 10 The diagram created by Cassio’s software



B miference solution (== Hih]

MEU value is 790,59

OK

Figure 11 MEU calculated using Cassio’s software

>

Figure 12 MEU calculated using Hugin

3. Comparison of SPU CR
In this part, | implemented a Brutal Force method which enumerates all possible strategies and
got all the EU results.

(1)Original example

In Cassio’s example in Figure 13, there are totally 11 decision nodes. Each node has two choices,

that is, “take” and “do not take”. So the number of all possible strategies is 2! =2048. My

program will traverse all these 2048 strategies and selected the largest ten MEU.
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Figure 13 Military example

In the original example provided by Cassio and already specified parameters, the largest ten EU
calculated by brutal force method are shown in Table 1. Also | ran the software and the MEU
calculated by CR and SPU are 156.4 and -55.28 respectively that are shown in Figure 14 and
Figure 15. From the table, we clearly see that the result of CR method is exactly the same with
the first item of the table. This proves that in this example CR method converged to the global
maximum. Also the result of SPU matches the ninth item of the table which denotes that SPU will

only converge to the local maximum.

NO. 1 2 3 4 5 6 7 8 9 10

MEU | 156.4 | 68.97 | 55.26 | 12.89 | -7.11 | -20.59 | -34.21 | -51.26 | -55.28 | -61.03

Table 1 The largest ten EU in Cassio’s example

B terence Solution =)

MEL value is -35.28

Ok




Figure 14 SPU result
u Inference Solution |\E|E|&.J

MEL walue is 156.41

Salution is exact

Ok

Figure 15 CR result
(2) Change the utility value of the node “CostDestroyC2”

In the second test, | changed the utility value of the node “CostDestroyC2” from [-20, 0] to [-2000,
0]. This is shown in Figure 16.
B node cpr (= [ = [

Uniform SAVE CLOSE

Random
CostDestroyC2

DestroyC2 = do 2000

DestroyC2 = dont oon

B Mode CPT =]

Unifarm SAVE CLOSE

Random
CostDestroyC2

DestroyC2 = do -2000.00

DestroyC2 = dont aon

Figure 16 The utility value of the node “CostDestroyC2”
Then | conducted brutal force method for this example and the largest ten EU results are in
shown in table 2. Note that different strategies could lead to the same MEU. The result by SPU
and CR are shown in Figure 17. This time they both got the same result, MEU -232.11. Referring
to table 2, this is reasonable because both of them converge to the global maximum.

NO. 1 2 3 4 5 6 7 8 9 10

MEU | -232.1 | -252.1 | -252.1 | -252.1 | -272.1 | -272.1 | -278.8 | -292.1 | -306.1 | -312.3

Table 2 The largest ten EU
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Figure 17 the result of SPU and CR

(3) Change CPT of the chance node “Hypothesis”

In the third test, the CPTs of the chance node “Hypothesis” before and after the change are

shown in Figure 18 and Figure 19.
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Figure 18 The CPT of “Hypothesis”

before the change
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Figure 19 The CPT of “Hypothesis” after the change

Using Brutal Force algorithm, the calculated ten largest MEU are shown in table 3. The calculated




MEU by SPU and CR method are shown in Figure 20 and Figure 21. CR method got the largest
MEU 298.3 and SPU only got MEU 253.4. From the result, we see that again CR method will
converge to the global maximum and SPU will only converge to the local maximum.

NO. 1 2 3 4 5 6 7 8 9 10

MEU 298.3 | 278.3 | 278.3 | 278.3 | 258.3 | 258.3 | 253.4 | 248.3 | 233.4 | 2334

Table 3 The largest ten EU
Inference Solutian | = | = [

MEL walue is 253.43

0K

Figure 20 SPU method

u Inference Solution = 2 e

MEL walue is 295.29

Solution is exact

Ok

Figure 21 CR method

4. Conclusion

In the first part of this report | created three examples and used them to validate Cassio’s
software. The calculated results are compared to the existing software and the paper. We
conclude that Cassio’s implementation got all the correct results.

In the second part of the report, we conclude that CR performs better than SPU because it will
converge to the global maximum solution. But, SPU is a good approximate method and for many
networks, it is expected that it will achieve the global optimal solution as well. But it is not always
the case, just as shown in the first and third test of this part. SPU is some kind of like Nash
Equilibrium, which means that all its policies are local maximum. Here, a strategy is a local
maximum strategy means that the expected utility does not increase by changing only one of its
policies. Thus, SPU will only guarantee to converge to the local maximum solution.
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Abstract

An Influence Diagram is an interesting probabilistic graphical framework
for modeling effects-based operations (EBO), as they provide a compact rep-
resentation of the domain and useful properties for decision making. It is
known that accuracy of decisions relies on the quality of Influence Diagram
parameters. On the one hand, learning reliable parameters of such models of-
ten requires a relative large amount of quantitative training data, which may
not exist, may be hard to acquire and/or may contain missing values. On the
other hand, qualitative knowledge information is usually available, and incor-
porating such knowledge can improve parameter estimation and the accuracy
of decisions. This report describes a framework based on convex optimiza-
tion to incorporate many types of qualitative relations about parameters with
guantitative training data to perform parameter estimation in an Influence
Diagram for the EBO planning problem. Experiments and examples using
synthetic data indicate the benefits of this framework.

1 Introduction

The Effects-based operations (EBO) approach for militagnping seeks for a
campaign objective by considering direct, indirect and cascading effects of mili-
tary, diplomatic, psychological and economic actiohs)]. Graphical models such

as Influence Diagrams are specially interesting while modeling such a domain, as
we can specify many actions and factors, uncertainties and their dependencies. We
employed a graphical model called Influence Diagram, which comprises decision,
uncertainty and utility information in a compact graphical structure for decision
making [L1, 19, 23].



Influence Diagrams are described through graphs where value nodes are re-
lated to profits and costs of actions, chance nodes represent uncertainties and de-
pendencies in the domain and decision nodes represent actions to be taken. After
parametrization, this model can be used to evaluate plans (expected utility) and
strategy decisions (choice of which action to take). Parameter learning is the prob-
lem of estimating probability measures of conditional probability distributions re-
lated to the chance nodes, given the graph structure.

Many parameter learning techniques depend heavily on training data. Ideally,
with sufficient data, it is possible to learn parameters by standard statistical analy-
sis like maximum likelihood estimation. In many real-world cases, however, data
are either incomplete or sparse, which can cause inaccurate parameter estimation.
Incompleteness means that some parameter values are missing in the data, while
sparseness means that the amount of training data is small. EBO military planning
is a domain with such characteristics, as the world history has not too many mil-
itary campaigns. Furthermore, data about these conflicts may be sensitive/secret
and may not be available.

Even with incomplete and sparse data, general qualitative knowledge about the
domain is usually available, and such knowledge might be employed to improve
parameter estimations. While the previous repo?} has focused mainly on model
evaluation and has supposed that parameters were known in advance, we propose
here a framework based on non-linear convex optimization to solve probabilistic
parameter learning problem by combining quantitative data and domain knowledge
in the form of qualitative constraints. Hence, this report is complementari/Zfo [
in the sense that parameter learning is the main focus.

Many types of qualitative constraints are discussed, including range and re-
lationship constraintsl[], influences and synergie&t, 26], non-monotonic con-
straints [24], weak and strong qualitative constrainis20]. They are applied to an
EBO-based planning problem and experiments indicate that qualitative constraints
can strongly reduce the amount of data necessary for effective parameter learning.

Section2 comments on some related work about parameter learning wath g
itative knowledge. Sectiof introduces our notation for Influence Diagrams and
the problem of probabilistic parameter learning. Sectlatetails a collection of
gualitative constraints that can guide the learning process. Then we describe a pro-
cedure to solve parameter learning by reformulating the problem as a constrained
convex optimization problem (Sectids). Section6 presents some experiments
with synthetic data, and finally sectiohconcludes the report and indicates future
work.



2 Related Work

Domain knowledge can be classified as quantitative and gtiedif which de-
scribes the explicit quantification of parameters and approximate characterizations,
respectively. Both are useful for parameter learning, but quantitative knowledge
has been widely used while qualitative relations among parameters have not been
fully exploited. We focus our attention on related work about qualitative relations.
Parameter learning in general is a well explored topic and we suggest Jordan’s book
[13] as a starting point for a broader review.

Concerning the use of qualitative relations, Wittig et al/][present a method
to integrate qualitative constraints into two learning algorithms (APN and EM)
by introducing violation functions as penalty terms to the log likelihood function.
They show that domain knowledge in the form of constraints can improve learn-
ing accuracy. However, weights for the penalty functions often need be manually
tuned, which strongly rely on human knowledge about such weights. Altendorf et
al. [1] describe a method to incorporate monotonicity constraintts the learn-
ing algorithm. It is based on the assumption that states of discrete random vari-
ables can be totally ordered, as we also do. Additionally, it uses penalty functions,
which suffer from the same problem &5/]. Feelders and Van der Gaai(] in-
corporate some simple inequality constraints in the learning process. They assume
that all the variables are binary. Moreover, the constraints used in all above meth-
ods [, 10, 27] are too restrictive, because constraints can not involvamaters
among many distributions and parameters can not appear in as many constraints as
we desire.

de Campos and Cozmaii] [formulate the learning problem as a constrained
optimization problem. However, they are restricted to complete datasets and apply
non-convex optimization. Niculescu et al.g| 17] also solve the learning problem
by optimization techniques. They derive closed form solutions for the maximum
likelihood estimation supposing some predefined types of constraints, much like
the work presented here. However, there are two main limitations of their meth-
ods: there is no overlaping between parameters of different constraints in general,
that is, parameters are restricted to appear in only one constraint at all and con-
straints are restricted to single distributions. There are very restricted cases where
parameters and constraints can involve distinct distributions. We describe a general
learning procedure where such limitations do not exist.

Similar ideas are proposed by Xue and ][ They derive closed form so-
lutions for the maximum likelihood estimation and the EM algorithm supposing
some predefined types of constraints. We emphasize that the work presented here
is more general, because we allow potentially any convex constraint among pa-
rameters to be included in the model and we guarantee convergence to a global
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Figure 1: Simple Influence Diagram example.

optimum of the problem. Such properties were not obtained before.

3 Problem definition

An Influence Diagram is a directed acyclic graph where nodgshaee three dis-

tinct types: chance, decision and value nodes. Links between nodes characterize
conditional dependencies among them. Explicitly, links toward a chance node in-
dicate probabilistic dependency of the node on its parents; links to a decision node
indicate what information is available to take the decision, and links to value nodes
represent a utility for the parents (value nodes cannot have children). Associated
to each node, there are parameters:

1. Chance nodesfor each such node, there is an associated discrete random
variable X; with domainQy, = =}, ... ,z;* and conditional probability dis-
tributions p(X;|7(X;)), wherer(X;) are the parents oK in the graph. In
fact there must exist one distribution for each{ X;), wherej is viewed as
a shortcut for a complete configuration of the parentXgfthat is, 7/ (X;)
defines a setz}",z?,... 2f), wheret = |r(X;)|, X;, € =(X;) and
ke € {1,...,1,}fora=1,... t. If avariable has no parents, then we de-
fine j equals to zero. Whenever necessary and for ease of expose, we use an



extended notation = (!, z}?, ..., 2}"). Therefore ¥ represents théth
state of random variabl&;, and 7/ (X;) is thejth parent configuration of
it. Furthermore, lett = {X;,..., X,,} be the set of chance nodes/random
variables (we use them interchanged if no confusion arisesy;aheé num-

ber of distinct configuration of (X;) (thatis,¢; = [ x,c(x,) )

2. Decision nodesfor each such node, there is a decision varidbleith do-
mainQy, = y,...,y;. Besides that, the configurationofY;) is available
at the time of the decision. policyfor Y;, denoted;, specifies the action to
take, that isg; € Qy,. We denote by the set of decision nodes, and by
set of policies);, one for each decision nodé (this is also calledtrategy).

3. Value nodes for each such node, there is a functign : QW(UZ_) — Q,
where ;) is the set of all possible configuration ofU;) and Q are the
rational numbersgy;, defines the utility for each configuration of the parents.
We define{ as the set of all value nodes.

A simple example is depicted in Figuie Decision nodes are represented by
rectangles, chance nodes by ellipses and value nodes by diamonds.

Example 1 Using the Influence Diagram of Figufie we can modelction 1as a
ground attack to enemy position&ction 2 as bombing such positionsalue 1as
the cost of a ground attack, antlue 2as the cost of bombingys is our goal, for
instance to achieve territory occupation, whilalue 3is the profit of the goal.X;
and X3 represent the uncertain outcome/Agtion 1andAction 2, respectively.

Given an strategy and a complete configuration for the random varialsles
(x’fl, ..., xF"), we can compute the joint probability as follows

n

ps(x) = [ pla o (X)) (ah U (X0) € x U0,
i=1

whereZ is an indicator function determining thaf andz/ (X;) must cope with the
configuration ofx andJ. If we seed as evidence, then this formula is just similar
to the joint probability of well-known Bayesian networks. Marginal probabilities
can be obtained summing over the undesired variables, thakiscifx, then

ps(xX) = D ps(x).

z €]

x\x’

For a given strategy, the main inference in an Influence Diagram is to evaluate
its expected utility, which is obtained using a weighted sum of corresponding utility
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functions:
By =YY ps( (U))gu(x’ (U)),
veu j

wherej ranges in all possible parent configurationd/of

Note that inferences in Influence Diagrams rely on the quality of the proba-
bilistic parameters to weight the utility functions. This report focuses on learning
of such parameters. Hence, the graph structure and the utility functions are sup-
posed to be known in advance. To ease of expose, we deéiaghe entire vector
of probabilistic parameters, wheég;, = p(z¥|7’(X;)). Moreover, we need to
specify an order for the states of each random variable, that is, forEgclve
define an order™ < 2 < ... < & where{ki,... k. } C {1,... 7.
Without loss of generality, we suppose tlat= s for all s € {1,...,r;} (if nec-
essary, we could exchange the position of some states to comply with this rule).
Thus we haver} < 27 < ... <z} forall X;.

3.1 Learning probabilistic parameters

Given a dataseD = {Dy,..., Dy}, with D; = (a,,..., 27, 5) asample of
the chance and decision nodes, the goal of parameter learning is to find the most
probable values fof. These values best explain the dataBetwhich can be
quantified by the log likelihood functiotvg(p(D|6#)), denotedLp(6). Assuming

that samples are drawn independently from the underlying distribution, we have

n qi T
Lp@) =log [T T TT 52" (1)

i=1j=1k=1

wheren, ;. indicates how many elements bf contain bothycf andz/ (X;).

If the datasetD is complete, Maximum Likelihood (ML) estimation method
can be described as a constrained optimization problem, i.e. maximize Equation
(1), subject to simplex equality constrains:

max Lp(6)
s.t. \V/izlwvn\v/jzl___qi gij (9) = Z;;:l Gijk — 1 = O (2)

whereg;;(#) = 0 imposes that distributions defined for each variable given a
parent configuration sums one over all variable states. This problem has its global

Nijk

optimum solution ab;;;, = s ,wheren;; =3 . Nijk.

4 Qualitative Constraints

Standard likelihood estimations are usually enough if weehewwough data, re-
gardless one uses prior knowledge or not. However, when small amount of data
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is available, the likelihood function may not produce reliable estimations for the
parameters.

Example 2 Suppose we are working with the chance nodgsX,, X5 of Ex-
ample 1, and they are associated to binary random variables (wittegatiesz}
meaning true and:? meaning false). Suppose further that we have the dataset
D = (Dy, Dg), with Dy = (21,23, 21) and Dy = (2%, 23, 23). Using the ML esti-
mation, we have the posterior probabilitiés); = 0192 = 6301 = 0302 = 0.5 and

O2ji1 = O2jp2 = 1, With jy = (z,23), jo = (27, 23), js = (21, 23), ja = (1, 23).
Posterior probability distributions)s;,;, andfy;,; can not be estimated as no data
about such configurations are available.

Situations like in Example could be alleviated by inserting quantitative prior
distributions for the parameters. However, acquiring such quantitative prior infor-
mation may not be an easy task. An incorrect quantitative prior might lead to bad
estimation results. For example, standard methods apply quantitative uniform pri-
ors. Inthis case, if no data are present for a given parameter, then the answer would
be 0.5, which may be far from the correct value.

A path to overcome this situation is through qualitative information. Qualita-
tive knowledge is likely to be available even when quantitative knowledge is not,
and tends to be more reliable. For example, someone hardly will make a mis-
take about the qualitative relation between sizes of the Earth and the Sun; almost
everyone will fail to specify a quantitative ratio (even approximate).

Example 3 Suppose, in addition to Exampitethat the following two constraints
are Known: 0302 + 25,1 < 0.7 and 5,1 < 025,2. With this knowledge, we can
state thatf,;,1 < 0.2 and 6,5, = 1, reducing the space of possible parameters
and alleviating the problem with sparse quantitative data.

We start by describing constraints that appear in Qualitative Probabilistic Net-
works [25]. The most common type of qualitative constraints is callgfthence
Qualitative influences define some knowledge about the state of a variable given
the state of another. For example, the probability of achieving territory occupation
given that a successful ground attack was employed is greater than when it was not.

Definition 1 Let X,, X, be variables such thak, € =(X,;). We say thatX,
influencesX, positively if

Vo>l ky=1,....7p—1 E Objp, ke = E Ovjyy & + 0, 3
k>ky k>kp



wherej, = (2%, 77+ (X})) and j, is an index ranging over all parent configurations
except forX,, thatis, 7/ (X;) = (2% : X; e n(Xy)Ai#aAk; € {1,... 1)),
and ¢ > 0 is a constant.

This roughly means that observing a greater stateXiprmakes more likely
to have greater states ik,. The definition makes use of cumulative probability
values, so it works even for non-binary variables. When applied to binary variables,
summations of Equatior3] disappear and we have a more natural formulation:
Opjn2 = Opj 2 + 0, With j. as in Definitionl. In this case, the greater state is 2, and
observingz2 makes more likely to have;.

If constraints of Definitiori hold for§ > 0, the influence is saidtrongwith
thresholds [20]. Otherwise, it is saidveakfor 4. A negative influence is obtained
by replacing the inequality operator by < and the sign of thé term to negative
in Equation B). A zero influence is obtained by changing inequality to aradityu

We now define a conjugate influence from two parents to a common child,
called additive synergy2f]. Synergies are influences from two parents acting
to influence the child. For example, suppose we bomb an area and/or perform a
ground attack. Both actions contribute to the goal. But the probability of success
given that we do both or neither is lesser than the probability of success given that
we do only one of them (bombing an area under ground attack could kill our own
infantry). So, the actions together have a negative influence on achieving the goal.

Definition 2 Let X, and X, be parents ofX;,. We say thatX, and X. impose a
negative additive synergy al, if

vkbzl,...,’f'b—l
Z Z Hbjkavkck = Z Z Hbjkavkck — 0 (4)
k>kp ka=kc k>ky, k’aﬁékc

wherejy, . = (zke, zke 79<(X,)) and j. ranges over all parent configurations

not including X, nor X., andd > 0 is a constant.

This means that observing the same configuration for the paféntend X,
makes less likely to have a greater stat&jn Again the case over binary variables
is simpler:0y;, ;2 + Oy, ,2 < Oy ,2 + Oy 2 — 6, Wherejy, «, is as in Definition
2, which enforces the sum of parameters with equal configurafior X, and X,
to be lesser than the sum of parameters with distinct contigns If these con-
straints hold fow > 0, this synergy is saidtrongwith thresholdj [20]. Otherwise
it is saidweakfor §. When omitted,§ is assumed to be zero. Positive and zero
additive synergies are obtained analogously.

Non-monotonic influences and synergies happen when constraints hold only
for some configurations of inactive parents (regarding that constraifift) For
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example, suppose three binary variables such dhahas X> and X5 as parents

and thatt); ;2 ,1)7 > 0141 21)2 _h_oldg, bUW, (13 12)2 = 0121 22)2 can not be stated.
Hence we do not have a positive influenceXaf on X, because it would be nec-
essary to have both constraints valid to ensure that influence. In fact we might
realize that the state of’s (the inactive parent concerning this influence) is im-
portant in the constraint. Then, we may state a non-monotonic influenég of

on X; that holds whenX; is 1 but not when it isz2. Situational signs4] and
context-specific signs’[] are special cases of such non-monotonic constraints. To
include all such situations, we define a very general constrailiriear relation-

ship constraindefines a linear relative relationship between sets of parameters and
numerical bounds.

Definition 3 Letf4 be a sequence of parametess, a corresponding sequence of
constant numbers and also a constant. Ainear relationship constraiig defined
as

Z ik O < ay (5)

051 €04

that is, any linear constraint over parameters can be expressduhearaelation-

ship constraint It is worth to mention some special casest if has only one pa-
rameted; ;. anda; 3, = 1, the constraint becomes a upper bound constrairt; fpr

(we can obtain a lower bound using negativg, anda). These bounds are also
known asrange constraint$16]. If all parameters involved in a linear relationship
constraint share the same node indeend parent configuratiop, the constraint

is calledintra-relationship constraint Otherwise, it is anter-relationship con-
straint. We indicate this difference because usuatlgr-relationship constraints

lead to hard learning proceduress]. Here, as we will discuss, there is no im-
portant distinction between them regarding complexity. We notelithear rela-
tionship constraintgeneralize influences and additive synergies and correspond-
ing non-monotonic relations, as all of them are linear constraints over parameters.
However we decided to keep such definitions separately given their importance in
the literature.

5 Learning through convex optimization

The definitions of previous section show many types of qualéaonstraints that

can be used to describe our knowledge. In this section we present an optimization
idea to solve the learning problem using a great variety of constraints. The main
achievements are

e Itis possible to mix different types of constraints in a straightforward way.
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e Parameters of the network can appear as many times as desired.

e There is no distinction about creating a qualitative constraint within a single
probability distribution or among parameters in many distributions.

e Many types of qualitative relations can be handled (any convex constraint),
including usual relations defined in the literatufe 16, 17, 18, 22, 25].

We describe how constraints and the log likelihood function can be formulated
as a convex constraint of a convex optimization program. Such a program can be
specified asq]:

min f(0) (6)
st.Vie1,.m gi(0) <0

wheref is the vector of optimization variables; is the number of constraints and
f andg; (for all 7) are continuous convex functions over the parameter space.
First note that our objective function is concave becdugeis concave and
a positive linear combination of concave functions is also concave (eaghs
positive, known from the dataset. if ;. = 0, the term is simply discarded). Thus

n o qi T

max log H H H 9:;1,? = Inein — Z nijk - 10g O,

i=1j=1k=1 ik

where the right-hand side is a minimization of a convex functighig-convex
when f is concave), as required in Equatidi).(Regarding constraints, any linear
function is convex. Simple manipulations can lead them to the form of Equation
(6) (a constraint:(f#) > 0 just need to be multiplied by 1, while an equality can

be viewed as two inequalities). All constraints defined in Sectiare convex and

can be directly inserted into the convex program.

To solve convex programming, there are many optimization algorithms. We
can use specialized interior point solvef$ ¢r even some general optimization
ideas [L5], because convex programming has the attractive propeatyathy local
optimum is also a global optimum. Furthermore, such global optimum can be
found in polynomial time in the size of input].

5.1 Incomplete data

Incomplete data means that some fields of the dataset arewinkifdhe dataset is
D ={Dy,...,Dy}, then eachD, C (m’f}t, . ,mf;jt) is a sample of some nodes.

We say thatu, is the missing part in tuplg that is,u; N D; = @ andu; U D, is a
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complete instantiation for the nodes. Létbe the set of all missing data. In this
case, the likelihood functiotvg(p(D|#)) is not a simple product anymore, and the
corresponding optimization program is not convex.

A common method to overcome this situation is standard EM algoritfim [
which starts from some initial guess, and then iteratively takes two types of steps
(E-steps and M-steps) to get a local maximum of the likelihood function. Partic-
ularly for discrete nodes, E-step computes the expected counts for all parameters,
and M-step estimates the parameters by maximizing log likelihood function, given
the counts from E-step, just like would be done with a complete dataset. EM algo-
rithm converges to a local maximum under very few assumptia@s [

Assume?® is an initial guess for the parameters, @dlenotes the estimation
after ¢ iterations,t = 1,2, .... Then, each iteration of EM can be summarized as
follows:

e E-step:compute expectation of the log likelihood given observed dasand
current estimation of parametets Q(0|0") = Ey:[log p(U U D|0)|6*, D).

e M-step:find new paramete#’ ™!, which maximizes expected log likelihood
computed in E-stepd’*! = arg max Q(016Y).

We propose to extend EM with the convex optimization program of Se8tion
that is, the M-step is performed using convex programming. The valde"bfis
arg max Q(6]6") subject to qualitative constraints of the problem, and a polynomial

time algorithm can be employed to solve this convex program (also described in
Sectionb). In this context, qualitative constraints may help EM toidymoor local
maxima and improve the overall solution. Furthermore, because the parameter
space is convex and the enhanced M-step produces a global optimum solution for
the current parameter counts, this modified EM shares convergence and optimality
properties of the standard EM algorithra, 2€]. Although the modified EM is

more time expensive than the standard EM as each M-step requires the solution
of a convex optimization program (standard EM may use closed form solution for
ML), we argue that, just as in standard EM where an improving solution is enough
instead of an optimum one (callégeneralized EM we might stop the convex
programming as soon as an improving solution is found.

6 Experiments
In order to test the performance of our method against stdridarestimation and

standard EM algorithm given sparse and incomplete data, we use a similar Influ-
ence Diagram as described by Zhang and0] for an hypothetical EBO-based
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Figure 2: Influence Diagram for an hypothetical EBO-based planning problem.

‘deslroy_Radars‘ ‘ destroy_Communicatlon

military planning problem. It is shown in Figuz The goal is to win a war and
it is represented by thiypothesisnode (on top of Figur®). Just below there
are the subgoal#\ir_superiority and Territory_occupation which are directly re-
lated to the main goal. There are eight decision nodes (represented by rectangles,
while chance nodes are ellipseslestroyC2 (C2 stands foCommand and Con-
trol). destroyRadars destroyCommunicationslaunchair_strike, destroyRD,
destroystorage destroyassembly launchground. attack Just above decision
nodes, we have chance nodes representing the outcomes of performing such ac-
tions (they indicate the workability of such systems), and below we have value
nodes (diamond-shaped nodes) describing the cost of each action. Furthermore, we
have four chance nodes (in the center of the figure) indicating general workability
of IADS (Integrated Air Defense Systenfir_force Artillery andGroundforce of
the enemy. The overall profit of winning is given by the value nb@g child of
Hypothesis

As this is an hypothetical example, we define utility functions and probability
distributions as follows:

e Probability ofHypothesids one given that all subgoals are achieved. If one
of subgoals is not achieved, then the probabilityHypothesiss 60%, and
if none of subgoals is achieved, then we certainly fail in the campaign.

e For the subgoal#ir_superiority and Territory_occupation we define them
as accomplished with probability one when both children were achieved,
50% when only one child is achieved, and zero when none is achieved.

e For the probabilities ofADS, Air_force Artillery andGroundforce, we de-

12



fine a decrease of 30% for each unaccomplished child (with a minimum of
zero, of course). For instancDS has probability 40% if two of its four
children are achieved, arfttillery has probability zero when at least four
of its children are unaccomplished.

e The probability of the outcomes of actions (chance nodes just above deci-
sion nodes), we define a rate of 90% of success. For example, the deci-
siondestroyRadarswill have EW/GClradars destroyed with 90% of odds
(EW/GCI meandarly Warning/Ground Control Interception

e The reward of achieving the main goalli800, while not achieving it costs
500.

e Costs of actions are as followground attackis 150, air_strike is 50, and
other actions cost0 each.

Using this Influence Diagram as our “truth” for the parametrization, we gen-
erate samples from it. After training the model with distinct amounts of data, we
apply the Kullback-Leibler (KL) divergence criteriori4] to measure the differ-
ence between joint probability distributions induced by generated diagrams and
distributions of the “truth” diagram. For probability distributio¥ and P, over
discrete variables, wherg, is considered the “truth”, the KL divergence is

Py (i)

KL(P, P) = Zpl(i) log mv

where: ranges over all possible configurations of the discrete variables$gfig

means the probability value for the configurationWe have chosen to use such
criterion because the problem is hypothetical and no real data is available. Thus,
it would not be significant to compare maximum expected utilities of the diagrams
generated with each approach, because we could obtain a great expected utility
even using wrong parameters. Such result would be unreliable, as we desire to
obtain parameters that best describe a real situation, and those parameters could
not lead to good results. So, using the KL divergence, we measure how much
improvement the qualitative knowledge obtains for parameter learning towards the
correct values.

We conduct experiments for datasets with 10, 100 and 1000 samples, without
and with qualitative constraints. When employed, the qualitative constraints state
that each chance or decision node has a positive influence on its children, that
is, achieving the parent makes more likely to accomplish the children. We use
the following constraints. Although they are hypothetical, we tried to create as
meaningful constraints as possible.
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Air_superiorityhas a strong positive influence blypothesisas well asTer-
ritory_occupation which means that the probability of successHypoth-
esisgiven that we have achievetlir_superiority is much greater than the
the probability of success adypothesisgiven that we have not achieved
Air_superiority, as subgoals contribute to the main goal. Analogously, the
probability of Hypothesisgiven we have success drerritory_occupation

is much greater than the probability bfypothesisgiven failure onTerri-
tory_occupation

IADSandAir_forcehave strong positive influences air_superiority, which
means that the probability éfir_superioritygiven each one of those achieve-
ments is much greater than when we do not obtain them. AgabS$ and
Air_force are important steps to achieér_superiority, so they contribute
positively to it.

Artillery andGroundforce have positive influence oferritory_occupation
so the probability of the latter is greater wh&riillery and/orGround.force
are accomplished.

DestroyedEW/GCI radarshas negative influence dADS and Air _force of
the enemy, as well as inoperallB™mmunicationsand C2 and performed
Air _strike

DestroyedRDfacility has negative influence ohrtillery and Ground.force
of the enemy, as well as inoperal@l2, storagefacility assemblyfacilityand
performedgroundattack

Probability ofAir_superioritygiven success oiADSandAir_forceis greater

than the probability oferritory_occupationgivenArtillery andGroundforce,
because we consider (in this example) that it is easier to control the airspace
than to control the surface.

For each amount of data (10, 100 and 1000 samples), we work with 20 random

sets of data and qualitative constraints. Mean and variance are presented in first
three lines of Tablel for complete data. The last three lines of the table show
results for datasets with missing fields (chosen at random in number equal to three
times the number of samples). In such cases, EM and constrained EM methods are
employed.

Table1 indicates a decrease in the divergence when working withitgtied¢

constraints, which shows that such constraints were actively used during the learn-
ing process. For sparse data, the divergence was substantially reduced so as harder
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Mean Variance
Amount of data| Unconstrained Constrained Unconstrained Constrained
10 8.4 2.39 0.35 0.64
100 2.25 0.32 0.09 0.03
1000 0.06 0.08 0.0005 0.00004
10 (1) 8.12 2.46 0.15 0.1
100 (I 2.33 0.36 0.15 0.02
1000 (1) 0.08 0.08 0.0004 0.0001

Table 1. KL divergence for 20 runs of the learning procedure using random sam-
ples and constraints. Unconstrained results are the standard case (ML / EM ideas)
while Constrained indicate the use of qualitative relations during learning (Con-
strained ML / Constrained EM). Rows marked with (I) were executed with incom-
plete datasets.

problems are most benefited. Besides that, results show a somewhat expected sit-
uation: when enough data is available, qualitative constraints become less useful.
We can even see a case where the average result with qualitative constraints was
sightly worse than without constraints (1000 samples without missing data). That
situation eventually happens when enough data is available and there exist quali-
tative constraints that are not precise with respect to the ground truth. Thus, we
emphasize that problems like EBO-based planning may have strong benefits from
gualitative knowledge, as usually there are not enough data, while problems where
enough data are available may not have the same benefits.

Figures3 and 4 show the difference in the KL divergence between the un-
constrained learning (standard case) and the constrained learning with qualitative
relations for each node of the Influence Diagram. Black bars are for 10-sample
cases and white bars for 100-sample cases. Node numbers in these graphs are
defined from 1 to 23 according to the following order: @2, (2) EW/GCI (3)
Communications(4) Air_strike (5) IADS (6) Air_force, (7) Air_superiority, (8)
RDfacility, (9) storagefacility (10) assemblyfacility (11) ground attack (12) Ar-
tillery, (13) Ground.force, (14) Territory_occupation (15) Hypothesis We can see
that most benefits of qualitative constraints appear in nodes that are hard to learn,
for instanceHypothesisits two childrenAir_superiorityandTerritory_occupation
and their children. We can verify that advantages with complete and incomplete
datasets were very similar to each other, which shows that even with incomplete
data the qualitative constraints help to guide the learning process.
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KL divergence for complete data
11

I 10 samples (Unconstr'd minus Constr'd)
10| 1100 samples (Unconstr'd minus Constr'd) 1

Absolut difference

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

Figure 3: Difference in KL divergence between unconstrained (standard) learning
and constrained learning for complete data. Positive bars mean that the constrained
version performed better than the unconstrained one.

7 Conclusion

This report describes a framework for parameter learninghfdfiénce Diagrams
when qualitative knowledge is available, which is specially important for training
with sparse data. Even with enough data, qualitative constraints may help to guide
the learning procedures.

For complete data, we directly apply convex optimization to obtain a global
optimum of the constrained maximum likelihood estimation, while for incomplete
data, we extend the EM method by introducing a constrained maximization in the
M-step. We apply our method to synthetic Influence Diagrams based on EBO
military planning. Experimental results demonstrate that our method can fully
exploit the qualitative knowledge to improve parameter learning accuracy. With
sparse data and constraints, it is possible to obtain results similar to those of using

expressively more data without constraints.

For future research, we intend to apply the ideas on harder planning prob-
lems where only sparse data is available. We plan to explore other applications of
gualitative constraints, such as strategy evaluation (trying to reduce the time for
each evaluation) and planning (constraints may guide the search for the best strat-
egy). Furthermore, qualitative constrains presented here can be viewed as hard
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KL divergence for incomplete data
11

I 10 samples (Unconstr'd minus Constr'd)
10| 1100 samples (Unconstr'd minus Constr'd) 1

Absolut difference

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
Node

Figure 4: Difference in KL divergence between unconstrained (standard) learning
and constrained learning for incomplete data. Positive bars mean that the con-
strained version performed better than the unconstrained one.

constraints, since they must be satisfied during the learning. We intend to explore,
together with hard constraints, some soft qualitative constrains in the sense that
estimations may eventually not comply with them (to avoid possible “imprecise”
constraints).
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Exploiting Qualitative Constraintsfor Learning
Bayesian Networksunder Insufficient Data

Zheng Xue and Qiang Ji
Rensselaer Polytechnic Institute

Abstract

Graphical models (GMs) such as Bayesian Networks (BN) or the Influence Di-
agrams (ID) are being increasingly applied to many different applications. One
bottleneck in using GMs s that learning the GM model parameters often requires
arelativelarge amount of training data. However, inreal life and for many applica-
tions, training datais often incomplete or sparse, which can cause low learning ac-
curacy. Incorporating domain knowledge can help aleviate this problem. Instead
of using quantitative prior knowledge as used by most of the existing methods,
this paper introduces a novel learning method based on systematically combining
the training data with some qualitative knowledge.

To validate our method, we compare it with the Maximum Likelihood (ML) es-
timation method under sparse data and with the Expectation Maximization (EM)
agorithm under incompl ete data respectively. The experimental results show that
our method improvesthe parameter learning accuracy significantly compared with
both ML and EM & gorithms.

1 Introduction

Among all the issues of graphical models, parameter learning is one of the main challenges. Pa-
rameter learning is to estimate the entries of the conditional probability distributions (CPDs) given
the structure of a model. Many learning techniques rely heavily on training data [7]. Idedlly, with
sufficient data, it is possible to learn the parameters by standard statistical analysis like maximum
likelihood (ML) estimation. In many real-world cases, however, the data are either incomplete or
sparse, which can cause inaccurate parameter estimation. Dataincompletenessis defined as missing
of datafor some parameters, while data sparseness means the amount of training dataiis limited.

When data are incomplete, Expectation-Maximization (EM) [3] agorithm is often used. Most
EM-based methodswork under the assumption that data are missing at random (MAR), which means
the missing values can be estimated by the observed ones in some way. However, when data are
missing completely at random (MCAR), e.g data of hidden nodes, the learned parameters could be
far from the ground truth. The reason is that the missing data do not even depend on the observed
ones, and there is no way to estimate the missing data only from the observed ones.

In our paper, we propose a framework to solve the parameter learning problem by combining
guantitative data and domain knowledge in the form of qualitative constraints. Two kinds of qual-
itative constraints are defined: range constraints which are applied to individual parameters; and
relationship constraints which are applied to pairs of parameters. For sparse but complete data, we
solve the learning task by reformulating the problem as a constrained ML (CML) problem. For
incompl ete data, we introduce the constrained EM (CEM) by adding constraints to the M step, and
iteratively solve the learning problem. In addition, we provide closed form solutions to both CML
and CEM.



2 Redated Work

We have aready discussed that one of the shortcomings of EM agorithmsiis that it can easily be
trapped in a local maximum when data are MCAR. Till now, there are many different methods
to help EM to escape from the local maximum, such as the information-bottleneck EM algorithm
[4], data perturbing method [5], and Al&M procedure [8]. These methods focus on improving the
machine learning techniques, but ignoring the useful domain knowledge.

Domain knowledge can be classified as quantitative and qualitative knowledge, which describe
the explicit quantification of parameters, and approximate characterizations of parameters respec-
tively. Both kinds of domain knowledge are useful for parameter learning. While the quantitative
knowledge has been widely used in the form of prior probability distributions, qualitative constraints
have not been fully exploited in parameter learning yet.

Wittig et al. [12] present a method to integrate qualitative constraints into two learning a-
gorithms, APN [9] and EM, by adding violation functions as a penalty term to the log likelihood
function. They show that domain knowledge in the form of constraints can improve learning accu-
racy. However, this penalty-based method cannot guarantee to find the global maximum. Besides,
the weights for the penalty functions often need be manually tuned, depending on applications. Al-
tendorf et al. [1] describesamethod to incorporate monotonicity constraintsinto learning algorithm.
It is based on the assumption that the values of the variables can be totally ordered. Additionally, it
also uses the penalty functions, which suffers from the same problem as [12]. Feelders and Van der
Gaag [6] incorporate some simple inequality constraints in the learning process. They assume that
all the variables are binary. The constraints used in the above methods [1, 12, 6] are restrictive, as
each constraint hasto involve all parametersin a conditional probability table (CPT).

Camposand Cozman [2] formulate the learning problem as a constrai ned optimization problem.
However, they do not provide a specific method to solve the optimization problem. Niculescu et
al. [11] also solve the learning problem by optimization techniques. They derive the closed form
solutions with ML estimation for two kinds of constraints: inequalities between sums of parameters
and upper bounds on sum of parameters within a CPT. There are two main limitations of their
method: First, they assume one parameter can and only can have one constraint, and there is no
overlap between parameters of different constraints. Second, their method cannot handl e constraints
from different CPTs. We improve their method by deriving the closed form solution for range
constraints, which contain both upper bound and lower bound constraints for the same parameters.
In addition, the relationship constraints defined in our paper can either be within or between CPTSs.

3 Problem Definition and Approach

3.1 Basic Parameter Learning Theory

We focus on parameter learning in a Bayesian Networks with all discrete nodes, where the structure
isknown in advance. The method can be extended to other graphical modelsincluding the IDs. The
notations are defined as follows. Assume a BN with n nodes, @ is the entire vector of parameters,
and ¢, ;5 denotes one of the parameters. 0, = p(z¥|pal), wherei (i = 1,...,n) ranges over
al the variablesinthe BN, j (5 = 1,...,¢;) ranges over al the possible parent configurations of
node (variable) X;, and k (k = 1,...,r;) ranges over al the possible states of X ;. Therefore, 2%
represents the kth state of node X ;, and pa? isthe jth parent configuration of node X ;.

Given adataset D = {D;, ..., Dx}, which consists of samples of the BN nodes, the goa of
parameter learning is to find the most probable values 6 for ¢ that can best explain the dataset D,
whichisusually quantified by thelog likelihood functionlog(p(D|6)), denoted as L p(6). Assuming
that the exampl es are drawn independently from the underlying distribution, based on the conditional
independence assumptionsin BNs, we have the log likelihood function in Eq.(1), wheren ;;;, isthe
count for the case that node i has the state k, with the state configuration j for its parent nodes.

n o qi 7

Lp@®) =log [T TT ¢ (N

i=1j=1k=1



If the dataset D is complete, ML estimation method can be described as a constrained optimiza-
tion problem, i.e. maximize (Eq.(2)), subject to n equality constrains (Eq.(3)).

Max Lp(0) 2
ST. gij(0) => 1 0ijk —1=0 (3

where g;; imposes the constraint that each parameter sumsto 1 over &l itsstate, 1 <7 <nand1 <
J<a.

If dataset D is incomplete, ML estimation cannot be applied directly. A common method is
standard EM algorithm [3], which starts from some initia point, and then iteratively takes E step
and M step to get a local maximum of the likelihood function. Particularly for discrete nodes,
E step computes the expected counts for al parameters, and M step estimates the parameters by
maximizing log likelihood function, given the counts from E step. EM algorithm can guarantee to
convergeto alocal maximum. However, depending on different initializations, it may convergeto
different local maxima. When there are alarge number of missing data, which meansthere are many
local maxima, EM algorithm can get stuck in alocal maximum far away from the global one.

3.2 Qualitative Constraints

We introduce two kinds of qualitative constraints, which can be easily specified by domain experts.
They are range and relationship constraints.

Range constraint defines the upper bound and lower bound of some parameters. Assuming « ;i
and (3, are the upper bound and lower bound for parameter 6 ;;,, then the range constraints can be
defined as follows:

Biji < Oijre < i (4)
where 0 < g, <land0 < By < 1

Relationship constraint defines the rel ative rel ationship between apair of parameters. If both of
the two parametersin arelationship constraint share the same node index 4, and parent configuration
7, the constraint is called intra-rel ationship constraint, which can be represented as follows:

Oijr < 051 Where k # K (5)

If the two parametersin arelative relationship constraint do not satisfy the requirement of anintra-

relationship constraint, the constraint is called inter-relationship constraint. It can be described as
follows:

Oijk, < 0y/1y Whered # ' or j # 5’ (6)

3.3 Overview of Our Approach

We aim to solve the learning problem by reformulating the problem as a constrained based opti-
mization problem, i.e.,

Max Lp(9) (7
ST. gi;(0) =37 ,0ix—1=0, 1<i<n,andl1<j<g

where h,(z) < 0 denotes the inequality constraints, and S is the total number of inequality con-
straints. Using the Lagrange multipliers A;; and y,, the objective function to be maximized can be
incorporated with the constraints, producing the following augmented objective function

n qi

S
FO)=Lp0) = > > Xijgi(0) = > uphy(0) €)
k=1

i=1 j=1

Given Eq.(8), for sparse but complete data, we can directly apply the CML method by maxi-
mizing Eq.(8) to estimate the parameters. For incomplete data, we can replace the M step of EM
algorithm by the solution to Eq.(8), and iteratively obtain the estimation of the parameters. In the
section to follow, we introduce our solution to Eq.(8).



4 Parameter Learning With Qualitative Constraints

In this section, we derive the closed form solutions for maximizing Eq.(8) under different types
of constraints. Because of the decomposability of the log likelihood function, we can deal with
small independent optimization subproblems on independent parameter sets separately instead of
dealing with all parameters simultaneously. For this, we define two kinds of parameter sets. oneis
the baseline set, which contains parameters with the same node and the same parent configuration;
the other is the combined set, which contains several baseline sets. We first separate parametersinto
baseline sets, and then if thereis a constraint on parameters from different baseline sets, we combine
those baseline sets into one new combined set. This process continues until there is no constraint
on parameters from different sets. After decomposition of parameters, we solve the constrained
optimization subproblems set by set independently.

Specifically, let @ denote a parameter set. Since parameters from one baseline set share the
same node i and the same parent configuration j, we use (i, j) to denote the index of a baseline
set. A baseline set can be denoted as Q = {(3, j) }, while a combined set, which consists of several
baseline sets, can be denoted as Q@ = {(i, ), (', 5'), ...}.

The parameter learning problem can be decomposed into subproblems, one for each set of
parameters. A subproblem can be formulated as follows:

Max Ip(0) = log H(i,j)EQ H?:l 97;1?
ST. Gij (9) = £7=1 Gijk, —1=0 for <Z,]> (S Q
hp(8) <0 forl<p<Sg (9)

where g;; represents an equality constraint, &, represents an inequality constraint, S is the number
of inequality constraintsin set Q.

Since the log likelihood function is concave, and the qualitative constraints are linear, Karush-
Kuhn-Tucker (KKT) conditions [10] become sufficient to determine the solution to Eq.(9). The
KKT conditionsfor the problem described in Eq.(9) are:

Sq
Vollp(0) = > Xijgi(0) =Y mphy(9)] =0, (10)
(1,5)€Q p=1
gij(0) =0, for  (i,j) € Q
hp(8) <0, for 1<p<Sg (11)
pp =0, for 1<p<Sq
pp xhp(0) =0, for 1<p<SYq

In optimization, an inequality constraint ., < 0 isactiveif h, = 0, or inactiveif h,, < 0. Based on
this definition, we will derive closed form solutions for each type of constraints.

4.1 RangeConstraints

Since range constraints (Eq.(4)) are applied to every individual parameters, we can solve the sub-
problems with range constraints within baseline sets. There are two constraints for each parameter
0k inabaseline set Q = {(i,5)}: h{(8) = 0ijr — i < 0 (upper bound constraint), and
R (0) = Bijk — b6 < 0 (lower bound constraint).

Asthe objective function is concave and the range constraints are linear, the maximum solution

either lies inside the feasible region defined by al constraints, when no constraint is active, or on
the boundary defined by the active constrains, when some of the constraints are active. Assuming

K, g and K¢ are the sets of active constraints for lower bound and upper bound of parametersin @

respectively, and Ko = K, g U K§ represents the set for all active constraints of parametersin @,
then the closed form solution for 6,5, is as follows:

Biji if ke K
Qijk if ke Kg
Oijr = . 12
" (- Z Bije = Z aijk)zmijkm otherwise (12)
kEK kEKE kEKq ik



Table 1. Search agorithm for finding active range constraints

Step1: Check the consistency of the range constraints:
0 < oyjr < 1,0 < By < 1, aujre > Biji,
Yorer Bige < Land 3000 i > 1forl <k <
r;. If satisfied, continue; else change constraints.

Step2:  If 3", ayj, = 1, al the upper bound constraints
should be active; elseif > Bijx = 1, dl the
lower bound constraints should be active. Else,
continue.

Step 3:  Perform the ML estimation of parameters without
congtraints. Check the constraints with the esti-

mated parameters 07, = “*. If no constraint
ij

is violated, then there is no active range constraint.

Else, continue.

Step 4:  List all possible combinationsof active constraints,
and remove the combination if it contains more
than r; — 1 active constraints or -, s Biji +

Q

Zkng @ijk > 1.

Step 5:  For each of the remaining combination, compute
Aij, until finding a A;; satisfying the criteria in
Eq.(13).

The derivation is as follows. From the first equation of KKT conditions (Eg.(11)), we obtain

Oijr = ﬁ Because 0; 5, cannot be greater than «; 55, and less than 3; ;. at the sametime, at
T Mg 'k

most one of the upper bound constraint /¢ and lower bound constraint hf for aparameter 6;;;, can
be active at atime. Based on whether thereis an active constraint for 6, two cases are considered.

e Case 1. If one of the upper bound and lower bound constraints is active, then 0 ;;,, = ;.
when h¢(0) = 0; and 8, = Bijx, when kY (8) = 0.

e Case2: If range constraints are not active, then h¢'(6) < 0, kit (6) < 0 and u§ = pf = 0.

Hence 6,;, = ”A—Jk Summing up over al parameters whose constraints are not active,
©j
3 nijk
. _ . _ kEK g J
we get: (1 — 3 hexs Figk = Lrery Wiik) = Ligrg Vuk = —x,— Thus,

we can obtain \;; = =3 yand O, = (1 — Ekng Bijk —

6 Bijk— E o Yijk
k k
€K €Ky

Zk,e[(g aijk)&, as shownin Eq.(12).

e
kgKg Ik

In this way, we derive the closed form solution for range constraints. To obtain solution in Eq.(12),
we need to identify active constraints. Table 1 summarizes the algorithm to find active range con-
straints. The main idea of this algorithm is to search for the active constraints using the criteriain
Eq.(13). Dueto the page limit, we do not provide the proof for this equation.

Niik
/\ij < —oq;k keK%
B Niik
)r\:,‘j.kZ —5:k - ke KQ. (13
Aij > (ﬁj—k, Aij < B;k otherwise

4.2 Intra-Reationship Constraints

An Intra-relationship constrai nt defines the rel ationship between two parameters within one baseline
set. Assuming parameters within one baseline set @ = {(i, j)} are 6,1, ...0,;,, which can be
partitioned into Q = AU B UC,where A = {a,lp = 1,2,...,50}, B = {bplp = 1,2,..., 50},



such that £, (0) = 0ija, — Oije, < 0,for 1 < p < S, and C is the set of parameters without
intra-relationship constraints, the closed form solution for parameter 6 ;;is as follows:

Nijap +Nijby . N

O — 72Nijn:_k if k= ap Orby adnija, > niy, (14)
N Otherwise

where N;; = 22;1 n;j,. Thederivationis similar to the onein Niculescu et al. [11].

4.3 Inter-Relationship Constraints

An Inter-relationship constraint defines the constraint applied on two parameters 6 ;. and 0 i1
from different baseline sets @ 4 and @Q g, thus the subproblem for parameters with an inter-
relationship constraint is applied on a combined parameter set Q = Q 4 U Q g, Where baseline
set QA = {<i/,j/>} and baseline set QB = {<i”,j”>}, such that h(&) = gi’j/a — gi”j”b < 0. Let
Ny = Z(i,j)EQA Nijk, Np = Z(i,j)EQB Nijky Mg = M4/ j'as and np, = i’ jb- The closed form
solution for parameters with inter-relationship constraint isas follows. If n,Ng — Nany >0

M ijk =1i'j'a or i"5"b
O = ¢ (1— gms ) w,2nn (J) €Qaandk #a (15)
(1 — o) s (i,j) € Qeandk #b
Else
Nijk i 1) € QA
bin = My (B 16
sk {N— (i,7) € Qp (16)
The brief derivation of the solutionis as follows. The KKT conditions are:
Vo[lp(0) — Aaga(0) — Apgp(0) — ph(0)] =0 (17)
gA(e) =0 93(9) =0 (18)
h(6) <0 w>0 pxh(0)=0
From the first equation of KKT conditions (Eq.(18)), we can obtain:
W k=i
o )\Biu ik =1"j
isn ik e Quandk #a (19)

Aa
n/\L_JJ; <17]>6QB andk7£b
Two cases are considered, depending on whether the inter-rel ationship constraint is active or not:

e Casel:h(f)=0andp >0
We can solve A 4, Ap, and i with the following equations:
Na _ ny __ Ngt+ng
Aatp /\B*va_ Aa+AB
Na —MNag
Aa+p + A)\A =1 (20)

ny Np—np _
AB—p + AB 1

Thefirst equation is (6) = 0, the second and the third are from g 4(¢) = 0, and g (0) =
0. Also, fromp > 0, wecanget n,Ng — Nany, > 0. Inthisway, we obtain the first part
of closed form solution (Eq.(16)).

e Case2: h(f) <O0andyu =0
It is equivalent to the case that no inequality constraints are applied. From g 4(0) = 0, we
canget Ay = > ; heg, Nijk = Na. Similarly, we can get Az = Np. Plug them into
Eq.(18), we can obtain the second part of closed form solution(Eq.(16)). From h(6) < 0,
weget n,Ng — Nany < 0.



5 Evaluation with Synthetic Data

In order to test the performance of our method against ML estimation and the standard EM algorithm
given sparse data and incompl ete data respectively, we test the algorithms on multiple BNs with the
same number of nodes of 20, but different randomly generated initial parameters and structures. For
one specific BN structure, 11 BNs with different initializations of parameters are generated. One of
them is treated as the ground truth, and 10 others as different initializations for parameter learning.
For the case of sparse data, 700 samples are generated from the ground truth BN, 200 for testing data
and the remaining 500 for training. For the case of incomplete data, 400 samples are drawn from the
ground truth BN, half for training, half for testing, and al training data associated with hidden nodes
are removed. To produce the needed constraints, for the case of sparse data, we randomly choose
a subset of parameters from all parameters, and impose constraints on the selected parameters. For
the case of incomplete data, we randomly choose parameters from only parameters for the hidden
nodes, and impose constraints on them. The number of constraintsin a CPT is no more than 2. For
performance characterization, the Kullback-Leibler (K-L) divergence is used, which measures the
distance between the |earned parameters and the ground truth.

With complete but sparse data, we compare the learning performance of ML estimation with
our method with range constraints, intra-relationship constraints and inter-relationship constraints
respectively, as shown in Figure 1. We can see that CML is better than ML estimation in both
mean and standard deviation of KL-divergence. More specifically, the mean K-L divergencefor ML
estimation is 0.2087, which decreases to 0.0786 for CML with range constraints, 0.1763 for CML
with intra-relationship constraints, and 0.1546 for CML with inter-relationship constraints.

Intra Relation traints
1

—S-ML —S-NL

—k-cmL Lofleem

—=-ML
——cmL

8 10 12 14 16 18 20 h 2 4 6
Node Index

(@l

8 10 12 14 16 18 20 h 2 4 6
Node Index

(b.2)

8 100 1z 14
Node Index

(c.1)

Figure 1: Sparse DataL earning Results Comparisonsw.r.t K-L divergence: ML estimationvs. CML.
(a) range constraints; (b) intra-relationship constraints; (€) inter-relationship constraints.

With incompl ete data, we compare the learning performance of our method with standard EM
method as shown in Figure 2. The average K-L divergence of hidden nodes decreases from 0.6437
for EM to 0.2361 for CEM with range constraints, 0.3830 for CEM with intra-relationship con-
straints, and 0.4864 for CEM with inter-relationship constraints. The improvements are especially
significant for the hidden nodes (nodes 13 to 20).

16 18 20

Range Constraints

KL-divergence

10 15 20
Node Index

(@l

KL-divergence

Intra Relationship Constraints

5
—=—EM

15 20

10
Node Index

(b.1)

KL-divergence

Inter Relationship Constraints

5
—=—EM

15 20

10
Node Index

(c.D)

Figure 2: Incomplete Data L earning Results Comparisonsusing w.r.t K-L divergence: EM vs. CEM.
(a) range constraints; (b) intra-relationship constraints; (€) inter-relationship constraints.



6 Conclusion

Qualitative domain knowledge generally exists in applications. We define two types of constraints
to represent the qualitative domain knowledge, and derive closed form solution for the maximum
likelihood parameter estimator with the two types of constraints respectively. For the case of sparse
data, we directly apply our constrained maximum likelihood estimator, while for incomplete data,
we extend EM method by replacing M step with our constrained maximum likelihood estimator. The
experimental results from synthetic data demonstrate that our method can fully exploit the domain
knowledge to improve parameter |earning accuracy.
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Abstract

This report summarizes the preliminary work we have done to
evaluate the effectivness of modeling and evaluating an EBO-based
military planning using the Influence Diagram (ID). It includes con-
struction of an ID model, its parameterization, and evaluation of the
model using different action-selection strategies.

1 Introduction

A military plan includes various military actions, the effects of these actions,
as well as sensory observations that assess the effectiveness of the actions.
In addition, a miliary plan also includes its goal as well as subgoals that are
needed to achieve the goal. For effects-based military planning, we need a
model that can model different factors, their uncertainties, and their depen-
dencies. In addition, the model should have a mechanism that can propagate
the action effects, their uncertainties, and their dynamics. To meet these
requirements, a probabilistic framework based on the dynamic Influence Di-
agram (DID) is used.

An Influence Diagram(ID) is a directed acyclic graph which consists of
random nodes, decision nodes, and the value (utility) nodes. Here, the sen-
sors and the actions are represented by the decision nodes. The action effects,
the goal and subgoals, and the observations are represented by the random
nodes. The utility of a sensor or an action is represented by the utility nodes.
Figure 1 shows a generic ID for EBO-based planing modeling. Figure 2 shows
the application of the model to a specific military planning problem.

2 Model Description

2.1 Structure of the Model

Figure 3 shows an example ID structure for a generic military planning prob-
lem. The planning problem consists of 4 military actions, a goal, and several
subgoals. In total, there are 33 nodes in this ID, and all the random nodes
and decision nodes are binary. Specifically, circular nodes represent the ran-
dom variables, rectangular nodes are the decision variables, and the diamond
nodes are the utility variables. G node depicts the goal of the military plan



Figure 1: A generic influence diagram for EBO modeling

to achieve. Gy node is the goal node in the last time slice. SG and SSG rep-
resent the sub-goal and sub-subgoal that are needed to achieve the goal. The
action effects are represented by the E nodes. The A nodes represents the
military actions, the sensing operations that assess the miliary action effects
are represented by the S nodes. The sensory observations resulted from the
sensing operations are represented by the O nodes. Finally, the diamond U
nodes represent the action utilities.

2.2 Parameters of the Model

Given the topology of the model, the next task it to parameterize the model.
Model parametrization requires to specify the conditional probabilities of
each node given each configuration of its parents. Model parametrization



Figure 2: An example DID for EBO-based military plan modeling and as-
sessment, where the circular nodes at the bottom represent various actions
and the rectangular nodes the action effects.

can be done automatically through a learning method or manually by a
domain expert. Here, we manually set the parameters.

Specifically, Table 1 summarizes the conditional probability tables (CPTs)
of the model shown in Fig. 3. Table 1 (a) provides the CPTs for the effect
nodes E, table 1 (b) provides the CPTs for the observation nodes O, and
table 1 (c) consists of the CPTs for the goal node. Each node has two val-
ues, with 1 being false and 2 being true. In addition, a random number r
between -0.05 and 0.05 is added to the probabilities to vary the effects of
different actions.

We also need specify the parameters for the utility nodes. Table 2 shows
the utility functions associated with the action and sensor nodes. The utility
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Figure 3: A Dynamic Influence Diagram model for a generic military plan-
ning.

of a military action is measured by its contribution to achieving the military
goal or subgoal while the utility of a sensing action is measured by the tradeoff
between its cost and its contribution to understanding the effect of an action.
These utility values vary from action to action and they also vary over time.
For this study, their values are randomly assigned.

The parameters of all the nodes are assigned based on the following heuris-
tic rules:

1. If there is no action, then there is no effect. Thus, when an A node
equals to false, the probability of the corresponding E node being True
is zero.

2. We assume that the sensors can effectively detect the effect of an action,



which means that if there is an effect, the probability of observation
being true is 0.7.

3. With the accomplishment of both subgoals, the chance of goal node
equals to true is also high. On the other hand, if either of the subgoals
is achieved, the chance of goal node being true is low. As the two sub-
goals may be of different importance in accomplishing the goal, the
probability of goal given each subgoal is, therefore, different.

4. After every time slice, the probability of the goal node at next time
slice will be initialized as the value of Gy node. At the initial time
slice, the probability of Gy node being true is 0.5.

3 Model Evaluation

Figure 4 provides the flowchart that we use to evaluate the model. Basically,
the process repeats like this. At first, we initialize the prior probability of
goal attainment to be 0.5, and then begin to iteratively choose the best plan
until the probability of achieving the goal is high enough or the net expected
utility of the selected plan is too low. The two thresholds can be set according
to the real conditions.

During each iteration, if the probability of achieving the goal is below a
threshold, we proceed to identify a military plan that can maximally improve
the chance of the goal attainment. Once the plan is identified, the actions
of the plan are executed, and the action effects are propagated. This is
then followed by activating the corresponding sensory operations to assess
the effects the actions. The acquired sensory observations are propagated
through the model to update its joint probabilities. This propagation also
updates the probability of the goal node. The process then repeats. In
summary, the process includes the following steps:

e The first step is to infer probability of goal node to decide whether to
take further actions or to stop.

e If in the first step, we did not stop, we identify the best plan, execute
its constituent actions, and propagate their effects.



Table 1: Conditional Probability Tables: (a) effect nodes; (b) observation
nodes; (c) the goal node

P(EJA)(i=1,2,3,4) E; =1 E, =2
A =1 1 0
(a)
P(OJE) | O=1 0=2
E=1 0.8 0.2
E=2 03 0.7
(b)
P(G = 2]5SG1, SG2, Gy)
(2,2,2) 0.99
(1,2,1) 0.65
(2,1,2) 0.97
(2,1,1) 0.58
(1,1,2) 0.89
(2,2,1) 0.81
(1,2,2) 0.92
(1,1,1) 0.01
©

Table 2: Utility functions: (a)and (b) action utilties with respect to goal; (c)
costs of sensing operations.

U U(4) U(S:)
G=1]0 | [A=1(G=1,234) 0 S =1(i=1,2,3,4) 0
G=2110] | A;=2(i=1,2,3,4) | rand(0,1) | | S;=2(i =1,2,3,4) | rand(0,1)

(a) (b) (c)
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e The third step is to obtain the observations, which provides an assess-
ment of the results of action effects, and to propagate the observations
to update the goal attainment probability.

4 Action Selection Methods

To form a military plan, we need identify its constituent actions. There are
three kinds of criteria, on which actions are selected.

1. Only one action is chosen each time. Two algorithms are implemented
here. Algorithm brute force 1 chooses the best action which maximizes
the net expected utility(i.e.,E5(U) in Eq. 1). Algorithm random 1
randomly chooses one action each time.

2. Obtain a plan consisting of a set of actions, that maximizes the net
expected utility without considering action costs. Three algorithms
are implemented here: brute force, greedy, and random selection.

3. Obtain a plan to maximize the net expected utility while the cost of the
plan is under a given budget limit. Three algorithms are implemented
here: brute force, simple selection, and the random selection. All are
subject to an upper budget limit.

The expected utility of a plan is defined as
By = By(U) — S, U(A) (1)

where the first item represents the net expected utility (Eq. 2) of the plan
0, which consists of a series of actions. The second item is the cost of the
plan, which consists of costs of all the actions involved in the plan. n is the
number of actions that can be chosen in a plan.

E5(U) = ;P(G:ﬂé) * U(G = 1) (2)

4.1 One Action for Each Plan
4.1.1 Brute Force 1

Brute force 1 finds the best action based on the net expected utility. Table
3 summarizes the algorithm.



Table 3: Brute Force Action Selection Method

Step 1: List all the candidate actions.
Step 2:  Compute the net expected utility for each action.
Step 3:  Find the best action which maximizes Es(U).

4.1.2 Random 1

Random 1 randomly selects an action from the candidate actions every time.

4.2 Multiple Actions for Each Plan: No Cost
4.2.1 Brute Force

Brute force can find the optimal plan with the largest net expected utility.
There is no limit on the number of actions in a plan. The algorithm is
described in Table 4.

Table 4: Brute Force Action Selection Method

Step 1: List all the possible plans (combinations of actions).
Step 2:  Compute the net expected utility for each combination.
Step 3:  Find the best plan which maximizes Es(U)

4.2.2 Multiple Actions for Each Plan: Greedy Method

For a large model with many action nodes, it will take much time to find the
global optimal plan using a brute force method. Greedy method, which costs
less time, is an alternative to brute force method to find a local optimal plan
efficiently. Table 5 summarizes the greedy action selection algorithm.
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Table 5: Greedy Action Selection Method

Step 1:  Compute the net expected utility for each solo action.

Step 2:  Find the best action which maximizes the net expected utility, and add
it to a plan.

Step 3: Find an action in the remaining actions which can maximize the net
expected utility, when combined with the chosen actions as a new plan

Step 4: This process repeats until the net expected utility of the plan peaks.

4.2.3 Multiple Actions for Each Plan: Random Selection

To compare with the brute force and the greedy method, we also implement
the random selection method. For the random selection method, we confine
the maximum number of actions selected by the random algorithm to the
maximum number of actions selected by the brute force algorithm. Table 6
summarizes the process of random selection.

Table 6: Random Action Selection Method

Step 1: Identify the number of actions selected by the bruce force method.
Step 2: Randomly choose the same number of actions to form a plan.

4.3 Multiple Actions for Each Plan with a Budget limit
4.3.1 Brute Force with a budget limit

Brute force with a budge limit, which is described in Table 7, finds a plan to
maximize the net expected utility subject to a budget limit.

4.3.2 Simple Method with a budget limit

Simple method with a budget limit simply chooses the first several actions
whose total cost is under the given budget limit. The algorithm is summa-

11



Table 7: Brute Force Action Selection Method

Step 1: List all the possible plans (combinations of actions).

Step 2:  Compute the cost of all the plans respectively. If the cost of a plan is
beyond the given budget limit, remove it from the possible plans.

Step 2:  Compute the net expected utility for the remaining plans respectively.

Step 3:  Find the best plan which maximizes the net expected utility.

rized in Table 8.

Table 8: Simple Action Selection Method with a Budget Limit

Step 1: Compute the net expected utility for each solo action, and sort the
actions in descending order.

Step 2:  Choose the first several actions whose sum of costs is under the given
budget limit.

4.3.3 Random Selection with a budget limit

Random selection with a budget limit randomly selects a plan whose cost is
under the budget limit. The algorithm is summarized in Table 9.

Table 9: Random Action Selection Method

Step 1: Randomly choose several actions as a plan.
Step 2:  Check whether the cost of the plan is beyond the budget limit. If so,
go to step 1. Otherwise terminate the program and output the plan.

12



5 Experiment Results

To test the various action selection methods mentioned above, we conducted
three experiments. All the experiments are based on the model shown in Fig.
3. Since the observation nodes are instantiated randomly, the probability of
goal attainment also varies. Hence, we perform each experiment 20 times to
obtain the average.

5.1 Experiment 1: one action for each plan

In the first experiment, one action is chosen every time. The experiment
results are shown in Fig. 5. Figure 5 (a) is the net expected utility of the
selected plan in each time slice, and (b) is the corresponding probability of
goal attainment. The median of each bar is the mean value, and the height
of the bar is the standard deviation, which is obtained from 20 experimental
results.

The algorithm marked by ‘best1’ is brute force 1 algorithm, which chooses
one best action based on the net expected utility criterion, and the algorithm
marked by ‘randoml’ chooses one action randomly. We can see from the
figures that the mean of the net expected utility of brute force 1 is greater
than random 1 in each time slice except for the start point, when they are
equal.

5.2 Experiment 2: Multiple Actions without Cost

In this experiment, we test the algorithm brute force, greedy and random
action selection. The first two algorithms choose actions based on the net
expected utility. The random selection selects actions randomly. We confine
the maximum number of actions selected by the random algorithm to be
the same as the maximum number of actions selected by the brute force
algorithm.

Figure 6 shows the experiment results. Figure 6 (a) is the net expected
utility in each time slice, and (b) is the corresponding probability of goal
attainment. We can see from the figures that the mean net expected utility
of the plan using the brute force and greedy methods is greater than that
of the random method in each time slice except for the starting point, when
they are all the same. The experiment result of brute force is close to that

13
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Figure 5: Experiment 1 Results: (a) Expected utility of the selected plan
at each time instant; (b) Probability of goal attainment after executing the
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of greedy algorithm, while in some time slice, it is a little better than the
greedy method. Computationally however, the greedy method is much faster
than the brute force method. Finally, the height of the error bar, which
represents the standard derivation, shows the impact of observation variation
on the experimental results. If the observations are false, it may decrease the
value of a plan, and on the other hand, if they are true, it may increase the
performance of a plan.
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Figure 6: Experiment 2 Results: (a) Expected utility of the selected plan,
(b) Probability of goal attainment after executing the selected plan at each

time instant.

5.3 Experiment 3: Multiple Actions with Cost

In this experiment, we test the brute force, simple method and random action
selection methods, all under a budget limit on cost of the selected plan. The
fist two algorithms choose actions to maximize the net expected utility given
a budget limit. The random selection randomly selects a plan under the
given budget limit. Figure 7 shows the experiment results. Similar to the
experiment results above, Figure 7 (a) is the net expected utility of the
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selected plan for each time slice, and (b) is the corresponding probability of
goal attainment.

To maximize the expected utility, we are to maximize the probability of
goal attainment. We can see from (b) that both simple method and brute
force perform are much better than the random method in goal attainment.
Brute force with a budget limit achieves the threshold most quickly, followed
by the simple method. Random method with a budget limit takes the longest
time to reach the threshold, and sometimes it never achieves it. The simple
method, compared with the brute force method, is computationally much
more efficient.

Table 10 shows the steps taken by the three algorithms respectively in one
experiment. Index is the number of time slice. Index 0 is the initial point.
Actions are the index of actions chosen in the time slice. Observations are
the observation results. 0 means no observation, 1 means false and 2 means
true.
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Figure 7: Experiment 3 Results: (a) Expected utility of the selected plan;
(b) Probability of goal attainment
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Table 10: Budge limit cases: (a) Brute force method; (b) Simple method; (c)

Random selection method

17

Index | Actions | Observations | P(G = 2)
0 i 0000] 0.532
1 | 134 | [1012] 0.805
2 | 123 | [2210] 0.900

(a)

Index | Actions | Observations | P(G = 2)
0 0 0000] 0.532
1 | 142 | [1202] 0.8284
2 1 3] [1010] 0.8476
3 1 3] 1020] 0.8826

(b)

Index | Actions | Observations | P(G = 2)
0 i 0000] 0.532
1 2 3] 0120] 0.7505
2 2 4] 0201] 0.8456
3 4] 0002] 0.849
4 [4] 0002 0.8495
5 2] 0100] 0.8315
6 1] 2000] 0.8531
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5.4 Conclusion

This preliminary study demonstrates the promise of the influence diagram
for EBO-based miliary modeling and assessment. Specifically, for modeling,
an ID can effectively represent actions, their effects, their relationships, and
their uncertainties. In addition, through belief propagation, action effects
and their uncertainties can be systematically propagated through the model.

For plan assessment, we perform three experiments to evaluate the perfor-
mance of three different action selection strategies in terms of their optimality
and efficiency in action selection. Specifically, in the first two experiments,
net expected utility is used as the criterion, so the experiment results show
that the action selection methods, such as brute force and greedy method,
are better than the random algorithm in net expected utility in each time
slice. But their performance with respect to the goal attainment appear to be
comparable. This needs to be further investigated. In the third experiment,
the net expected utility is used with a budget limit. As the utility function
for the goal never changes over time, the probability of goal attainment is
maximized with the maximization of the expected utility. From the exper-
iment 3 results, we can conclude that that both brute force with a budget
limit and simple method perform better than random selection with a budget
limit, helping achieving the plan goal faster.

While the experiments identify a few issues, the experimental results re-
main preliminary, and further studies and analysis will be needed.

6 Appendix: An efficient method for com-
puting the expected utility

In this section, we try to find a method to improve computational complexity
of the action selection algorithm. Regardless of the action selection method
we use (except for the random method), we need the probability of goal
attainment to compute the expected utility or the net expected utility. In
the action selection methods described above, we need to perform inference
in every time slice to obtain the probability of goal attainment. But if we can
find a more efficient way to compute the probability of goal attainment, we
may decrease the computational complexity of the action selection method.

A general ID for military models is shown in Figure 8. There are n actions
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and m subgoals in the model. The structure of model inside the dotted lines
can be arbitrary, which means we will not consider the specific number of
nodes or lines in the region.

Figure 8: A general ID for military plan modeling

As we can see from the general military model above, the only parameter
that changes over time is the probability of goal in last time slice. As the
structure and other parameters remain the same over time, we may factorize
the constant coefficients for the fixed structure so that they only need be
computed once.

Specifically, given the structure described in Figure 8, we can derive the
probability of goal attainment as follows:
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where,

A = {A, .., A)
SG = {SGi,..,SGn}

where A represents all the action variables. SG represents all the subgoals
connected to the goal. n and m are the total number of actions and the
number of subgoals respectively.

Based on the equations above, we can see that the probability of goal
attainment given different actions only depends on x, because other factors
in the equation are constant, which will not change over time. We can only
compute each combination of the constant factor once when we first use
them, and use them again later without recomputing them again. This will
lead to computational saving.
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1 Introduction

An important issue in effects-based operation (EBO) is evaluation of the effects of a military
plan. A military plan consists of a set of selected actions and their execution timings. For
each available action, a planner must decide whether to include it in the plan. In making
these choices, the planner’s objective is to identify a plan that maximizes the probability of
achieving the military objectives while minimizing the associated costs. As the number of
possible plans increases exponentially with the number of actions, determining the optimal
plan via an exhaustive search of the plan space becomes computationally intractable and
practically infeasible. We propose a factorization procedure to significantly reduce the evalu-
ation time for each plan by exploiting the common computations associated with evaluating
each plan. Experimental study of our method shows that it can often reduce the evalua-
tion time by orders of magnitude. In addition, the proposed method offers exact solution,
therefore avoiding the convergence problem plaguing the commonly employed approximate
inference methods such as logic sampling.

2 Proposed Solution

We model the military planning problem using an Influence Diagram (ID) as shown in Figure
1. Different from causal model in [1], an influence diagram explicitly includes the action
nodes and the value nodes. The primary military actions are represented by the rectangular
nodes X; (¢ € {1,...,n}) while the top node H represents the military goal. FEach action
node X is associated with a value node U;, encoding the cost of performing the action. The
cost for an action includes physical cost, collateral damages, political cost, etc.. The goal
node H is also associated with a value node U, encoding the value of goal attainment. In
general, the actions do not influence the overall goal directly; instead their consequences
propagate through a set of intermediate subgoals/tasks whose realization lead to the goal
success. In an ID, these subgoals/tasks are represented by the intermediate circular nodes
Y]Z(] € {1,...,m;}), which represents the j-th subgoal at level ! The links in an ID specify
three classes of probabilistic relations: the relation between the action nodes and lowest-level
subgoals, the relation among the many subgoals, and the relation between the highest-level
subgoals and the overall goal.

Given such an ID, for each action node X;, a plan § prescribes an action choice §(X;) of
a; or —a;, where a; stands for the selection of action X; and —a; represents otherwise. Thus,
a plan § can be denoted by § = {6(X1),...,d(X,)}. Let g(U;|6(X;)) and g(U|H) be the cost
of performing action X; and the value of goal attainment respectively, then the expected net
utility of executing a plan ¢ is n

Bs = Es[U] = > g(Ui|8(X). (1)

=1

where the first term, Es[U] = Y5 P(H|0)g(U|H), represents the expected utility of the goal
and the second term is the combined cost of executing the selected actions. The optimal
plan ¢* is the one that maximizes s over all plans, i.e.,

! For simplicity, we assume that the subgoal nodes are structured in three levels, although our factorization
approach generalizes to arbitrary levels.



Figure 1: A casual influence diagram modeling the military planning problem, where squares
are action nodes, circles represent subgoals/tasks and the goal, and diamonds are value nodes.

0" = arg max Es (2)

The brute-force approach requires to evaluate all 2" plans for n actions to identify the
optimal plan. In this report, we present an approach that can significantly reduce the
evaluation time for each plan.

3 A Factorization Approach to Efficient Plan Evalua-
tion

We propose a factorization procedure that allows to efficiently evaluate each plan by exploit-
ing the common computations in the network. The method allows a plan to be evaluated
often in orders of magnitude time less than the normal evaluation. Specifically, with respect
to the ID in Figure 1, E5[U] can be computed as

EslUT =32 >0 >0 > WL P(YR[OITZ, P(YRIYY, JIRL, POYRIYE,, Y ) P(H|YY,, )g(ULH).

J1=1 J2=1 Ja=1 3

H 1 2 3
Yl:ml Yl:m2 Yl:m3

where Y7, denotes {Y{,..., Y, } for the nodes at the i-th level.
Exchanging the summing order among variables, we have

BU) =Sy, |Su Sz, Sve, T POV, L POEIYE, Y POV, )o(U|H)

J2=1 2 Jz=1 3

7L, P(Y}6)]

J1=1
Let us define two functions fir and fs corresponding to the terms within the two brackets.

fo=2n2vz, Yvp, 02, PO(Y2 YL, e, P(YE Y, Y P(HIYY,, )g(U|H)
fs =1L P(Y}}]9)

J1=1

(4)



With these two functions, we rewrite E;s[U] in Equation (3) as

BlUl= Y fuks (5)
ViV

It can be seen that the function fy is independent of the plan 4 while the function fs is

dependent on the plan 4. In other words, the computations for fiy need to be computed

only once but can be used across all plans. These computations can be factored out. The

factorization plan evaluation can be implemented as follows

1. Pre-compute the quantities fi; for all plans
For each plan ¢
compute f; for each assignment of Y\
compute F5[U] by Equation (5)

3. Return the plan 6* that maximizes FEs[U]

Table 1: The factorization approach to ID evaluation

4 Experiments

We have conducted experiments to evaluate the performance of the factorization approach.
In our experiments, we use the IDs in Figure 1 as the test example. The CPTs are ran-
domly generated. The value functions for value nodes are manually specified. The code is
written in Matlab V6.5 and runs in a laptop with a 2.0 GHz CPU under Windows XP. In
our experiments, we compare the factorization approach against the generic brute-forced ap-
proach. For convenience, we refer to them respectively as evalCS (named after Computation
Sharing) and evalBF (named after Brute-Forced).

To see how the performance of the algorithms vary with the number of action nodes, we
fix the number of subgoal nodes at each level at four and vary the number of action nodes.
Thus the static ID with n action nodes has additionally 10 random nodes and n+1 value
nodes. We ran evalBF and evalCS for seven problems with n = 3,5,...,13. The timing
data are presented in left chart of Figure 2. The chart gives the total CPU seconds that the
algorithms took for each of the problems. Note that the vertical axis is drawn in log-scale.
The solid (dashed) curve is for evalCS(evalBF). It can be seen that evalCS is considerably
more efficient than evaBF. For instance, by our collected data, for n = 9, to evaluate 512
plans, evalCS took 3.51 seconds while evalBF 646.74 seconds; for n = 13, to evaluate 8192
plans, evalCS used 46.32 seconds while evalBF 9284.05 seconds.

5 Conclusions and Future Work

In this report, we proposed a factorization approach to significantly reduce the time for the
evaluation of a military plan. Our approach identifies the common computations used by all
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Figure 2: Performance comparison of evalBF and evalCS

plans and factors these computations out so that they only need be computed once. This
has resulted in a significant computational saving, often by several orders of magnitude.
Experimental results validate our method.

Despite these successes, there remains work to do for the factorization procedure. So far,
our method is only applied to static ID. Further investigations, theoretical developments,
and experimental validations are necessary to extend our method to handle dynamic net-
work, network with evidences, and other complex network structures including those highly
non-layered networks and those with utilities attached to the intermediate nodes. In addi-
tion, we need develop the theories for analytically determining the upper and lower bound
performance for a given network, without explicitly evaluating any plan. This allows the
planner to commence plan evaluation to identify the best one only if the upper bound and
lower bound performance exceeds his/her expectation.
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Abstract

Graphical models (GMs) such as Bayesian Networks (BN) or the Influence Di-
agrams (ID) are being increasingly applied to many different applications. One
bottleneck in using GMs s that learning the GM model parameters often requires
arelativelarge amount of training data. However, inreal life and for many applica-
tions, training datais often incomplete or sparse, which can cause low learning ac-
curacy. Incorporating domain knowledge can help aleviate this problem. Instead
of using quantitative prior knowledge as used by most of the existing methods,
this paper introduces a novel learning method based on systematically combining
the training data with some qualitative knowledge.

To validate our method, we compare it with the Maximum Likelihood (ML) es-
timation method under sparse data and with the Expectation Maximization (EM)
agorithm under incompl ete data respectively. The experimental results show that
our method improvesthe parameter learning accuracy significantly compared with
both ML and EM & gorithms.

1 Introduction

Among all the issues of graphical models, parameter learning is one of the main challenges. Pa-
rameter learning is to estimate the entries of the conditional probability distributions (CPDs) given
the structure of a model. Many learning techniques rely heavily on training data [7]. Idedlly, with
sufficient data, it is possible to learn the parameters by standard statistical analysis like maximum
likelihood (ML) estimation. In many real-world cases, however, the data are either incomplete or
sparse, which can cause inaccurate parameter estimation. Dataincompletenessis defined as missing
of datafor some parameters, while data sparseness means the amount of training dataiis limited.

When data are incomplete, Expectation-Maximization (EM) [3] agorithm is often used. Most
EM-based methodswork under the assumption that data are missing at random (MAR), which means
the missing values can be estimated by the observed ones in some way. However, when data are
missing completely at random (MCAR), e.g data of hidden nodes, the learned parameters could be
far from the ground truth. The reason is that the missing data do not even depend on the observed
ones, and there is no way to estimate the missing data only from the observed ones.

In our paper, we propose a framework to solve the parameter learning problem by combining
guantitative data and domain knowledge in the form of qualitative constraints. Two kinds of qual-
itative constraints are defined: range constraints which are applied to individual parameters; and
relationship constraints which are applied to pairs of parameters. For sparse but complete data, we
solve the learning task by reformulating the problem as a constrained ML (CML) problem. For
incompl ete data, we introduce the constrained EM (CEM) by adding constraints to the M step, and
iteratively solve the learning problem. In addition, we provide closed form solutions to both CML
and CEM.



2 Redated Work

We have aready discussed that one of the shortcomings of EM agorithmsiis that it can easily be
trapped in a local maximum when data are MCAR. Till now, there are many different methods
to help EM to escape from the local maximum, such as the information-bottleneck EM algorithm
[4], data perturbing method [5], and Al&M procedure [8]. These methods focus on improving the
machine learning techniques, but ignoring the useful domain knowledge.

Domain knowledge can be classified as quantitative and qualitative knowledge, which describe
the explicit quantification of parameters, and approximate characterizations of parameters respec-
tively. Both kinds of domain knowledge are useful for parameter learning. While the quantitative
knowledge has been widely used in the form of prior probability distributions, qualitative constraints
have not been fully exploited in parameter learning yet.

Wittig et al. [12] present a method to integrate qualitative constraints into two learning a-
gorithms, APN [9] and EM, by adding violation functions as a penalty term to the log likelihood
function. They show that domain knowledge in the form of constraints can improve learning accu-
racy. However, this penalty-based method cannot guarantee to find the global maximum. Besides,
the weights for the penalty functions often need be manually tuned, depending on applications. Al-
tendorf et al. [1] describesamethod to incorporate monotonicity constraintsinto learning algorithm.
It is based on the assumption that the values of the variables can be totally ordered. Additionally, it
also uses the penalty functions, which suffers from the same problem as [12]. Feelders and Van der
Gaag [6] incorporate some simple inequality constraints in the learning process. They assume that
all the variables are binary. The constraints used in the above methods [1, 12, 6] are restrictive, as
each constraint hasto involve all parametersin a conditional probability table (CPT).

Camposand Cozman [2] formulate the learning problem as a constrai ned optimization problem.
However, they do not provide a specific method to solve the optimization problem. Niculescu et
al. [11] also solve the learning problem by optimization techniques. They derive the closed form
solutions with ML estimation for two kinds of constraints: inequalities between sums of parameters
and upper bounds on sum of parameters within a CPT. There are two main limitations of their
method: First, they assume one parameter can and only can have one constraint, and there is no
overlap between parameters of different constraints. Second, their method cannot handl e constraints
from different CPTs. We improve their method by deriving the closed form solution for range
constraints, which contain both upper bound and lower bound constraints for the same parameters.
In addition, the relationship constraints defined in our paper can either be within or between CPTSs.

3 Problem Definition and Approach

3.1 Basic Parameter Learning Theory

We focus on parameter learning in a Bayesian Networks with all discrete nodes, where the structure
isknown in advance. The method can be extended to other graphical modelsincluding the IDs. The
notations are defined as follows. Assume a BN with n nodes, @ is the entire vector of parameters,
and ¢, ;5 denotes one of the parameters. 0, = p(z¥|pal), wherei (i = 1,...,n) ranges over
al the variablesinthe BN, j (5 = 1,...,¢;) ranges over al the possible parent configurations of
node (variable) X;, and k (k = 1,...,r;) ranges over al the possible states of X ;. Therefore, 2%
represents the kth state of node X ;, and pa? isthe jth parent configuration of node X ;.

Given adataset D = {D;, ..., Dx}, which consists of samples of the BN nodes, the goa of
parameter learning is to find the most probable values 6 for ¢ that can best explain the dataset D,
whichisusually quantified by thelog likelihood functionlog(p(D|6)), denoted as L p(6). Assuming
that the exampl es are drawn independently from the underlying distribution, based on the conditional
independence assumptionsin BNs, we have the log likelihood function in Eq.(1), wheren ;;;, isthe
count for the case that node i has the state k, with the state configuration j for its parent nodes.

n o qi 7

Lp@®) =log [T TT ¢ (N

i=1j=1k=1



If the dataset D is complete, ML estimation method can be described as a constrained optimiza-
tion problem, i.e. maximize (Eq.(2)), subject to n equality constrains (Eq.(3)).

Max Lp(0) 2
ST. gij(0) => 1 0ijk —1=0 (3

where g;; imposes the constraint that each parameter sumsto 1 over &l itsstate, 1 <7 <nand1 <
J<a.

If dataset D is incomplete, ML estimation cannot be applied directly. A common method is
standard EM algorithm [3], which starts from some initia point, and then iteratively takes E step
and M step to get a local maximum of the likelihood function. Particularly for discrete nodes,
E step computes the expected counts for al parameters, and M step estimates the parameters by
maximizing log likelihood function, given the counts from E step. EM algorithm can guarantee to
convergeto alocal maximum. However, depending on different initializations, it may convergeto
different local maxima. When there are alarge number of missing data, which meansthere are many
local maxima, EM algorithm can get stuck in alocal maximum far away from the global one.

3.2 Qualitative Constraints

We introduce two kinds of qualitative constraints, which can be easily specified by domain experts.
They are range and relationship constraints.

Range constraint defines the upper bound and lower bound of some parameters. Assuming « ;i
and (3, are the upper bound and lower bound for parameter 6 ;;,, then the range constraints can be
defined as follows:

Biji < Oijre < i (4)
where 0 < g, <land0 < By < 1

Relationship constraint defines the rel ative rel ationship between apair of parameters. If both of
the two parametersin arelationship constraint share the same node index 4, and parent configuration
7, the constraint is called intra-rel ationship constraint, which can be represented as follows:

Oijr < 051 Where k # K (5)

If the two parametersin arelative relationship constraint do not satisfy the requirement of anintra-

relationship constraint, the constraint is called inter-relationship constraint. It can be described as
follows:

Oijk, < 0y/1y Whered # ' or j # 5’ (6)

3.3 Overview of Our Approach

We aim to solve the learning problem by reformulating the problem as a constrained based opti-
mization problem, i.e.,

Max Lp(9) (7
ST. gi;(0) =37 ,0ix—1=0, 1<i<n,andl1<j<g

where h,(z) < 0 denotes the inequality constraints, and S is the total number of inequality con-
straints. Using the Lagrange multipliers A;; and y,, the objective function to be maximized can be
incorporated with the constraints, producing the following augmented objective function

n qi

S
FO)=Lp0) = > > Xijgi(0) = > uphy(0) €)
k=1

i=1 j=1

Given Eq.(8), for sparse but complete data, we can directly apply the CML method by maxi-
mizing Eq.(8) to estimate the parameters. For incomplete data, we can replace the M step of EM
algorithm by the solution to Eq.(8), and iteratively obtain the estimation of the parameters. In the
section to follow, we introduce our solution to Eq.(8).



4 Parameter Learning With Qualitative Constraints

In this section, we derive the closed form solutions for maximizing Eq.(8) under different types
of constraints. Because of the decomposability of the log likelihood function, we can deal with
small independent optimization subproblems on independent parameter sets separately instead of
dealing with all parameters simultaneously. For this, we define two kinds of parameter sets. oneis
the baseline set, which contains parameters with the same node and the same parent configuration;
the other is the combined set, which contains several baseline sets. We first separate parametersinto
baseline sets, and then if thereis a constraint on parameters from different baseline sets, we combine
those baseline sets into one new combined set. This process continues until there is no constraint
on parameters from different sets. After decomposition of parameters, we solve the constrained
optimization subproblems set by set independently.

Specifically, let @ denote a parameter set. Since parameters from one baseline set share the
same node i and the same parent configuration j, we use (i, j) to denote the index of a baseline
set. A baseline set can be denoted as Q = {(3, j) }, while a combined set, which consists of several
baseline sets, can be denoted as Q@ = {(i, ), (', 5'), ...}.

The parameter learning problem can be decomposed into subproblems, one for each set of
parameters. A subproblem can be formulated as follows:

Max Ip(0) = log H(i,j)EQ H?:l 97;1?
ST. Gij (9) = £7=1 Gijk, —1=0 for <Z,]> (S Q
hp(8) <0 forl<p<Sg (9)

where g;; represents an equality constraint, &, represents an inequality constraint, S is the number
of inequality constraintsin set Q.

Since the log likelihood function is concave, and the qualitative constraints are linear, Karush-
Kuhn-Tucker (KKT) conditions [10] become sufficient to determine the solution to Eq.(9). The
KKT conditionsfor the problem described in Eq.(9) are:

Sq
Vollp(0) = > Xijgi(0) =Y mphy(9)] =0, (10)
(1,5)€Q p=1
gij(0) =0, for  (i,j) € Q
hp(8) <0, for 1<p<Sg (11)
pp =0, for 1<p<Sq
pp xhp(0) =0, for 1<p<SYq

In optimization, an inequality constraint ., < 0 isactiveif h, = 0, or inactiveif h,, < 0. Based on
this definition, we will derive closed form solutions for each type of constraints.

4.1 RangeConstraints

Since range constraints (Eq.(4)) are applied to every individual parameters, we can solve the sub-
problems with range constraints within baseline sets. There are two constraints for each parameter
0k inabaseline set Q = {(i,5)}: h{(8) = 0ijr — i < 0 (upper bound constraint), and
R (0) = Bijk — b6 < 0 (lower bound constraint).

Asthe objective function is concave and the range constraints are linear, the maximum solution

either lies inside the feasible region defined by al constraints, when no constraint is active, or on
the boundary defined by the active constrains, when some of the constraints are active. Assuming

K, g and K¢ are the sets of active constraints for lower bound and upper bound of parametersin @

respectively, and Ko = K, g U K§ represents the set for all active constraints of parametersin @,
then the closed form solution for 6,5, is as follows:

Biji if ke K
Qijk if ke Kg
Oijr = . 12
" (- Z Bije = Z aijk)zmijkm otherwise (12)
kEK kEKE kEKq ik



Table 1. Search agorithm for finding active range constraints

Step1: Check the consistency of the range constraints:
0 < oyjr < 1,0 < By < 1, aujre > Biji,
Yorer Bige < Land 3000 i > 1forl <k <
r;. If satisfied, continue; else change constraints.

Step2:  If 3", ayj, = 1, al the upper bound constraints
should be active; elseif > Bijx = 1, dl the
lower bound constraints should be active. Else,
continue.

Step 3:  Perform the ML estimation of parameters without
congtraints. Check the constraints with the esti-

mated parameters 07, = “*. If no constraint
ij

is violated, then there is no active range constraint.

Else, continue.

Step 4:  List all possible combinationsof active constraints,
and remove the combination if it contains more
than r; — 1 active constraints or -, s Biji +

Q

Zkng @ijk > 1.

Step 5:  For each of the remaining combination, compute
Aij, until finding a A;; satisfying the criteria in
Eq.(13).

The derivation is as follows. From the first equation of KKT conditions (Eg.(11)), we obtain

Oijr = ﬁ Because 0; 5, cannot be greater than «; 55, and less than 3; ;. at the sametime, at
T Mg 'k

most one of the upper bound constraint /¢ and lower bound constraint hf for aparameter 6;;;, can
be active at atime. Based on whether thereis an active constraint for 6, two cases are considered.

e Case 1. If one of the upper bound and lower bound constraints is active, then 0 ;;,, = ;.
when h¢(0) = 0; and 8, = Bijx, when kY (8) = 0.

e Case2: If range constraints are not active, then h¢'(6) < 0, kit (6) < 0 and u§ = pf = 0.

Hence 6,;, = ”A—Jk Summing up over al parameters whose constraints are not active,
©j
3 nijk
. _ . _ kEK g J
we get: (1 — 3 hexs Figk = Lrery Wiik) = Ligrg Vuk = —x,— Thus,

we can obtain \;; = =3 yand O, = (1 — Ekng Bijk —

6 Bijk— E o Yijk
k k
€K €Ky

Zk,e[(g aijk)&, as shownin Eq.(12).

e
kgKg Ik

In this way, we derive the closed form solution for range constraints. To obtain solution in Eq.(12),
we need to identify active constraints. Table 1 summarizes the algorithm to find active range con-
straints. The main idea of this algorithm is to search for the active constraints using the criteriain
Eq.(13). Dueto the page limit, we do not provide the proof for this equation.

Niik
/\ij < —oq;k keK%
B Niik
)r\:,‘j.kZ —5:k - ke KQ. (13
Aij > (ﬁj—k, Aij < B;k otherwise

4.2 Intra-Reationship Constraints

An Intra-relationship constrai nt defines the rel ationship between two parameters within one baseline
set. Assuming parameters within one baseline set @ = {(i, j)} are 6,1, ...0,;,, which can be
partitioned into Q = AU B UC,where A = {a,lp = 1,2,...,50}, B = {bplp = 1,2,..., 50},



such that £, (0) = 0ija, — Oije, < 0,for 1 < p < S, and C is the set of parameters without
intra-relationship constraints, the closed form solution for parameter 6 ;;is as follows:

Nijap +Nijby . N

O — 72Nijn:_k if k= ap Orby adnija, > niy, (14)
N Otherwise

where N;; = 22;1 n;j,. Thederivationis similar to the onein Niculescu et al. [11].

4.3 Inter-Relationship Constraints

An Inter-relationship constraint defines the constraint applied on two parameters 6 ;. and 0 i1
from different baseline sets @ 4 and @Q g, thus the subproblem for parameters with an inter-
relationship constraint is applied on a combined parameter set Q = Q 4 U Q g, Where baseline
set QA = {<i/,j/>} and baseline set QB = {<i”,j”>}, such that h(&) = gi’j/a — gi”j”b < 0. Let
Ny = Z(i,j)EQA Nijk, Np = Z(i,j)EQB Nijky Mg = M4/ j'as and np, = i’ jb- The closed form
solution for parameters with inter-relationship constraint isas follows. If n,Ng — Nany >0

M ijk =1i'j'a or i"5"b
O = ¢ (1— gms ) w,2nn (J) €Qaandk #a (15)
(1 — o) s (i,j) € Qeandk #b
Else
Nijk i 1) € QA
bin = My (B 16
sk {N— (i,7) € Qp (16)
The brief derivation of the solutionis as follows. The KKT conditions are:
Vo[lp(0) — Aaga(0) — Apgp(0) — ph(0)] =0 (17)
gA(e) =0 93(9) =0 (18)
h(6) <0 w>0 pxh(0)=0
From the first equation of KKT conditions (Eq.(18)), we can obtain:
W k=i
o )\Biu ik =1"j
isn ik e Quandk #a (19)

Aa
n/\L_JJ; <17]>6QB andk7£b
Two cases are considered, depending on whether the inter-rel ationship constraint is active or not:

e Casel:h(f)=0andp >0
We can solve A 4, Ap, and i with the following equations:
Na _ ny __ Ngt+ng
Aatp /\B*va_ Aa+AB
Na —MNag
Aa+p + A)\A =1 (20)

ny Np—np _
AB—p + AB 1

Thefirst equation is (6) = 0, the second and the third are from g 4(¢) = 0, and g (0) =
0. Also, fromp > 0, wecanget n,Ng — Nany, > 0. Inthisway, we obtain the first part
of closed form solution (Eq.(16)).

e Case2: h(f) <O0andyu =0
It is equivalent to the case that no inequality constraints are applied. From g 4(0) = 0, we
canget Ay = > ; heg, Nijk = Na. Similarly, we can get Az = Np. Plug them into
Eq.(18), we can obtain the second part of closed form solution(Eq.(16)). From h(6) < 0,
weget n,Ng — Nany < 0.



5 Evaluation with Synthetic Data

In order to test the performance of our method against ML estimation and the standard EM algorithm
given sparse data and incompl ete data respectively, we test the algorithms on multiple BNs with the
same number of nodes of 20, but different randomly generated initial parameters and structures. For
one specific BN structure, 11 BNs with different initializations of parameters are generated. One of
them is treated as the ground truth, and 10 others as different initializations for parameter learning.
For the case of sparse data, 700 samples are generated from the ground truth BN, 200 for testing data
and the remaining 500 for training. For the case of incomplete data, 400 samples are drawn from the
ground truth BN, half for training, half for testing, and al training data associated with hidden nodes
are removed. To produce the needed constraints, for the case of sparse data, we randomly choose
a subset of parameters from all parameters, and impose constraints on the selected parameters. For
the case of incomplete data, we randomly choose parameters from only parameters for the hidden
nodes, and impose constraints on them. The number of constraintsin a CPT is no more than 2. For
performance characterization, the Kullback-Leibler (K-L) divergence is used, which measures the
distance between the |earned parameters and the ground truth.

With complete but sparse data, we compare the learning performance of ML estimation with
our method with range constraints, intra-relationship constraints and inter-relationship constraints
respectively, as shown in Figure 1. We can see that CML is better than ML estimation in both
mean and standard deviation of KL-divergence. More specifically, the mean K-L divergencefor ML
estimation is 0.2087, which decreases to 0.0786 for CML with range constraints, 0.1763 for CML
with intra-relationship constraints, and 0.1546 for CML with inter-relationship constraints.
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Figure 1: Sparse DataL earning Results Comparisonsw.r.t K-L divergence: ML estimationvs. CML.
(a) range constraints; (b) intra-relationship constraints; (€) inter-relationship constraints.

With incompl ete data, we compare the learning performance of our method with standard EM
method as shown in Figure 2. The average K-L divergence of hidden nodes decreases from 0.6437
for EM to 0.2361 for CEM with range constraints, 0.3830 for CEM with intra-relationship con-
straints, and 0.4864 for CEM with inter-relationship constraints. The improvements are especially
significant for the hidden nodes (nodes 13 to 20).
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Figure 2: Incomplete Data L earning Results Comparisonsusing w.r.t K-L divergence: EM vs. CEM.
(a) range constraints; (b) intra-relationship constraints; (€) inter-relationship constraints.



6 Conclusion

Qualitative domain knowledge generally exists in applications. We define two types of constraints
to represent the qualitative domain knowledge, and derive closed form solution for the maximum
likelihood parameter estimator with the two types of constraints respectively. For the case of sparse
data, we directly apply our constrained maximum likelihood estimator, while for incomplete data,
we extend EM method by replacing M step with our constrained maximum likelihood estimator. The
experimental results from synthetic data demonstrate that our method can fully exploit the domain
knowledge to improve parameter |earning accuracy.
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