A COMPUTATIONAL THEORY OF DECISION NETWORKS
By
Nevin Lianwen Zhang
B. Sc. (Mathematics) China University of Elect. Sci. & Tech.
M. Sc., Ph. D. (Mathematics) Beijing Normal University

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

DocTOR OF PHILOSOPHY

n
THE FACULTY OF GRADUATE STUDIES

COMPUTER SCIENCE

We accept this thesis as conforming

to the required standard

THE UNIVERSITY OF BRITISH COLUMBIA
December 1993
© Nevin Lianwen Zhang, 1994



In presenting this thesis in partial fulfillment of the requirements for an advanced degree
at the University of British Columbia, I agree that the Library shail make it freely
available for reference and study. I further agree that permission for extensive copying
of this thesis for scholarly purposes may be granted by the head of my department or by
his or her representatives. It is understood that copying or publication of this thesis for

financial gain shall notﬁ%)e allowed without mv written nermission.

Computer Science

The University of British Columbia
2075 Wesbrook Place

Vancouver, Canada

V6T 171

Date:




Abstract

This thesis is about how to represent and solve decision problems in Bayesian decision the-
ory (e.g. Fishburn 1988). A general representation named decision networks is proposed
based on influence diagrams (Howard and Matheson 1984). This new representation
incorporates the idea, from Markov decision processes (e.g. Puterman 1990, Denardo
1982), that a decision may be conditionally independent of certain pieces of available
information. It also allows multiple cooperative agents and facilitates the exploitation
of separability in the utility function. Decision networks inherit the advantages of both
influence diagrams and Markov decision processes.

Both influence diagrams and finite stage Markov decision processes are stepwise-
solvable, in the sense that they can be evaluated by considering one decision at a time.
However, the evaluation of a decision network requires, in general, simultaneous consider-
ation of all the decisions. The theme of this thesis is to seek the weakest graph-theoretic
conditiqn under which decision networks are guaranteed to be stepwise-solvable, and to
seek the best algorithms for evaluating stepwise-solvable decision networks.

A concept of decomposability is introduced for decision networks and it is shown that
when a decision network is decomposable, a divide and conquer strategy can be utilized
to aid its evaluation. In particular, when a decision network is stepwise-decomposable it
can be evaluated not only by considering one decision at a time, but also by considering
one portion of the network at a time. It is also shown that stepwise-decomposability is
the weakest graphical condition that guarantees stepwise-solvability.

Given a decision network, there are often nodes and arcs that can harmlessly removed.

An algorithm is presented that is able to find and prune all graphically identifiable

il



removable nodes and arcs.

Finally, the relationship between stepwise-decomposable decision networks (SDDN’s)
and Markov decision process is investigated, which results in a two-stage approach for
evaluating SDDN’s. This approach enables one to make -use of the asymmetric nature
of decision problems, facilitates parallel computation, and gives rises to an incremental

way of computing the value of perfect information.
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Chapter 1

Introduction

This thesis is about how to represent and solve decision problems in Bayesian deci-
sion theory (e.g. Fishburn 1988). A general representation named decision networks is
proposed based on influence diagrams (Howard and Matheson 1984). This new represen-
tation incorporates the idea, from Markov decision processes (e.g. Denardo 1982), that a
decision may be conditionally independent of certain pieces of available information. It
also allows multiple cooperative agents and facilitates the exploitation of separability in
the utility function.

Influence diagrams are stepwise-solvable, that is they can be evaluated by considering
one decision at a time (Shachter 1986). However, the evaluation of a decision network re-
quires, in general, simultaneous consideration of all the decisions. The theme of this thesis
is to seek the weakest condition under which decision networks are stepwise-solvable, and
to search for the best algorithms for evaluating stepwise-solvable decision networks.

This introductory chapter provides a synopsis of our theory, and describes how and
why it differs from its two mother theories: the theory of influence diagrams and the
theory of Markov decision processes.

The synopsis in Section 1.1 below describes salient features of the following chapters.
Section 1.2 reviews Bayesian decision theory, and Section 1.3 reviews two methodologies
for decision analysis, namely decision trees and influence diagrams.

An influence diagram is a representation of a single agent’s view of the world as

relevant to a decision problem; it spells out information availability for each decision.
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Several constraints follow from its semantics (Section 1.4). A decision network, on the
other hand, is a representation of a group of cooperative agents’ view of the world; it
indicates both information availability and dependency for each decision node. Some
constraints of influence diagrams do not apply to decision networks.

Syntactically decision networks are arrived at by lifting some of those constraints
(Section 1.4). Reasons for lifting the constraints originate from the demand of a more
general representation framework in decision analysis (Section 1.5), and from the effort to
provide Markov decision processes with a graph-theoretic language (Sections 1.6). More
importantly, the lifting of constraints also allows us to apply more techniques in solving
a problem and hence leads to better and more efficient algorithms (Section 1.7).

Section 1.9 echoes the synopsis by providing a description of all the subclasses of
decision networks we will encounter later. Finally, Section 1.10 suggests who might be

interested in this thesis, and why.

1.1 Synopsis

Our goal is to enable computers to help decision makers solve complex decision problems.
The first step in achieving this goal is to design a language or some kind of representa-
tion framework so that decision makers and computers can communicate about decision
problems. Two frameworks exist previously, namely influence diagrams (Howard and
Matheson 1984, Shachter 1986) and Markov decision processes (MDP) (see, for example,
Denardo 1982).

MDP’s are a model of sequential decision making for the sake of controlling dy-
namic systems; it is special-purpose. Influence diagrams are a general framework for
decision analysis; however they are always required to satisfy the so-called no-forgetting

constraint, which requires a decision node and its parents be parents to all subsequent
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decision nodes.
There are at least three reasons that a decision maker would be interested in lifting

the no-forgetting constraint (details coming up in later in this chapter):

1. The decision maker may be able to qualitatively determine that a decision does not
depend on certain pieces of available information. As a matter of fact, one result
of MDP theory is that given the current state of the dynamic system, the optimal
current decision is independent of previous states and decisions, even though they
are known. Such conditional independence for decisions can-not be represented
in influence diagrams. The no-forgetting constraint is supposed to capture the
rationale that information available earlier should also be available later. In the
mean time, unfortunately, it also excludes the possibility of earlier information

being irrelevant later.

2. There may be several cooperative decision makers, each responsible for a subset
of decisions. When communication is not feasible or is too expensive, information
available earlier to one decision maker may not be available later to a different
decision maker. Furthermore, there may not be a predetermined ordering among
the decisions. This defeats not only the no-forgetting constraint, but also another
constraint — the so-called regularity constraint, which requires a total ordering

among the decisions.

3. It has been noticed that given an influence diagram, a decision node may turn out
to be independent of some of its parents. In such a case, the arcs from those parents
to the decision node can be harmlessly removed. It is a good idea to remove such
arcs at a preprocessing stage, since it yields a simpler diagram. However, removing

arcs from an influence diagram leads to the violation of the no-forgetting constraint.
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In this thesis, we lift the no-forgetting constraint, together with two other constraints
previously imposed on influence diagrams, and make due semantic modifications to arrive
at decision networks (DN), a framework for representing decision problems that is more
general then both influence diagrams and finite stage MDP’s.

In both influence diagrams and finite stage MDP’s, a decision problem can be solved
by considering one decision at a time, while solving a decision problem in the framework
of general DN’s requires simultaneous consideration of all the decision nodes, even when
the structure of the problem is simple (Chapter 3). One of the themes of this thesis is to
investigate when a decision network can be solved by considering one decision node at a
time. We give a graph-theoretic criterion called stepwise-decomposability (Chapter 5);
and we prove that this criterion is the weakest graph-theoretic criterion that guarantees
stepwise-solvability (Chapter 8).

Another theme of this thesis is to develop algorithms for evaluating stepwise-decomposable
decision networks (SDDN’s). As a first step, we find a way to prune all the removable
arcs that are graph-theoretically identifiable (Chapters 7, 8). It is shown that pruning
removable arcs from SDDN’s does not destroy the stepwise-decomposability (Section 7.3).

A divide-and-conquer procedure named EVALUATEL] for evaluating SDDN’s is de-
veloped (Chapters 4, 5, and 6). This procedure has several other advantages in addition
to embracing the divide and conquer strategy. It clearly identifies all the Bayesian net-
work (BN) inferences inyolved in evaluatiﬁg a SDDN. Consequently, it can be readily
implemented on top of any BN inference systems. The procedure does not require arc
reversals and induces little numerical divisions. Finally, the procedure explicitly exploits
independencies allowed by multiple value nodes (Section 6.5).

A two stage procedure named EVALUATE2 is also developed on the basis of EVAL-
UATE] (Chapter 9) as a result of our investigation on the relationship between MDP’s
and SDDN’s. EVALUATE?2 inherits all the advantages of EVALUATEL. Furthermore,
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background
& concepts
Chapters 1, 2

formal
definitions
Chapter 3

|

evaluation:
divide and conquer
Chapters 4, 5, 6

preprocessing: goodness evaluation:
removable arcs theoxrems two-stage approach
Chapter 7 Chapter 8 Chapter 9

Figure 1.1: Dependencies among the chapters.

it enables one to exploit the asymmetric nature of decision problems! and opens up the
possibility of parallel processing (Section 9.2.1). It also leads to an incremental way of
computing the value of information (Zhang et al 1993b).

There have been a number of previous algorithms for evaluating influence diagrams.
Since influence diagrams are special SDDN'’s, there can also be evaluated by the algo-
rithms developed in this thesis for evaluating SDDN’s. Our algorithms are shown to be
advantageous over the previous algorithms in a number of aspects (Sections 6.5, 9.6.1).

The dependency relationships among the nine chapters of this thesis are shown in
Figure 1.1.

The remainder of this chapter relates the background of this thesis, and gives a more
detailed account to the points put forward by the story. Let us begin with Bayesian

decision theory.

1This was first pointed out by Qi (1993).
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1.2 Bayesian decision theory

We make numerous decisions every day. Many of our decisions are made in the presence
of uncertainty. A simple example is to decide whether or not to bring the umbrella in
light of the weather forecast. If the weather man were an oracle such that his prediction
is always correct, then the decision would be easy. Bring the umbrella if the weather
man predicts rain and leave the umbrella home if he predicts no rain. However real life
forecasts are not as predictive as we wish. Instead of saying that it will rain, the weather
man says, for instance, that there is a sixty percent chance of precipitation.

We would be happy if we bring the umbrella and it rains, or if we leave the umbrella
at home and it does not rain. But we would regret carrying the umbrella around if it
does not rain, and we would regret even more not having the umbrella with us when
it rains. We have all made this decision many times in our lives, and did not find it
hard because we thought this particular decision is not significant. However, there are
decisions, such as buying a house or making a major investment in the stock market,
that are of significance to us. In such cases, we want to make rational decisions.

Understanding how to make rational decisions is also important for building intelligent
systems.

Bayesian decision theory provides a framework for rational decision making in the
face of uncertainty. One setup for Bayesian theory consists of a set S of possible ‘states of
the world, a set O of possible observations, and a set {33 of decision alternatives. There
is a conditional probability distribution P(o|s) describing how likely it is to observe o
when the world is in state s, and there is a prior probability distribution P(s) describing
how likely the world is to be in state s. There is also a utility function u(d, s), which
represents the reward to the decision maker if he chooses the decision alternative d € Q4

and the world is in state s € S. The problem is to decide on a policy , i.e a mapping
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from O to 1, which dictates the action to take for each observation.

In our example, the possible states of worlds are rain and no-rain. The observa-
tions are all the possible forecasts, that is the set {“there is an z percent chance
of precipitation”| z € {0,...,100}}. There are two possible decision alternatives:
take-umbrellaor not-take-umbrella. The conditional probability of the forecast that
“there is an z percent chance of precipitation” given rain and the prior proba-
bility of rain are to be assessed from our experience. Our utilities could be as shown in

the following table:

rain | no~rain

take-umbrella 0 -10

not-take-umbrella | -100 0

The problem is to decide whether or not to bring the umbrella in light of the weather
forecast.

The expected utility Fs induced by the policy 6 : O — §y is defined by

Bs= Y P(s)P(ols)u(8(o), s). (L1)

s€S,0€0

The principle of maximizing the expected utility (von Neumann and Morgenstein 1944,

Savage 1954) states that a rational decision maker choses the policy 6° that satisfies
Eso = mazsFs, (1.2)
where the maximization is over all possible policies. The quantity mazsEs is called the

optimal expected value of the decision problem.

1.3 Decision analysis

In the setup of Bayesian decision theory given in the previous section, there is only one

decision to make. Applications usually involve more than one decision (e.g. Hosseini
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1968). This thesis is about how to apply Bayesian decision theory to problems that
involve multiple decisions and multiple variables.

There exist two methodologies that deal with multiple decisions, namely decision
analysis (e.g. Smith 1988) and Markov decision processes (e.g. Denardo 1982). Between
them, decision analysis is more general-purpose. It emphasizes exploring the structures
of complex problems. In a sense, it has a representation advantage. On the other
hand, finite stage Markov decision processes deal with decisions for controlling a dynamic
system (e.g. Bertsekas 1976). This class of multiple-decision problems have relatively
simple structures. Finite stage Markov decision processes emphasize problem solving by
using the technique of dynamic programming. In a sense, they have a computational
advantage.

One goal of this thesis is to combine the representational advantage of decision analysis
and the computational advantage of finite stage Markov decision processes.

This section gives a brief account of decision analysis. A latter section will touch on

finite stage Markov decision processes.

1.3.1 Decision trees

Within decision analysis, there are two frameworks for representing the structures of de-
cision problems, namely decision trees (North 1968, Raiffa 1968) and influence diagrams
(Howard and Matheson 1984). Decision trees represent the structure of a decision prob-
lem all at one level, while influence diagrams distinguish three levels of specification for
a decision problem.

Consider the following oil wildcatter problem taken from (Raiffa 1968). The oil wild-
catter must decide either to drill or not to drill. He is uncertain whether the hole is dry,

wet or soaking. The prior probabilities (obtained from experts) are as follows.
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dry | wet | soaking

.500 | .300 .200

His utilities are given in the following table.

dry wet soaking

drill -$70,000 | $50,000 | $200,000

not-drill 0 0 0

At a cost of $10,000, our wildcatter could conduct a test on the seismic structure, which
will disclose whether the terrain below has no structure, closed structure, or ‘open struc-
ture. The conditional probabilities of the test result given the states of the hole are given

in the following table.

dry | wet | soaking

no structure .600 | .300 .100

open structure | .300 | .400 .400

closed structure| .100 | .300 .500

The problem is whether or not the wildcatter should conduct the test? And whether or
not he should drill?

The decision tree for this problem is shown in Figure 1.2, where rectangles stand for
decision variables and ellipses stand for random variables. The values of the variables and
the corresponding probabilities appear on the edges. The tree is to be read as follows.

If our wildcatter decides not to test, he must make the drill decision based on no
information. If he decides not to drill, that is the end of the story. He does not make
nor lose any money. If he decides to drill, there is a 50 percent chance that the hole is

dry, in which case he loses $70,000; there is a 30 percent chance that the hole is wet, in
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open as .343
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Figure 1.2: A decision tree for the oil wildcatter problem.

which case he makes $50,000; and there is a 20 percent chance that the hole is soaking,
in which case he makes $200,000.

If he decides to test, there is a 41 percent chance that thgre turns out to be no seismic
structure. The probability .41 is calculated by using Bayes’ rule from the prior and
conditional probabilities given. If he still decides to drill, there is a 73 percent chance
that the hole is dry, in which case he loses $80,000, for now the test has cost him $10,000
already. Again the probability .73 is calculated by using Bayes’ rule from the prior and
conditional probabilities given. There will be a 22 percent chance that the hole is wet,
in which case he makes $40,000; and there will be only a 5 percent chance that the hole
is soaking, in which case he makes $190,000. And so on and so forth.

An optimal policy and the optimal expected value of a decision tree can be found by

the so-called folding backing strategy (Raiffa 1968, Smith 1987).
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oil
underground

Figure 1.3: An influence diagram for the oil wildcatter problem.

1.3.2 Influence diagrams

Decision trees came into being during the 1930’s and 1940’s (Shafer 1990). They were the
major framework for representing the structure of a decision problem until late seventies
and early eighties, when researchers began to notice the shortcomings of decision trees.
For one thing, decision trees are usually very complicated. According to Smith (1988),
the first thing to do in decision analysis is to find a large piece of paper. A more important
drawback of decision trees include that they are unable to represent independencies.
Influence diagrams were introduced by Howard and Matheson (1984) (see also Miller
et al 1976) to overcome the shortcomings of decision trees. They specify a decision prob-
lem in three levels: relation, function, and number. The level of relation indicates that
one variable depends in a general way on others; for example test-result probabilisti-
cally depends on test and seismic-structure; and utility deterministically depends
on test, drill and oil-underground. At the level of number, we specify numerical
probabilities for each conditional and unconditional event; and the numerical value of a
variable given the values of the variables it deterministically depends upon. The level
of function describes the form of dependencies, which is useful in arriving at the level of
number. Two examples: profit equals revenue minus cost; if a man is in his thirties, then
the probability distribution of his income is a normal distribution with mean $45,000 and

standard deviation 1000.
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Figure 1.3 shows the level of relation of the influence diagram for our oil wildcatter
problem. The diagram clearly shows that the test decision is to be made based on no
information, and the drill decision is to be made based on the decision tov test and
the test-result. The random variable test-result directly depends on the decision to
test and the seismic-structure, and it is independent of oil-underground given test
and seismic-structure. The random variable seismic-structure directly depends on
oil-underground. Finally, the utility deterministically depends on test, drill, and
oil-underground.

At the level of number, we need to specify the prior probability of oil-underground,
the conditional probability of seismic~structure given oil-underground, and the con-
ditional probability of test-result given test and seismic-structure. We need also
to specify the value of utility for each array of values of test, drill and oil-underground.

In Howard and Matheson (1984), an influence diagram is transformed into a decision
tree in order to be evaluated to find an optimal policy and the optimal expected value.
Shachter (1986) shows that influence diagrams can be directly evaluated.

Before moving on, let us note that variables will be also called nodes when they are
viewed as members of an influence diagram. With that in mind, we can now say that
influence diagrams consists of three types of nodes: decision nodes , random node and a

single value node , where the value node represent utilities.

1.3.3 Represénting independencies for random nodes

A quick comparison of the influence diagram in Figure 1.3 with the decision tree in Fig-
ure 1.2 should convince the reader that influence diagrams are intuitive, as well as more
compact. They make numerical assessments easier (Howard and Matheson 1984). Fur-

thermore, they serve better than decision trees to address the issue of value of information

(Matheson 1990).
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oil
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Figure 1.4: An influence diagram for the extended oil wildcatter problem.

The most important advantage of influence diagrams over decision trees, however, lies
their ability to represent independencies for random nodes at the level of relation.

This point could be illustrated by using the oil wildcatter problem. For later conve-
nience, consider extending the oil wildcatter problem by considering one more decision —
the decision of determining a 0il-sale-policy based on oil quality and market-information.
The influence diagram for this extended oil wildcatter problem is shown in Figure 1.4. By
using the so-called d-separation criterion (Pearl 1988), one can read from the network that
market-informationis marginally independent of test, test-result, seismic-structure,
oil-underground, drill, and oil-produced. Also, as mentioned in section 1.3.2,
test-result is independent of oil-underground given test and seismic-structure.

Those marginal and conditional independencies can not be represented in decision trees.

1.4 Constraints on influence diagrams

There are five constraints that one can impose on influence diagrams: namely the acyclic-
ity constraint, the regularity constraint, the no-forgetting constraint, the single value
node constraint, and the no-children-to-value-node constraint. Before this thesis, only

influence diagrams that satisfy all those constraints have been studied 2. In this sense,

2With the exception of Tatman and Shacter (1990), who deal with one super value node. A super
value node may consist of many value nodes. See sections 1.5.2 and 1.6.2 for details.
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we say that the five constraints have always been imposed on influence diagrams. From
now on, we always mean an influence diagram that satisfies all those five constraints by
the term “influence diagram”.

The acyclicity constraint requires that an influence diagram does not contain any
directed cycles. The regularity constraint requires that there exists a directed path that
contains all the decision nodes. The no-forgetting constraint requires that each decision
node and its parents be parents to all subsequent decision nodes. The single value node
constraint requires that there be only one value node, and the no-children-to-value-node
constraint requires that the value node have no children.

The regularity constraint is due to the fact that an influence diagram is a repre-
sentation of a single agent’s view of the world as relevant to a decision problem. The
no-forgetting constraint is due to the fact that in an influence diagram, arcs into decision
nodes are interpreted as indications solely of information availability. The constraint
follows if the agent does not forget information (Howard and Matheson 1984).

This thesis is about decision networks , a representation framework for multi-decision
problems that is more general than influence diagrams. Syntactically, decision networks
are arrived at by lifting the regularity, no-forgetting, and single value node constraints
from influence diagrams. Semantically, a decision network is a representation of the
view of the world of a group of cooperative agents with a common utility; and in decision
networks, arcs into a decision node indicate both information availability and dependency.

The idea of a representation framework for decision problems free of the regularity
and no-forgetting constraints is not new. Howard and Matheson (1984) have suggested
the possibility of such a framework. The next three sections conduct a close examination
on the reasons for lifting the regularity, no-forgetting, and single value node constraiﬁts
from influence diagrams. The reasons arise from decision analysis, from Markov decision

processes.
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1.5 Lifting constraints: Reasons pertaining to decision analysis

1.5.1 Lifting the no-forgetting constraint

As mentioned in the synopsis, there are three major reasons for lifting the no-forgetting
constraints. The first reason is explained in detail in this subsection. The second and

third reasons will be addressed in the next two subsections.

Semantics for arcs into decision nodes and independencies for decision nodes

The no-forgetting constraint originates from the interpretation of arcs into decision nodes
as indications of only information availability (Howard and Matheson 1984). More specif-
ically, there is an arc from a random node r to a decision node d if and only if the value
of r is observed at the time the decision d is to be made. The no-forgetting constraint
is to capture the rationale that people do not destroy information on purpose; thus in-
formation available earlier should also be available later (Howard and Matheson 1984,
Shachter 1986).

The primary reason for lifting the no-forgetting constraint is that it does not allow the
representation of conditional independencies for decision nodes. However, there do exist
cases where the decision maker, from her/his knowledge about the decision problem,
is able to tell that a certain decision does not depend on certain pieces of available
information. In our extended oil wildcatter problem, for instance, it is reasonable to
assume that the decision oil-sale-policy is independent of test, test-result, and
drill given oil-produced.

Sometimes independencé assumptions for decision nodes are made for the sake of
computational efficiency or even feasibility. In the domain of medical diagnosis and
treatment, for instance, one usually needs to consider a number, say ten, of time points.

To compute the diagnosis and treatment for the last time slice, one needs to consider all
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the previous nine time points. In the acute abdomen pain example studied by Provan
and Clarke (1993), there are, for each decision node, 6 parent nodes that lie in the same
time slice as the decision node. This means that the decision node at the last time slice
has a total of 69 parents. In the simplest case of all variables being binary, we need to

269 entries; an impossible task. The same difficulty exists

compute a decision table of
for planning under uncertainty (Dean and Wellman 1992). One way to overcome this
difficulty is to approximate the decision problem by assuming that the decision in a time
slice depends only on the previous, say one time slice, and is conditionally independent
of all earlief time points. In this case, the decision table sizes are limited to 2'® = 8192;
still large but manageable.

Independence for decision nodes cannot be represented in influence diagrams. Going
back to our extended oil wildcatter problem, even though we have made the assump-
tion that oil-sale-policy is independent of test, test-result, and drill given
oil-produced. But in Figure 1.4 there are still arcs from test, test-result, and
drill to oil-sale-policy.

Following Smith (1988), this thesis reinterprets arcs into decision nodes as indication
of both information availability and (potential} dependency. This new interpretation
enables us to explicitly represent conditional independencies for decision nodes. To be
more specific, the judgement that d is conditionally independent of r can be represented
by simply not drawing an arc from r to d, even when the value of a random node r is
observed at the time the decision d is to be made.

In our example, if we explicitly represent the assumption that oil-sale-policy is
independent of test, test-result, and drill given oil-produced, then the decision
network for the extend oil wildcatter problem becomes the one shown in Figure 1.5. >We
notice that there are no arcs from test, test-result, and drill to oil-sale-policy;

the network is simpler than the one in Figure 1.4.
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oil market
underground igformation

Figure 1.5: A decision network for the extended oil wildcatter problem, with indepen-
dencies for the decision node oil-sale-policy explicitly represented.

Note that a user may be wrong in assuming that a decision is independent of a certain
piece of information. To prevent such a case from happening, one can run the algorithm
in Chapter 7 to graph-theoretically verify the user’s independence judgements. If the
algorithm is not able to verify, the user should be informed, and the user should abandon
the independence assumption by adding an arc.

Another advantage of the new interpretation of arcs into decision nodes is that it
provides uniform semantics to both arcs into decision nodes and arcs into random nodes;
namely they both indicate dependence. This was first mentioned by Smith (1988).

It is evident that the no-forgetting constraint is not compatible with the new inter-

pretation of arcs into decision nodes. It needs to be lifted.

Limited memory

Another reason for lifting the no-forgetting constraint is that the agent, say a robot,
that executes decisions (actions) may have limited memory. There may be cases where
the agent has only a few bits of memory. Even in the case when the agent has a fair
amount of memory, it can not remember things forever. Because if so, the memory
will run out sooner or later. Even if the agent has unlimited memory, remembering too

much information would lead to inefficiency. We human being seem to remember only
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Figure 1.6: A decision network for the extended oil wildcatter problem with multiple
value nodes. The total utility is the sum of all the four value nodes.

important things.

1.5.2 Lifting the single value node constraint

As pointed out by Tatman and Shachter (1990) and by Shenoy (1992), the total utility
of a decision problem can sometimes be decomposed into several components. In our
extended oil wildcatter problem, for instance, utility can decomposed into the sum
of four components, namely test-cost, drill-cost, sale-cost, and oil-sales. In
such a case, we assign one value node for each component of the total utility, with the
understanding that the total utility is the sum of all the value nodes. Figure 1.6 shows
the resulting decision network after splitting the value node utility in Figure 1.4.

A major advantage of multiple value nodes over a single value node is that multiple
value nodes may reveal independencies for decision nodes that are otherwise hidden. As
the reader will see later in the thesis, there is a way for one to graph-theoretically tell
that in Figure 1.6 oil-sale-policy is independent of test, test-result, and drill
given oil-produced. The same can not be done for the network in Figure 1.4.

In the last subsection, we said that from her/his knowledge about the extended oil
wildcatter problem, the decision maker may be able to say that oil-sale-policy is

independent of test, test-result, and drill given oil-produced. Here we see that
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when multiple value nodes are introduced, those independencies can actually be read

from the network itself, even if the decision maker fails to explicitly recognize them.

Independence for decision nodes and removable arcs

The next two paragraphs briefly revisit the third reason for lifting the no-forgetting
constraint as listed in the synopsis. In Section 7.1, we shall formally define the concept
of a decision node being independent of a certain parent and prove that when it is the
case, the arc from that parent to the decision node is removable, in the sense that its
removal does not affect the optimal expected value of the decision problem. It is a
good idea to remove such arcs at a preprocessing stage, since it yields simpler diagrams.
However, removing arcs from an influence diagram leads to the violation of the no-
forgetting constraint.

Consider the no-forgetting decision network in Figure 1.6. Since from the network
itself it can be determined that oil-sale-policyis independent of test, test-result,
and drill given oil-produced, the arcs from test, test-result,and drill to oil-sale-policy
are removable. Removing those arcs results in the network in Figure 1.7, which is no
longer no-forgetting. This shows that in order to prune removable arcs from influence
diagrams, we need to consider decision networks that do not satisfy the no-forgetting

constraint.

1.5.3 Lifting the regularity constraint

The regularity constraint requires that there be a total ordering among the decision
nodes. It is also called the single decision maker condition (Howard and Matheson 1984).
When there are more than one decision maker who cooperate to achieve a common goal,

the regularity constraint is no longer appropriate.
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Figure 1.7: The decision network obtained from the one in Figure 1.6 by deleting some
removable arcs. This network is no longer no-forgetting.

Consider further extending our oil wildcatter problem so that that there is not only
oil but also natural gas. In this case, a gas-sale-policy also needs to be set. Suppose
the company headquarter makes the test and drill decisions, while the oil department
sets the oil-sale—-policy and the gas department sets the gas-sale-policy. Then it
is inappropriate to impose an order between oil-sale-policy and gas-sale-policy,
since there is no reason why the gas department (or the oil department) should reach its
decision earlier than the other department. A decision network for the further extended
oil wildcatter problem is shown in Figure 1.8. We notice that there is no ordering between
oil-sale-policy and gas—sale—policy.

Even in the case of one decision maker, the regularity constraint may be over-
restrictive. From her/his knowledge and experience, the decision maker may be able
to conclude that the ordering between two decision nodes is irrelevant; one has the same
optimal expected value either way. In our further extended oil wildcatter problem, it
may be reasonable to assume that it makes no difference whether gas-sale-policy or
oil-sale-policy is set first.

Even when the ordering between two decision matters, the decision maker may not
know the ordering beforehand. Suppose our oil wildcatter determine, on the first day a

every month, the gas-sale-policy and oil-sale-policy for the coming month, based
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Figure 1.8: A decision network for the further extended oil wildcatter problem. It is not
regular, “forgetting” and has more than one value node.

on the policies for the last month and market information. In this case, we are uncertain
as to which one of those two decisions should be made first.

Let us now briefly revisit the second reason for lifting the no-forgetting constraint
as listed in the synopsis. Together with the regularity constraint, the no-forgetting con-
straint says that information available when making an earlier decision should also be
available when making a later decision. In the further extended oil wildcatter problem,
we do not know before hand whether 0oil-sale-policy comes first or gas-sale-policy
comes first. In such a case, the no-forgetting constraint can not be enforced. This is why
we said in the synopsis that the existence of unordered decisions not only defeats the

regularity constraint, but also the no-forgetting constraint.

1.6 Lifting constraints: Reasons pertaining to MDP’s

Like decision analysis, finite stage Markov decision processes (MDP) are also a model for
applying Bayesian decision theory to solve multiple-decision problems. Recent research

has shown application promise for a combination of MDP’s and influence diagrams in the



Chapter 1. Introduction 22

form of temporal influence diagrams in planning under uncertainty (Dean and Wellman
1991) and in diagnosis and treatment/repair (Provan and Clarke 1993). One goal of this
thesis is to provide a common framework for both of finite stage MDP’s and influence
diagrams. Doing so necessitates the lifting of the no-forgetting and the single value node

constraint.

1.6.1 Finite stage MDP’s

This subsection briefly reviews finite stage MDP’s; and the next subsection will explain
why it is necessary to lift the two constraints.

Finite stage MDP’s are a model for sequential decision making (Puterman 1990,
Denardo 1982, Bertsekas 1976). The model has to do with controlling a dynamic system
over a finite number of time periods. There is a finite set T of time points. At time ¢,
if the decision maker observes the system in state s; € S;, s/he must choose an action,
dy, from a set of allowable actions at time ¢, Q4, 3. This choice may also depend all the
previous states of the system. There are two consequences of choosing the action d; when
the system is in state s;; the decision maker receives an immediate reward v¢(s:, d;) and
the probability distribution P(s¢+1|8:,d:) for the state of the system at the next stage
is determined. The collection (T, Sy, ds, { P(St41|8¢,ds)}, vi(8¢, d;)) is called a finite stage
Markov decision process (Puterman 1990). The problem is how to make the choice d;
at each time point ¢ so as to maximize the decision maker’s total expected reward. The
function which makes this choice is called decision rule and a sequence of decision rules
is called a policy.

A classic example of finite stage MDP is the problem of inventory control. Consider
a ski retailer (Denardo 1982). From September to February, he makes an order from

the wholesaler at the first day of the month. The amount of the order depends on his

3In general, 24, can vary according to s;. Here we assume it does not.
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current stock. His stock at the beginning of next month depends probabilistically on
his current stock and how large the order is. This conditional (transition) probability
can be estimated since the number of customers who arrive at a service facility during a
period has, typically, a Poisson distribution. The profits our retailer makes during each
month is computed from the number of pairs of skis sold and the difference between the
wholesale and retail prices.

The standard way to find optimal decisions in a finite stage Markov decision process
is by means of dynamic programming. In this approach, one begins with the last period
and works backward to the first period. An optimal policy for the last period is found
by maximizing the reward for that period. Then the whole last period is replaced by one
value node, which is counted as reward in the next last period. This results in a finite

| stage MDP with one less period. One keeps repeating the procedure on the new process,
till all the periods have been accounted for. This is very similar to the folding-back
strategy for evaluating decision trees.

/ For the above model, one can show that an optimal decision rule depends only on the
state s; of the dynamic system at time ¢ and is independent of the previous states and

decisions.

1.6.2 Representing finite stage MDP’s

This thesis achieves a common framework for decision analysis and finite stage MDP’s
by representing the MDP’s as decision networks.

Since we have reinterpreted arcs into decision nodes as indications of both information
availability and potential dependency, finite stage MDP’s can be naturally represented
as decision networks. Figure 1.9 (1) depicts a three stage MDP in the graph-theoretical
language of decision networks. We notice that there are no arcs from s; and d; to d;

even though s, and d; will be observed at the time the decision d, is to be made. The
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Figure 1.9: A three period finite stage MDP.

reason is that the optimal decision rule for d; is independent of s; and d; given s,.

However if we insist, as in influence diagrams, on interpreting arcs into decision nodes
as indications of only information availability, then it is cumbersome to represent finite
stage MDP’s. Figure 1.9 (2) depicts the influence diagram that represents the three
stage MDP (Tatman and Shachter 1990). One can see that there is a number of extra
no-forgetting arcs, namely arcs from s; and d; to d; and ds, and from s; and d; to ds.
The presence of those arcs not only complicates the network, but also fails to reflect
one important conclusion of MDP, namely that the current decision is independent of
previous states and decisions given the current state. |

Tatman and Shachter’s algorithm is able to detect that d; does not depend on s,
and d;, and that ds does not depend on sy, dy, 37, and dz. So, the extra no-forgetting
arcs makes no difference to the decision problem after all. They were introduced only
because there was no concept of a decision network that does not satisfy the no-forgetting
constraint. |

In a finite stage MDP, there is a reward in each period. This can be naturally
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represented by assigning one value node for each period, as shown in Figure 1.9 (1).
Note that ss separates the last period from all the previous periods. If we insist, as in
influence diagrams, on the single value node constraint, then we need to connect vy, vy,
and v into a “super node” (Tatman and Shachter 1990), as shown in Figure 1.9 (2). One
notices that no longer sz separates the last period from all the previous periods. This is

another reason for lifting the single value node constraint.

1.7 Computational merits

The lifting of the no-forgetting, regularity, and single value node constraints allows us
to discover stepwise-decomposable decision networks (SDDN). SDDN’s are more general
than both influence diagrams and finite stage MDP’s. Moreover when evaluating SDDN’s
we can prune removable arcs, while the same cannot be done when evaluating influence
diagrams since pruning arcs leads to the violation of the no-forgetting constraint. To put
it more abstractly, SDDN’s relax constraints imposed by influence diagrams and thus
allow us to apply more techniques in solving a problem, and hence to solve the problem

more efficiently. See Sections 6.5 and 9.6.1.

1.8 Why not lifted earlier

Howard and Matheson (1984) have hinted that in the case of multiple decision mak-
ers, the regularity and no-forgetting constraints may be violated. Smith (1987) has also
mentioned that it is possible that a decision maker may choose or be compelled to “for-

get”. Yet, no one before has studied decision networks that are not regular and/or are

“forgetting”. Why?
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Howard and Matheson (1984) deal only with regular and no-forgetting decision net-
works (influence diagrams), because for evaluation, decision networks are first trans-
formed into decision trees, and the transformation is possible only for regular no-forgetting
decision networks. Even though new algorithms for evaluating influence diagrams have
been developed after Howard and Matheson (1984) (see, for example, Shachter 1986), the
correctness of all those algorithms relies on the regularity and no-forgetting constraints.
This is probably why those constraints have always been imposed on influence diagrams.
In this thesis, we shall show that one can evaluate a decision network, even if it is not
regular and no-forgetting. This opens up the possibilify of working with general decision

networks.

1.9 Subclasses of decision networks

The lifting of the no-forgetting, the regularity, and the single value node constraints
from influence diagrams leaves us only with the acyclicity and no-children-to-value-node
constraints. In Chapter 2, we shall argue that those two constraints are fundamental and
can not be lifted.

The acyclicity and no-children-to-value-node constraints define the concept of decision
network. This section previews subclasses of decision networks we will encounter in this
thesis.

Influence diagrams and finite stage MDP’s are two existing subclasses of decision net-
works, which have been studied for many years. It is known that both of those subclasses
of decision networks are stepwise-solvable, i.e they can be evaluated by cbnsidering one
decision node at a time.

The most important subclass of decision networks introduced in this thesis is stepwise-

decomposable decision networks (SDDN). They include both influence diagrams and
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Figure 1.10: Subclasses of decision networks.

finite stage MDP’s as special cases. See Figure 1.10. SDDN’s are also stepwise-solvable.
As a matter of fact, regular SDDN’s* are the subclass of decision networks that can
be evaluated by conventional dynamic programming (Denardo 1982, Chapter 9), and
SDDN’s in general constitute the subclass of decision networks that can be evaluated by
non-serial dynamic programming (Bertelé and Brioshi 1972, Chapter 9).

The decision networks that are not stepwise-decomposable can be of various degrees
of decomposability. To evaluate them, one needs to simultaneously consider two or
more decision nodes. The number of decisions one need to consider simultaneously is
determined by the degree by which the network is decomposable. The divide and conquer
strategy spelled out in Chapter 4 can be utilized to explore the decomposability of a given
decision network.

Smooth decision networks are introduced for technical convenience. They are con-
ceptually simple and thus easy to manage. They are used extensively in this thesis to

introduce new concepts and to prove theorems. Non-smooth decision networks can be

4To be more precise, the term decision network should be replace by the term decision network
skeleton in this section.
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be transformed into equivalent smooth decision networks when necessary.
Finally normal decision networks are introduced so that the equivalence between
stepwise-decomposability and stepwise-solvability can be established. We conjecture that

abnormal decision networks can be transformed into equivalent normal decision networks.

1.10 'Who would be interested and why

Generally speaking, if you anticipate a solution to your problem by Bayesian decision
theory, you should find this thesis interesting. Because it provides, in a sense, the most
general framework — decision networks — for applying Bayesian decision theory. Prob-
lems representable as MDP’s can be solved in (stepwise-decomposable) decision networks
in the same way as before. Problems representable in influence diagrams can be solved
in (stepwise-decomposable) decision networks at least as efficiently as, and usually more
efficiently, than in influence diagrams. The reason for this efficiency improvement is that
working with SDDN’s relaxes the constraints imposed by influence diagrams, and allows
one to apply more operations, such as pruning removable arcs, than previously allowed.

If you are a decision analyst, you might appreciate the ability of decision networks
to represent independencies for decision nodes, to accommodate multiple cooperative
decision makers, and to handle multiple value nodes. You might find it a relief that you
do not have to completely order the decision nodes beforehand. Furthermore, you might
appreciate the efficiency and other advantages of our algorithms.

If your problem falls into the category of MDP’s, you might find the concept of
decision networks helpful in assessing the transition probabilities and rewards. In the
ski retailer problem (Section 1.6), many factors may affect the transition probabilities
and rewards, for example deterioration of stock, delivery lag, payment upon delivery by

the retailer and by customers, refusal to enter backlog by customers (Denardo 1982).
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Within MDP, one needs to figure out the dynamic programming functional equation
for each combination of the factors, which may be complicated. In decision networks,
consideration of one more factor simply corresponds to the addition of one more node.
This allows one to consider more factors than before. The representation advantage of
decision networks may benefit control theory in general.

Al researchers who are concerned with planning, and diagnosis and treatment /repair
should also find this thesis interesting.

Planning is a process of constructing courses of action in response to some objective.
Since the planner might not have complete knowledge about the environment and about
the effects of actions, planning are usually performed under uncertainty. Being a the-
ory for rational choice of actions under uncertainty, Bayesian decision theory naturally
comes into play. Preliminary research (Dean and Wellman 1992) has indicated that suc-
cessful application of Bayesian decision theory in planning under uncertainty calls for a
framework that combines characteristics of influence diagrams and and those of MDP’s.
Research on diagnosis and treatment (Provan and Clarke 1993) has pointed to the same
direction. The concept of decision network introduced in this thesis may prove to be a
good combination of influence diagrams and MDP’s. Also, the ability of decision net-
works to represent conditional independencies for decision nodes may be computationally

essential for those areas.
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Decision networks: the concept

This chapter introduces the concept of decision networks and addresses some of the
foundational issues. Formal definitions will be provided in Chapter 3.

The concept of decision networks is intuitively illustrated through an example in sec-
tion 2.1. Section 2.2 exposes the way by which other authors develop the concept of
Bayesian networks from joint probabilities by means of the chain rule of probabilities,
and by using the concept of conditional independencies. Section 2.3 derives the concept
of decision network, through the concept of Bayesian networks, from the Bayesian deci-
sion theory setup by considering multiple decision problems. Section 2.4 discusses the
fundamental constraints that decision networks need to satisfy and argues that decision
networks are the most general representation framework for solving multiple-decision

problems in Bayesian decision theory.

2.1 Decision networks intuitively

In this section, we illustrate the concept of decision networks through an example.
Decision networks can be understood at two levels: relation and number. At the
level of relation, decision networks are directed graphs consisting of three types of nodes:
decision nodes, random nodes and value nodes; and they are used to graphically represent
the structures of decision problems. This directed graph is called a decision network

skeleton. Consider the further extended oil wildcatter problem:
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Figure 2.11: A decision network skeleton for the extended oil wildcatter problem.

An oil wildcatter is deciding whether or not to drill in a new area. To aid

his decision, he can order a seismic structure test. His decision about drill

will depend on the test results if a test is ordered. If the oil wildcatter does

decide to drill, crude oil and natural gas will be produced. Then, the oil

wildcatter will decide his gas sale policy and oil sale policy on the basis of the

quality and quantity of crude oil and natural gas produced, and on the basis

of market information.

The structures of this decision problem can be represented by the decision network skele-

ton shown in Figure 2.111, where decision nodes are drawn as rectangles, random nodes

as ovals, and value nodes as diamonds.

Briefly, here are the semantics of a decision network. Arcs into random nodes indicate

probabilistic dependencies. A random node depends on all its parents, and is independent

1The figure is the same as Figure 1.8. The duplication is to save the reader from flipping back and

forth.
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of all its non-descendants given the values of its parents. In the extended oil wildcatter
problem, test-result, for instance, probabilistically depends on seismic-structure
and the decision to test, but is independent of gas-underground and oil-underground
given seismic-structure and test.

Arcs into decision nodes indicate both information availabilities and functional de-
pendencies. In our example, the arc from oil-produced to oil-sale-policy means that
the oil wildcatter will have learned the quantity and quality of crude oil-produced when
he decides his oil-sale-policy, and he thinks that the quantity and quality of oil-
produced should affect his oil-sale-policy. There is no arc from oil-underground to
oil-sale-policy because information about oil-underground is not directly available.
There is no arc from test-result to oil-sale-policy, because the oil wildcatter figures
that the information about the test-result should not affect his 0il-sale-policy since
that he will already have learned the quality and quantity of crude oil-produced at the
time the policy is to be made.

Arcs into value nodes indicate functional dependencies. A value node is characterized
by a function of its parents; the function take real number values, which represent the
decision maker’s utilities. In the extended oil wildcatter problem, oil-salesis a function
of oil-produced, oil-market and oil-sale-policy. It depends on no other nodes. For
each possible values of oil-produced, of oil-market, and of oil-sale-policy, the value
of this function stands for the corresponding expected oil-sales. The total utility is the
sum of all the value nodes; namely the sum of test-cost, drill-cost, oil-sale and
gas-sale.

At the level of number, a decision network specifies a frame, i.e a set of possible
values, for each variable. For example, the frame of drill my be {YES, NO}, and the
frame of oil-sales may be the set of real numbers.

There is also a conditional probability for each random node given its parents and prior
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probability of each random node that does not have any parents. In our example, we need
to specify, for instance, P(oil-underground), P(oil-produced|oil-underground), and
etc....

Further, we need to specify a utility function for each value node. In our example,
the utility function for oil-salesis a real function of oil-produced, oil-market, and
oil-sale-policy.

In summary, a decision network consist of (1) a skeleton which is an directed graph
with three type of nodes, (2) a frame for each node, (3) a conditional probability for each
random node, and (4) a utility or value function for each value node.

In a decision network, the decision about a decision node is made knowing the values
of the parents of the node. Optimal decisions are decisions that maximize the expected
total utility. The goals of decision analysis are to find the optimal decisions and to

determine the optimal expected total utility.

2.1.1 A note

Note that the term “decision network” has been previously used in Hastings and Mello
(1977). The meaning of the term in this thesis is different. In this thesis, the nodes in
a decision network are variables, while nodes in a Hastings and Mello decision network
are states, or values of variables. In a sense, one can say that we are working at a higher
level of abstraction than Hastings and Mello. The relationship between our decision
networks and Hastings and Mello’s decision networks is the same as the relationship
between influence diagrams and decision trees. |

As observed by Smith et al (1993), influence diagrams gain much of their advantages
over decision trees from the fact that they graphically capture conditional independencies
at the level of relation (among variables). The same can be said for our decision networks

and Hastings and Mello’s decision networks. As the reader will see, the efficiency of our
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algorithms heavily depends on the fact that nodes in our decision networks are variables,

instead of values of variables.

2.2 Bayesian networks

One way to understand decision networks is to think of them as developed from the
standard Bayesian decision theory setup. We shall explain this in the next section.
As a preparation, this section develops the concept of Bayesian networks from joint
probabilities by means of the chain rule of probabilities and the concept of conditional
independency (Howard and Matheson 1984, Pearl 1988).

Let X be a set of random variables. Let P(X) be the joint probability of the variables
in X. It is usually difficult, if possible at all, to assess the joint probability directly. One
way to assess the joint probability indirectly is first to choose an ordering over the variable

set X, say &1, Z2, . . ., T, then to expand the joint probability by the chain rule as follows:
P(:Ul, L2yesny :Cn) = P(LL‘l)P(mgl:Cl) [N P(:Unll'l, ey :cn_l). (23)

We shall refer to the ordering as an ezpansion ordering . Because of equation (2.3),
to assess the joint probability P(X), it suffices to assess P(z;|z1,...,zi—1) for each
ie{l,...,n}.

Often a decision maker is able to determine a proper subset 7, of {z1,...,zi-1} that
are “directly related” to z; such that other variables in {zy,...,z;_1} are only “indirectly

related” to x; via 7. Translating into the language of the probability theory, this means

that z; is independent of other variables in {z1,...,zi—1} given m,,. Formally that is
P(zi|zy, ..., zim1) = P(zi|ms,). (24)

This equation further reduces the assessment task.
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(1) (2)

Figure 2.12: Two  Bayesian networks for the joint  probability
P(alarm, fire,tampering, smoke, leaving).
Given an expansion ordering z1,...,z, and the 7 s, we construct a directed graph

by the following rule:
For any z; and z;, draw an arc from z; to z; if and only if z;€7,,.

The acyclic directed graph such constructed, together with the conditional probabilities
P(zi|ms,;), is called a Bayesian network for the joint probability P(X).

As an example, consider the following decision scenario which is borrowed from (Poole
and Neufeld 1991). The scenario involves five variables: alarm, fire, tampering, smoke,
and leaving, denoting respectively the following propositions: the alarm is on, there
is a fire, somebody is tampering; there is smoke and people are leaving. An expansion
ordering for the joint probability P(alarm, fire, tampering, smoke, leaving) could be
(fire, tampering, alarm, leaving, smoke). Suppose it is reasonable to set Ttampering =
0, Talarn = {fire,tampering}, Tieaving = {alarm}, and 7enoxe = {fire}. Then we get
the Ba,yesian network shown in Figure 2.12 (1). Another expansion ordering could be
(leaving, alarm, smoke, fire, tampering). Suppose it is reasonable to set Tajarm =
{leaving}, Tsmoke = {2larm}, Ttire = {alarm, smoke}, and Tampering = {fire,alarm}.
Then we get the Bayesian network shown in Figure 2.12 (2). This network has more arcs

than the one in (1).
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How should one choose an expansion ordering? The answer provided by Howard
and Matheson (1984) is that the ordering should be chosen such that the decision
maker would feel natural and comfortable in assessing the m.,’s and the P(z;|rs,)’s.
For example, it probably is easier to assess P(alarm|fire,tampering) than to assess
P(tampering|fire,alarm). Smith (1989) says that one should choose the ordering to
minimize the number of arcs in the resulting directed graph. In our example, the net-
work in Figure 2.12 (1) is preferred to the network in (2). Pearl (1988, pp. 50-51) claims
that when there are cause-effect relationships among the variables, the structure of a
Bayesian network can be directly determined from the cause-effect relationships. For

example, tampering and fire cause alarm, fire causes smoke, alarm causes leaving.

2.3 Decision networks

In this section, decision networks are developed as a way to represent of the knowledge
(beliefs) and utilities that are needed in order to solve multiple-decision problems in

Bayesian decision theory. Let us begin with a standard setup of Bayesian decision theory.

2.3.1 A general setup of Bayesian decision theory

Here is a setup of Bayesian decision theory (Gérdenfors et al 1988b, Fishburn 1988) that

is more general than the one given in Section 1.2:

1. Thereis a set X of (random and decision) variables, which are relevant to a decision

problem;

2. thereis a set A of policies and for each possible policy §€A, there is a corresponding

probability Ps(X);
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3. and there is a utility function x(X), which specifies the decision maker’s preferences

about the possible states of affairs.

The problem is to decide on a policy §° that maximizes the expected utility, that is

3 Po(X)u(X) = mazs 3 F(X)M(X)), (2.5)

where 3 x means summation over all the possible values of X.
The setup given in Section 1.2 can be fitted into the setup given here by letting

X = {o,s,d}, and for each policy § : O—}y setting

P(s)P ifd=4¢
Py < | PP itd=50 26
0 otherwise

In equation (2.5), summation is used instead of integration because we deal only with
discrete variables in this thesis. However, most of our results can be easily extended to

the case of continuous variables.

2.3.2 Multiple-decision problems

In applications, the decision maker usually needs to set the values for a number of vari-
ables dy, ..., di. Let OBS(d;) denote the set of all the variables whose values will be
observed by the decision maker at the time of decision d; is to be made.

Sometimes, as in MDP’s, the decision maker is able to qualitatively tell that some
of those observed variables are irrelevant to d;. On other occasions, the decision maker
may be forced, for instance by computational complexity, to approximate the world by
by making such irrelevance assumptions. Let 7§, be a subset of OBS(d;), such that the
variables in OBS(d;) — 73, are, according to the decision maker, irrelevant to the decision

d; given w3,
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Before one can solve a problem, one needs first to clearly state the problem. The
concept of multiple-decision problems is introduced as a way to pose a decision problem.
A multiple-decision problem is a set D = {< d;, 7). > |1 <1 < k}, where the d;’s are
decision variables and for each 1, 7rgg, is the set of variables depending upon whose values
the decision maker is to choose a value for d;.

The further extended oil wildcatter problem (Figure 2.11) is a multiple-decision prob-
lem. The decision maker needs to decide on a value for each of the following vari-
ables: test, drill, gas-sale-policy, and oil-sale-policy. The #%s are as follows:

0 0
Toest = 0, 73pi17 = {test-result}, Tgas—sale—policy = 18as-produced, gas-market},

0 _
oil-sale—policy —

and 7 {oil-produced, oil-market}.

Given a multiple-decision problem D, define a partial ordering among its variables as
follows: for any two variables z and y, we say that z precedes y if z€my, or if there is
another variable z such that z€n? and z precedes y.

The fundamental constraint that a multi-decision problem must obey is the so-called
acyclicity constraint , which require that there do not exist two variables x and y such that
both z precedes y and y precedes z. The reason for this constraint is that the precedence
relationship defined above implies time precedence. More explicitly, if z precedes y, then

the value of z is observed or determined before the value of y.

2.3.3 Technical preparations

Given a multiple decision problem D, let X be the set of all the variables in D and other
variables that are relevant to the problem. For the further extended oil wildcatter prob-
lem, X also contains oil-underground, gas-underground, and seismic-structure in
addition to the variables appeared in the problem statement, namely test, drill, gas-
sale-policy,oil-sale-policy,test-result, gas-produced, gas-market, oil-produced,

and ocil-market.
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For any variable z€ X, let 1, be the frame of z, i.e. the set of all possible values of
z. For any subset B C X, let Qp = [[.cp Qs

To determine a value for d; based on the values of the variables in 73, is to choose a
function §é; : Q,rgi — 4,. Such a function is called a decision function (table) for d;. Let
A; denote the set of all the decision functions for d;. The policy space is the Cartesian

product A =[5, A;. An element of A is called a policy .

2.3.4 Deriving the concept of decision networks

One needs to have the necessary knowledge to solve a problem. This subsection develops
decision networks as a framework for specifying the knowledge (beliefs) and utilities that
are required in order to solve a multiple-decision problem.

If the decision maker wants to solve a multiple-decision problem D in the setup given
in Subsection 2.3.1, then s/he needs, according to the second item of the setup, to come
up with a probability Ps(X) for each policy §. When obtained, Ps would contain more
information than is conveyed by D and é. The portion of information conveyed by P;
that is not conveyed by D and é should originate from the decision maker’s knowledge
and beliefs about the uncertainties involved in the decision situation. Equipped with
Bayesian networks, we are able to explicitly spell out this portion of information, as
demonstrated in the following.

Assume P;(X) were somehow obtained. An expansion ordering for Ps(X) conforms
to D if for each d;, variables in 73, precede d; in the ordering. One can easily verify that
such an ordering is possible since D must be acyclic.

Given an expansion ordering p: zi, ..., z, that conforms to D, we could, as in the
previous section, expand Ps(X), determine the n;,’s, and construct a Bayesian network.

Denoted by N5, this Bayesian network would contain the following information:



Chapter 2. Decision networks: the concept 40

1. For each decision node d;, the conditional probability Ps(d;|74,) and the fact that
(Factl:) d; is independent of all the variables that come before d; in p given the

variables in 7q;; and

2. for each random node ¢, the conditional probability Ps(c|m.) and the fact that
(Fact2:) c is independent of all the variables that come before ¢ in p given the

variables in 7.

Since 74, and 79, have the same semantics, we have mq,=73,. Hence Factl would have
come from the problem statement D; and the conditional probability Ps(d;|r4) would
have come from the policy 6.

One the other hand, Fact2 and the conditional probability Ps(c|n.) do not follow from
either D or 6, and hence must have come from the decision maker. They represent the
decision maker’s knowledge and beliefs about the uncertainties involved in the decision
situation and need to be elicited before the decision problem D can be solved in Bayesian
decision theory.

We now turn to utility. According to item 3 in the setup of Subsection 2.3.1, the
decision maker needs also to express his preferences about the possible state of affairs by
a utility function u(X). u(X) can sometimes be decomposed into the sum of a number
of components, each of which depends only on a number of variables. Suppose u(X)
decomposes into m components p1(Z1) + ... + pm(Zm), where Z; is the set of variable
of which y; depends upon. Introduce a value variable v; for each y;, and attach v; to
the Bayesian network A by drawing arcs from each of the variables of Z; to v;. In the
following, we shall write Z; as o, and pi(Z;) as po;(7y;).

To summarize the discussions above and in Subsection 2.3.2, the decision maker needs
to do the following in order to solve a multiple-decision problem in Bayesian decision

theory:
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1. specify the decision variables whose values are to be to determined, and the random

variables and value variables that are related to those decision variables;

2. for each decision variable d;, specify the set 74, of observed variables whose values

are relevant to d;,

3. determine an ordering p among all the variables such that p conforms to the problem
statement {< d;, 73, > [¢}. Let p[< z] denote the set of nodes that come before z

in the ordering p.

4. for each random variable c, specify a subset 7. of p[< ¢] such that cis P(c|p[< ¢]) =
P(c|n.), and specify the conditional probability P(c|x.);

5. for each value variable v, specify the subset m, of variables in p[< v] that v depends

upon and specify the utility function ., (7,,).

We call the collection of all the information specified in items 1, 2, 4, and 5 a decision
network . Thus, a decision network represents the decision maker’s knowledge (beliefs)
and preferences (utilities) that are needed in order to solve a multiple-decision problem in
Bayesian decision theory. The ordering p is not included as part of the decision network
because it can be arbitrary as long as it conforms to {< d;, 7§, > [i}.

Smith (1989) presents a way of developing the concept of influence diagrams (decision
networks) in terms of the so-called third part semantics. In this section, the concept of
decision networks has been developed directly from a standard setup of Bayesian decision

theory without using the third part semantics.

2.3.5 An example

As an example, consider a decision scenario where a decision maker needs to decide

whether to bring-umbrellain light of weather forecast. An additional variable, rain,



Chapter 2. Decision networks: the concept 42

==

bring
umbrella |

(1) (2)

Figure 2.13: Two decision networks for the rain-and-umbrella problem.

which takes the value “yes” if it does turn out to rain and “no” otherwise, is believed
to be relevant to the decision and hence is included in our analysis. For each decision
function & : Qforecast — lbring-umbrella, the decision maker needs to come up with a
joint probability Ps(rain,forecast,bring— umbrella). The expansion ordering rain,
forecast, bring-umbrella conforms to the decision problem. If the decision maker’s
utility — satisfaction — is a function of rain and bring-umbrella, then the decision
network is as shown in Figure 2.13 (1). To complete the specification of this network, one
needs to assess the prior probability of rain and the conditional probability for forecast
given rain. One also needs to assess the utility function.

The expansion ordering forecast, rain, bring-umbrella also conforms to the deci-
sion problem. It gives rise to the decision network shown on Figure 2.13 (2). The reader
will see later that one can go between those two networks by reversing the arc between
forecast and rain using Bayes’ theorem (see Howard and Matheson 1984 and Section

5.5).

2.4 Fundamental constraints

In the introduction we have seen that among the five constraints that define influence di-
agrams, the regularity, the no-forgetting, and the single value node constraints should be

lifted. This short section considers the remaining two constraints, namely the acyclicity
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and the no-children-to-value-node constraints.

In the derivation of decision networks in the previous section, we first had a Bayesian
network A consisting of decision and random nodes. Then each value node v was
attached to N5 by drawing arc from those nodes in N that v depends upon. Thus, the
value nodes do not have children. In other words, decision networks always satisfy the
no-children-to-value-node constraint.

There is one issue that needs to be addressed. In the last section, we have assumed
the set of value nodes does not intersect with the set of random and decision nodes. This
may not be the case sometimes; there may be nodes that are value nodes and decision
or random nodes at the same time. For example, the amount of money z one spends
the next month is a value variable. In the meantime, z is also a decision variable, and
it affects how much one will be willing to spend the month after. In such a case, we
will have two copies of z: one copy z4 functions as a decision node, while the other z,
functions as a value node. Since z4 is a decision node, one can set its value at his will
and this value affects later decisions. On the other hand, the value node z, depends
on z4 and it does not affect any other nodes. By appropriately introducing copies of
variables, we can always ensure that the set of value nodes does not intersect with the
set of random and decision nodes. |

We now turn to consider the acyclicity constraint. Decision networks must always be
acyclic because multiple-decision problems are acyclic (subsection 2.3.2) and Bayesian
networks acyclic. In the derivation of the last section, we began with a joint probability
Ps(X) which one must have in order to solve the multiple-decision problem D in Bayesian
decision theory. Because D is acyclic, we were able to have an expansion ordering p for
Ps(X) that conforms to D. The ordering p led to a Bayesian network As. For any arc
r—y in the Bayesian network, z comes earlier than y in the ordering p. Therefore ANs

must be acyclic. A decision network was obtained from Ns by adding value nodes. Since
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the value nodes do not have any children, the decision network must also be acyclic.
The acyclicity and the no-children-to-value-node constraints are the only two con-
straints we impose on decision networks. We have just argued that those two constraints
are fundamental and are indispensable to décision networks. In this sense, we say that
decision networks are the most general representation framework for solving multiple-

decision problems in Bayesian decision theory.
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Decision networks: formal definitions

The previous chapter has introduced the concept of decision networks. This chapter
gives the exact definitions. We first formally define Bayesian networks (Section 3.1) and
give two properties of Bayesian networks that will be useful later in a number of places
(Section 3.2). Then we present the formal definitions of decision networks and of their
evaluation (Section 3.3). A naive algorithm for evaluating decision networks is provided
in Section 3.4. This algorithm is very inefficient because it simultaneously considers all
the decision nodes. A decision network is stepwise-solvable if it can be evaluated by
considering one decision node at a time (Section 3.5). Obviously, stepwise-solvability is
a desirable computational property. In the next three chapters, we shall discuss when
a decision network is stepwise-solvable and how to evaluate a stepwise-solvable decision
network. For that purpose, we need the auxiliary concept of semi-decision networks
(Section 3.6).

Starting from this chapter, we shall introduce various mathematical symbols. To help
the reader to keep track of them, we have listed all the major symbols at the beginning

of the thesis.

3.1 Formal definition of Bayesian networks

Before getting started, let us note that in this thesis, standard graph theory terms such
as acyclic directed graphs, parents (direct predecessors), children (direct successors),

predecessors, descendants (successors), leaves (nodes with no children), and roots (nodes

45
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netl net2 net3

Figure 3.14: Bayesian network and irrelevant variables.

with no parents) will be used without giving the definitions. The reader is directed to
Lauritzen et al (1990) for exact definitions. We shall use 7, to denote the set of parents

of a node z in a directed graph.

A Bayesian network' (Pearl 1988) A is a triplet ' = (X, A, P), where

1. X is a set of random nodes (variables); each z€X has a frame ), — the set of

possible values of z;
2. Ais a set of arcs over X such that (X, A) is an acyclic directed graph; and

3. Pis aset {P(z|n;)|z € X}? of conditional probabilities of the variables given their

respective parents®.

Figure 3.14 show a simple Bayesian network net1 with seven variables a, b, ¢, d, e,
f, and g. The network contains the following prior and conditional probabilities: P(a),
P(fla), P(bla), P(c|b), P(d|b), P(e|c,d), and P(g|f,e).

1 Bayesian networks are also known as belief networks, Bayesian belief networks, and probabilistic
influence diagrams.

2A conditional probability P(z|r;) is a mapping P(z|m;) : Qjur, — [0,1] such that
>w.en, Ple=w|m:=F) = 1 for each value § of .

SWhen z is a root, 7 is empty. When it is the case, P(z|m.) stands for the prior probability of .
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The prior joint probability Pa(X)* of a Bayesian network A" = (X, A, P) is defined
by

Pv(X) = T[] P(e|.). (3.7)

rzeX

In words, Py(X) is the pointwise multiplication of all the conditional probabilities in A.
For any subset B C X, the marginal probability P(B) is defined by

P(B)= ¥ P(X), (3.8)
X-B

where 3"y _p means summation over all the possible values of the variables in the set
X-B.

A note about notation usage: In equation (3.7) the range of the multiplication is spec-
ified by the sign “€”; €X means z ranges over X. In equation (3.8) there is no “€” sign.
As a convention, we use }.x_p P(X) as an abbreviation of 3, _cq,_, P(ws,wx_B),
where wx_p stands for a general member of Qx_p, wp stands for a general member
of Qp, and (wp,wx_p) is thus a general member of Qx. We shall always follow this
convention about notation usage throughout this thesis.

" For any two subsets By, By C Y of variables, the conditional probability P(B;|Bs) is

a function that satisfies
P(B1=p1, By=p3) = P(Ba=p,)P(B1=p1|B2=P,) Vp1€Qp,,Y3605,. (3.9)

For technical convenience, we also introduce the auxiliary concept of semi-Bayesian
networks. A semi-Bayesian network is a Bayesian network except that the prior prob-
abilities of some of the root nodes are missing. More precisely, a semi-Bayesian net-
work is a quadruplet /' = (X, A, P|S), where (X, A) is a acyclic directed graph, P =
{P(z|r;)|z€ X —S} is set of conditional probabilities, and S is the set of root nodes whose

prior probabilities are missing.

4A function from Qx to [0, 1].
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It follows from the definition that Bayesian networks are semi-Bayesian networks.
As in Bayesian networks, we can define Py(X) as follows,
Py(X)= I[ Plaln,). (3.10)
z€(X-5)
Unlike in Bayesian networks, here Py(X) usually is not a probability; it may not sum
to one. Thus, it is called the prior joint potential instead of the prior joint probability.
Marginal and conditional potentials can be defined from the joint potential in the same
way as marginal probabilities are defined from joint probabilities.

Note that since there are no arcs from X—S to S, the prior joint potential Py(X) is
nothing but the conditional probability of the variables in X —$ given variables in S. For
‘example, net3in Figure 3.14 is a not Bayesian network if we have only P(c|b), P(d|b), and
P(e|c,d) but not P(b). In this case, net3 is a semi-Bayesian network. The multiplication

of all the conditional probabilities yields the conditional probability P(c,d, e[b).

3.2 Variables irrelevant to a query

Given a (semi-)Bayesian network N, one can pose a query ?Py(Bi|Bz). It is often pos-
sible to graphically identify certain variables being irrelevant to the query 7 Py(B;|B,).
This issue is addressed in Geiger et al (1990), Lauritzen et al (1990), and Baker and Boult
(1990). The materials in the reminder of this section are extracted from those papers.

To remove a node z from a semi-Bayesian network N = (X, A, P|S) is to: (1) remove
z from X, (2) remove from A all the arcs that contain z, (3) remove from P all the items
that involve z, and (4) those nodes that were not roots and become roots because of the
removal are added to S.

We notice that removing a node from a Bayesian network may create root nodes
which do not have prior probabilities. This is why we need the concept of semi-Bayesian

network.
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A leaf node is barren w.r.t a query ? Py (B1|B,), if it is not in B1UB,. In net1 (Figure
3.14), g is barren w.r.t ?P..n(eld). The following proposition says that if a leaf node
is barren w.r.t a query, then it is irrelevant to the query, and hence can be harmlessly

removed.

Lemma 3.1 Suppose N is a semi-Bayesian network, and z is a leaf node. Let N" be
the semi-Bayesian network obtained from N by removing z. If x is barren w.r.t to the

query ? Py (Bi|B,), then

Consider computing Pres1(e|b). The node g is barren w.r.t the query and hence
irrelevant. According to Lemma 3.1, g can be harmlessly removed. This creates a new
barren node f. After the removal of ¢ and f, neti becomes net2. Thus the query
?Pnetl(e|b) is reduced to the query ?Pesa(elb = bo).

Let An(ByUB;) be the ancestral set of B;UB,, i.e the set of nodes in B;UB; and the

ancestors of those nodes. By repeatedly applying Lemma 3.1, we get
Proposition 3.1 All the nodes outside An(ByUB,) are irrelevant to the query ? P(B;|By).

Let G = (X, A) be a directed graph. An arc from z to y is written as an ordered pair
(z,y). The moral graph m(G) of G is an undirected graph m(G) = (X, E) whose edge

set E is given by

E = {{z,y}|(z,y) or (y,z) € A, or 3z such that (z,z) and (y, z) € A}.

In words, {z,y} is an edge in the moral graph if either there is an arc between the two
vertices or they share a common child. The term moral graph was chosen because two

nodes with a common child are “married” into an edge (Lauritzen and Spiegehalter 1988).
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In an undirected graph, two nodes = and y are separated by a set of nodes S if every
path connecting them contains at least one node in S. In a directed graph G, z and y
are m-separated by S if they are separated by S in the moral graph m(G)®. Note that

any node set separates itself from any other set.

Proposition 3.2 Suppose N is a semi-Bayesian network. Let N be the semi-Bayesian

network obtained from N by removing all the nodes that are not in By and are m-separated

from By by By. Then

In our example, since a is m-separated from e by b iﬁ net2, the query can be further
reduced to Pes(eld). Note that @ is not m-separated from e by b in net1i.

It can be proved (Lauritzen et al 1990 and Geiger et al 1990) that all the nodes
irrelevant to a query ? Py(B;|B2) can be recognized and removed by applying Proposition

3.1 and Proposition 3.2.

3.3 Formal definitions of decision networks

A decision network skeleton is an acyclic directed graph K = (Y, A), which consists of
three types of nodes: random nodes, decision nodes, and values nodes; and where the
value nodes have no children.

A decision network skeleton describes a decision problem at the level of relation. It
contains the set of parents m; for each decision node d, the set of parents 7. for each
random nodes, and the set of parents 7, for each value nodes. See Subsection 2.3.4.

A decision network N is a quadruplet N'=(Y, A, P, F) where

5To relate m-separation to d-separation (Pearl 1988), Lauritzen et al (1990) have shown that S
d-separates By and B if and only if S m-separates B; and Bj in the ancestral set An(B1USUBs).
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1. (Y, A) is a decision network skeleton. Let us use C to denote the set of random
nodes, D to denote the set of decision nodes, and V to denote the set of value

nodes.
2. Each y€Y has a frame §2, — the set of possible values of y.

3. P is a set {P(c|r.)|ceC} of conditional probabilities of the random nodes given

their respective parents.

4. F is a set {py : Qr,—RYveV} of value (utility) functions for the value nodes,

where R! stands for the real line.

A decision network is obtained from a decision network skeleton by providing nu-
merical information, i.e by specifying a frame for each variable, providing a conditional
probability of each random node, and a value function for each value node. We say that
(Y, A, P, F)is a decision network over the skeleton (Y, A) , and that (Y, A) is the skeleton
of the decision network (Y, A, P,F).

A decision function (table) for a decision node d; is a mapping & : Qr, — Q.
The decision function space A; for d; is the set of all the decision functions for d;. Let
D = {dy,...,dr} be the set of all the decision nodes. The Cartesian product A = [T%, A;
is called the policy space for N, and a member §=(6y,...,ds) € A is called a policy .

Note that while a decision function é; is a function, a policy § is a vector of decision
functions.

The relationship between a decision node d; and its parents 7, as indicated by a
decision function é; : O, o 4, is equivalent to the relationship as represented by the

conditional probability Ps,(d;|7q;) given by

1 if 6,-(ﬂ)=a
Ps,(di=alrq,=p) = (3.13)
0 otherwise,
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for all @€}y, and ﬁeﬂ,,di.

- Since é=(éy,...,0k), we sometimes write Ps(d;|rq;) for Ps,(d;|x4,). Because of equation
(3.13), we will abuse the symbol é by letting it also denote the set {Ps(d;|rq,)|d;€ D} of
conditional probabilities of the decision nodes.

In a decision network N'=(Y, A, P,F), let X=CUD. Let Ax be the set of all the
arcs of A that lie completely in X. Then the triplet (X, Ax, PU§) is a Bayesian network,
where 6 denotes a set of conditional probabilities of the decision nodes. We shall refer to
this Bayesian network the Bayesian network induced from N by the policy §, and write
it as M. The prior joint probability Ps(X) of As is given by

Ps(X) = ] P(z|ne) T] Ps(zime)- (3.14)
zeC z€D
We shall refer to Ps(X) as the joint probability over X induced by § .

Because the value nodes do not have children, for any value node v, m, contains no

value nodes. Hence m,CX. The expectation Es[v] of the value function p,(m,) of v under

b5 is given by

Eslv] = ;PS(X)/M(%)

PIFICHPACHE (3.15)

The expected value Es{N] of N under the policy § is defined by

EsN] = Y Bl (3.16)

veV

S B(X) 3 () (3.17)

veV

Let us point it out again that 3~ and >y mean summation over all the possible values
of m, and X respectively, while 3 ., means summation over the set V. See Section 3.1

for a note about notation usage.
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The optimal expected value E[N] of N is defined by

E[N] = mazseaEs[NV). (3.18)

The optimal value of a decision network that does not have any value nodes is zero. An

optimal policy §°=(63,...,62) is one that satisfies

Eso[N] = E[N]. (3.19)

We call 67 an optimal decision function (table) of d;. For a decision network that does
not have any value nodes, all policies are optimal.

In this thesis, we shall only consider variables with finite frames. Hence there are only
finitely many possible policies. Consequently, there always exists at least one optimal
policy.

To evaluate a decision network is to

1. find an optimal policy, and

2. find the optimal expected value.

3.4 A naive algorithm

A straightforward approach to the evaluation of decision networks is to simply follow
the definitions of optimal policy and of optimal expected value, and exhaustively search

through the policy space A. This idea is made explicit by the following algorithm.

Procedure NAIVE-EVALUATE:

e Input: /' — a decision network.

e Output: An optimal policy and the optimal expected value of V.
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Let A be the policy space of N.

1. Pick one policy from A and denoted it by 6°. Set A = A—{§°}.
2. Compute Eso[N].
3. While A # 0, do

o Pick one policy from A and denoted if by 6. Set A = A—{é}.
o Compute Fs[N].
o If E(s[./v] > Eso[M, set 6° = 4.

end-while

4. Qutput §° and Eso[N].

Though simple, this naive algorithm is very inefficient. The main reason is that it
simultaneously considers all the decision nodes. This results in an exhaustive search
through the policy space A, which can be computationally prohibitive. Suppose there
are k decision nodes, each has [ parents, and suppose all the variables are binary. Then
for each decision node d, the cardinality of {0, is 2'; hence there are 2(2) possible decision
functions for d. Consequently there are (2(21))’“ policies in'A. The procedure NAIVE-
EVALUATE computes the expected value of A for each of the (2(21))]“ policies!

There are decision networks whose evaluation necessitates simultaneous considera-
tion of all the decision nodes. As an example, consider the decision network (skeleton)
in Figure 3.15. Enemy movements may be observed by both agentl and agent2. An
agent decides whether or not to report enemy movements according to the instructions
established beforehand by the intelligence office. If an agent reports, there is a chance

that s/he may be exposed.
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observed
by agent2

agentl agent2
reports reports

Figure 3.15: A decision network whose evaluation may require simultaneous consideration
of all the decision nodes.

For the sake of illustration, assume all the variables either take the value YES or
NO, except for the variable value, which takes real numbers. To complete the speci-
fication, we need to give the following (conditional) probabilities: P(enemy-movement),
P(observed-by-agent1 |enemy-movement), P(observed-by-agent2 | enemy-movement ),
P(agenti-exposed|agenti-reports), and P(agent2-exposed|agent2-reports). We
need also to give value function piyaie(enemy-movement, agent1-exposed, agent2-exposed).

There are four possible instructions (decision functions) for agentl:

1. If observed-by-agent1=YES, then agenti-reports=YES;

If observed-by-agent1=NO, then agenti-reports=YES.

2. If observed-by-agent1=YES, then agenti-reports=YES;

If observed-by-agent1=NO, then agenti-reports=NO.

3. If observed-by-agent1=YES, then agenti-reports=NO;

If observed-by-agent1=NOQO, then agenti-reports=YES.
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4. If observed-by-agenti=YES, then agent1-reports=NO;

If observed-by-agent1=NO, then agenti-reports=NO.

Similarly, there are four possible instructions for agent2. The policies (instructions

for both agents) for the problem are given as follows:

1. If observed-by-agent1=YES, then agenti-reports=YES;
If observed-by-agent1=NO, then agenti-reports=YES.
and
If observed-by-agent2=YES, then agent2-reports=YES;

b

If observed-by-agent2=NO, then agent2-reports=YES.

2. If observed-by-agent1=YES, then agenti-reports=YES;
If observed-by-agenti=NO, then agent‘;i-reports=NO.
and
If observed-by-agent2=YES, then agent2-reports=YES;

If observed-by-agent2=NO, then agent2-reports=YES.

3. andsoon ...

One can easily see that the policy space consist of (2("’1))2 =4 x4 = 16 possible policies.

In assessing his utilities, the intelligence office needs to keep both agents in mind. For
example, it may be the case that information about an particular enemy movement is
important enought to risk one agent but not both. The instructions for such a situation
should allow one and only one agent to report. The instructions can require, for instance,
agentl to report when the information is deemed important enough to risk one agent,
and require agent2 to repoft only when the information is deemed important enough to

risk both agents. Such instructions can be arrived at only by considering the two agents
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simultaneously. In Chapter 8, we shall formally prove that with appropriate probabilities
and value functions, optimal policies for the decision network in Figure 3.15 can be found
only by considering the two decisions at the same time.

On the other hand, however, there are decision networks which allow more efficient
algorithms than NAIVE-EVALUATE. The best case is when a decision network can
be evaluated by considering one decision node at a time. This leads to the concept of

stepwise-solvability.

3.5 Stepwise-solvability

Let NV be a decision network. Let dy, dy, ..., di be all the decision nodes in A, and let
6=(61,63,...,6) be a policy of N, where §; is a decision function of d;. The expected
value Es[N] = Es, 5,....6)[N] is a function of 61, &, ..., and 6.

For any ¢€{1,2,...,k}, if we fix the value of §; for all j€{1,2,...,k} such that jsi,
then Es,, .5:_1.6:,6; +1,_"’5k)[/\/’] becomes a function of §;. Rank all the possible values of §;,
i.e all the possible decision functions of d;, according to the value Es,....5021,6:8i01,86) [N ]-
If the decision function (for d;) that is ranked the highest remains the same regardless of
the values of the &;’s (j#4), then we say that d; is a stepwise-solvability candidate node ,
or simply an SS candidate node of N.

A deterministic node is a random node whose conditional probability takes the value
either 0 or 1. To replace a decision node d; by a deterministic node characterized by a
function §; : Q""dj — 4 (Shachter 1988) is to replace d; by a deterministic node with the
same frame, and to set P(d;|m4,) to be the conditional probability that represents §; in
the sense of equation (3.13).

If d; is an SS candidate node, then an optimal decision function 62 can be found

as follows. For all j€{1,2,...,k} such that j#i, replace the decision node d; by a
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deterministic random node characterized by an arbitrary decision function d;, resulting
in a decision network with only one decision node d;. Then find a policy é¢ of d; that

satisfies

E(61,..5-1,62,8011,0mb) (N1 = Mas5,60, B (s, .. 6501 51600150 V- (3.20)

Proposition 3.3 Ifd; is an SS candidate node of a decision network N, then an decision

function 67 that satisfies equation (3.20) is an optimal decision function of d;.

Proof: Let (65,...,687 1,67, 6541,...,0%) be an optimal policy of A'. Since d; is an SS

candidate node and &7 satisfies (3.20), we have

E (63,811,668 1) V] 2 Bt bt 8,880 V]

Therefore, (63,...,67 ,,67,8%4,...,6;) must also be an optimal policy of A. Conse-
quently, 67 must be an optimal decision function of d;. The proposition is proved. O

A decision network is stepwise-solvable if it contains no decision nodes, or if

1. there exists an SS candidate node d; such that

2. if d; is replaced by a deterministic node characterized by an optimal decision func-
tion of d, the resulting decision network (with one less decision node) is stepwise-

solvable.

A decision network skeleton is stepwise-solvable if all the decision networks over the
skeleton are stepwise-solvable.

If a decision network A is stepwise-solvable, then it can be evaluated as follows. Find
an SS candidate node d; and find an optimal decision function é¢ of d; in the way as
specified in equation (3.20). Replace d; by a deterministic node characterized by &?,

resulting in another stepwise-solvable decision network A’ with one less decision node.
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Then recursively apply the procedure to A, an so on so forth. We see here that A is
evaluated by considering one decision node at a time.

Suppose A is a stepwise-solvable decision network with k decision nodes. Suppose
each decision node has ! parents, and suppose all the variables are binary. Then to
evaluate AV, we need to corﬁpute the expected values of N for (2(21)) * k policies, instead
of (2@))* policies as in the case of NAIVE-EVALUATE.

Note that the aforementioned evaluation method is not the best. The term 2(2) can
easily be prohibitively large. We shall show that when a decision network is stepwise-
solvable, it can be solved not only by considering one decision node at a time, by also
by considering one, usually small, part of the network at a time. The complexity can be
reduced to that of computing no more than 2k + m marginal probabilities of no more
than [ 4 1 variables or computing no more than (2k + m)2"*! numbers, where m stands
for the number of value nodes.

So, stepwise-solvability is a very desirable property for a decision network to possess.
In the next three chapters, we shall investigate when a decision network is stepwise-
solvable and what is the best way to evaluate a stepwise-solvable decision network. For

this purpose, we need the technical concept of semi-decision network.

3.6 Semi-decision networks

The reader has seen that removing nodes from a Bayesian network may create root nodes
which do not have prior probabilities. This is why we need the concept of semi-Bayesian
network. We shall also be discussing removing nodes from decision networks, which
necessitates the concept of semi-decision networks.

A semi-decision network is a decision network except that the prior probabilities of

some of the root random nodes are missing. We use N' = (Y, 4, P, F|S) to denotes a
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semi-decision network, where S is the set of root random nodes whose prior probabilities
are missing.

As before, let X = C U D be the set of random and decision nodes. Similarly to the
case of decision networks, a policy é induces a semi-Bayesian network (X, Ax, PUé|S),
which will be referred to as the semi-Bayesian network induced from N by the policy 6 ,
and which will be written as M. Let Ps(X) be the prior joint potential of Nj.

For any value node ve€V, n,CX. The ezpected value Es[A] of N under the joint
potential Ps(X) is defined by

BV = 3 AiX) T i) (3.21)

veV

The optimal expected value E[N] of N is defined by

E[N] = mazsea Es|V].

An optimal policy 6° is one that satisfies

Es[N] = E[N].

Unlike in the case of decision networks, we also define the concept of conditional
expected value for semi-decision networks. Th conditional expected value Es[N'|S] of N
given S is defined by

Es|N|S] = Z Py(X) D po(my). (3.22)

VeV
Obviously Fs[NV|S] is a function of S.
We chose the term “conditional expected value” because that the prior joint potential
Py (X) is nothing but the conditional probability of the variables in X—S given S (see
| the note at the end of Section 3.1) .

The optimal conditional expected value E[N|S] of N given § is defined by
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E[N|S] = mazsea Es|N|S).
An optimal conditional policy 6° is one that satisfies
Ege[N1S] = BIVS],
for all possible values of S.

Proposition 3.4 A conditionally optimal policy of a semi-decision network, if exits, is

always an optimal policy.

Proof: From equations (3.21) and (3.22), we have

Es[N] =) Es[NV|S].
5

Let é° be a conditional optimal policy and let é be an arbitrary policy of M. Then

Eso[N] =Y Es[N|S] 2 ) Es|NV|S] = Es[V].
S S

Therefore

Eso[N] > mazsea Fs[N].

In words, &° is an optimal policy of V. O

For a semi-decision network, there always exists at least one optimal policy. But there
may not necessarily exist any conditional optimal policies.

Given a semi-decision network A, if every optimal policy of A is also a conditionally
optimal policy, then we say that A is uniform .

We shall investigate when a semi-decision network is uniform later.



Chapter 4

Divide and conquer in decision networks

This chapter and the next two chapters constitute the heart of this thesis; they introduce
and study one subclass of decision networks, namely stepwise-decomposable decision
networks (SDDN’s). SDDN’s are important because they are stepwise-solvable, and as
we shall show in Chapter 8 stepwise-decomposability is the weakest graph-theoretical
criterion that guarantees stepwise-solvability.

This chapter investigates when and how a decision network can be decomposed into
two subnetworks such that the optimal expected value and an optimal policy of the
decision network can be computed by evaluating the two subnetworks. The next two
chapters are concerned with how to evaluate decision networks that can be decomposed
into n — the number of decision nodes — subnetworks such that the optimal expected
values and optimal policies of the decision networks can be computed by evaluating the
n subnetworks.

The organization of this chapter is as follows. Section 4.1 discusses the relationship
between independence in a decision network and separation in the underlying decision
network skeleton. Section 4.2 defines a concept of decomposability for decision networks,
and Section 4.3 shows that this concept of decomposability implies a divide and conquer
evaluation strategy.

Since manipulation of decision networks gives rise to semi-decision networks and deci-
sion networks are special semi-decision networks, exposition in this chapter will be carried

out in terms of semi-decision networks.

62
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Figure 4.16: The relationships among the sets Y, Y7, Y77, X7, X7, and 4. The three
sets Y7, Y;; and 74 constitute a partition of ¥ — the set of all the nodes; while X, X;;

and 7y constitute a partion of CUD — the set of all the random and decision nodes.
When the network is smooth at d, there are no arcs going from Xj; to =,.

4.1 Separation and independence

The main goal of this chapter is to prove Theorem 4.1, one of the most important theo-
rems in this thesis. In preparation, this section exposes the relationship between graph-
theoretic separation and probabilistic independence in the context of decision networks.

Suppose K = (Y, A) is decision network skeleton and d is a decision node in K. Let
Y:(d,K), or simply Y7 be the set of all the nodes that are m-separated from d by 74, with
the nodes in mq itself excluded. Let Y7;(d, K), or simply Yi; be the set of all the nodes
that are not m-separated from d by ny. We observe that Y7, 74, and Yi; forms a partition
of Y. Let X1(d,K) = Yi(d, K)N(CUD) and X11(d,K) = Y1;(d,K)N(CUD).

The relationships among the sets are illustrated in Figure 4.16. In the following, we
shall refer to Y7 as the upstream set of 74, Yir as the downstream set of ng. We shall also
refer to X as the set of random and decision nodes in the upstream of w4, and X;r as
the set of random and .decision nodes in the downstream of w,.

Consider a semi-decision network A" = (Y, A, P, F|S). Let é§ be a policy of M. As
pointed out by Lauritzen et al (1990), m-separation in the skeleton (Y, A) implies con-

ditional independence for Ps(X) — the joint potential over X induced by é. Since 74
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m-separates X7 and X7, we have that Ps(X;7| X7, 7q) = Ps(Xis|74). Therefore

Ps(X1, 74, X11) = Ps(X1,7a)Ps( X111 X1, 74)

= Pg(X], ﬂ'd)Pg(X_rllﬂ'd). (4.23)

The rest of this section seeks an explicit representation of Ps(X, 7q4) and Ps(X/|mrq4)
in terms of conditional probabilities.

A decision network is smooth at the decision node d, if there are no arcs going from
the downstream set Y77 of 74 to nodes in 74. In other words, arcs between 74 and Yj;
only go from 74 to Y7;.

As an example, consider the decision network skeleton for the further extended oil
wildcatter problem (Figure 2.11). The downstream set of Toil-sale—policy consists of
oil-sale-policy and oil-sales. There are no arcs from oil-sales to nodes in
Toil-sale—policy. 90, the skeleton is smooth at oil-sale-policy. One the other hand,
the downstream set of 74ri11 contains all the nodes except test-cost and the nodes
in mgri11. In particular, the downstream set contains the node seismic-structure.
Because of the arc from seismic-structure to test-result (€ myri11), the decision
network skeleton is not smooth at drill.

Let dy, ..., d; be all the decision nodes in X;Unq and d;41, ..., di be all the decision
nodes in X7;. Note that d € {dj41, ..., di}. For a policy 8 = (61,...,68), let §; =
(61,...,6;) and é11 = (8j41,- - -, 0k).

Suppose the semi-decision network A is smooth at d. It follows from Proposition 3.1

that

PXnm)= I Plaln) [T Puldilma). (4.24)

zeCn(Xury) i=1

And it follows from Proposition 3.2 that

Ps(Xlra) =[] P(z|rs) fI Ps;(di|xa;)). (4.25)

z€CnXyy i=j+1
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Those two equations give us the following lemma.

Lemma 4.1 If NV is smooth at d, then Ps(Xy,74) only depends on 67, and Ps(Xr1|mq)
only depends on d11. From now on, we shall write Ps(X1,74) as Ps,(X1,74), and Ps(X11|7g)

as Ps, (Xr1|7q).

4.2 Decomposability of decision networks

Also in preparation for Theorem 4.1, this section introduces a concept of decomposability
for decision networks and shows how to divide a decomposable decision network into two
subnetworks.

A decision network skeleton KX=(Y, A) is decomposable at a decision node d if the
number of decision node in Y7;(d,K) is less than the number of decision nodes in £. A
semi-decision network is decomposable at a decision node d if the underlying skeleton is.

When a decision network skeleton X is decomposable and smooth at d, we define
the downstream component of K w.r.t d, denoted by Ks(d,K) or simply Ky, to be the
decision network skeleton obtained by restricting K to w,UY;; and then removing those
arcs that connect two nodes in 7y.

Also, we define the upstream component of K w.r.t d, denoted by K;(d, K) or simply
K, to be the decision network skeleton obtained by restricting X to Y;Ur; and then
adding a node u and drawing an arc from each node in 74 to u. The node u is to be used
to store the value of the downstream component, and is thus called the downstream-value
node .

Figure 4.17 shows the downstream and upstream components, w.r.t oil-sale-policy,
of the decision network skeleton in Figure 2.11.

Note that while Y; and Y77 are sets of nodes, K; and K7 are decision network skele-

tons. Ky and Ky; contain the nodes in 7y, while ¥; and Y;; do not.
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Let A be a decision network over K, and suppose A (or K) is decomposable and
smooth at d. The downstream component of N w.r.t d, denoted by M;r(d, N) or simply
by N1, is a semi-decision network over K ;. The value functions for all the value nodes of
N1 remain the same at in V. The conditional probabilities of the ;andom nodes of Nj;
that lie outside 74 also remain the same as in A". The nodes in 74, random or decision,
are viewed in Ny as random nodes whose prior probabilities are missing. |

The upstream component of N w.r.t d, denoted by Ni(d, N) or simply by N7, is a
semi-decision network over ;. The conditional probabilities of all the random nodes
remain the same as in A. The values functions of the value nodes other than u also
remain the same as in . The value function u(7,) of the downstream-value node u is
the optimal conditional expected value E[N|x,] of the downstream component N7;.

Since the decision node d is not in the upstream component N7, the number of decision
nodes in N7 is less than the number of decision nodes in A/. Since the decision nodes
in 7g, if any, are treated as random nodes in Nj; and since the A decomposes at d, the
number of decision nodes in A7 is also less than the number of decision nodes in V.
Furthermore the number of decision nodes in N7 plus the number of decision nodes in
N1 equals the number of decision nodes in A

We shall later define the concepts of downstream and upstream components for the

case when K and A are not smooth at d.

4.2.1 Properties of upstream and downstream components

This subsection gives several properties of upstream and downstream components of
decomposable decision networks. Those properties will be useful in the proof of Theorem
4.1.

Given a policy 671 = (8j41, .- -, 6x), the downstream component Ny is a semi-Bayesian

network. Let Puy;s,,(7q, X11) denote the prior joint potential of this semi-Bayesian
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seismic
tructure

Downstream component

Figure 4.17: Downstream and upstream components: The downstream component is a
semi-decision network, where the prior probabilities for 0il-produced and oil-market
are missing. In the upstream component, u is the downstream-value node, whose value
function is the optimal conditional expected value of the downstream component.

network. From the definition of the downstream component, one can see that if AV is
smooth at d, then
k
Py (7, Xir) = H P(z|ny) H Py, (dilma;)),
reCnXyy i=j+1

which is the same as the right hand side of equation (4.25). Therefore we have

Lemma 4.2 Suppose a semi-decision network N is decomposable and smooth at decision

node d. Let Ps,,(X1r|7q) be as in Lemma 4.1. Then
Py s1(may X11) = Ps, (X11|7a). (4.26)

Similarly, given a policy é; = (é4,...,§;), the upstream N7 is a Bayesian network. Let
Pu,,6,(X1, S) denote the joint probability of this Bayesian network. From the definition

of the upstream component, one can see that if A" is smooth at d, then
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J
PNIﬁI(XI’S) = H P(xl"rr)HP&(dilwd;)a

zeCn(X Urg) 1=1

which is equal to the right hand side of equation (4.24). Therefore we have

Lemma 4.3 Suppose a semi-decision network N is decomposable and smooth at decision

node d. Let Ps;(X;,mq) be as in Lemma 4.1. Then
Pry5;(X1,7a) = Py (X1, ma). (4.27)
The following proposition is especially important to the proof of Theorem 4.1.

Proposition 4.1 Suppose a semi-decision network N is decomposable and smooth at
decision node d. Let Ps, (Xrr|ma) and Ps,(X;,74) be as in Lemma 4.1. Let V; and Vi;
be the set of value nodes in Ny an Njj respectively. Then the conditional expected value
of Nir under policy 611 satisfies
Es Nitlma) = ) P (Xntlma) Y po(m), (4.28)
X1 veEVr
and the expected value of N7 under policy 81 satisfies
Es; [Nl = > Ps,(X1,ma){ D_ Wv) + E[NTi|mg]}. (4.29)
Xj,ﬂ'd UGVI

Proof: By definition, we have

E511[lel7rd] = ZPNII"SII(Wd’X[I) Z /“‘”("Tv)'

Xir veVyr
Thus equation (4.28) follows from equation (4.26).
Again by definition, we have

Es M= > Prvps(X1,ma){ D o (o) + EN1|74]}

Xrma veVy

Thus equation (4.29) follows from equation (4.27). O
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4.3 Divide and conquer

This section shows how decomposability of (semi-)decision networks leads to a divide

and conquer evaluation strategy.

Theorem 4.1 Suppose a (semi-)decision network N is decomposable and smooth at deci-
sion node d. Let Ny be the downstream component of N w.r.t d, and N7 be the upstream

component. If Ny is uniform, then

1. If 63; is an optimal policy for Ni; and &} is an optimal policy for N, then 6° =4,
(89, 689;) is an optimal policy for N.

2. The optimal expected value E[N7] of the body N7 is the same as the optimal expected
value E[N] of N.

The theorem divides the task of evaluating a (semi-)decision network A/ into two sub-
tasks: the task of evaluating the downstream component Ny and the task of evaluating
the upstream component A7.

Applying the theorem to the decision network in Figure 4.17, we get that optimal
decision functions for oil-sale-policy can be found in Ithe downstream component,
which is much smaller than the original network. The optimal decision functions for all
the other decision nodes can be found in the upstream component, which is also smaller
than the original network. Furthermore, we can repeatedly apply the theorem to the
upstream component.

The following mathematical proof may test the reader’s patience, but it is the key to
understanding the correctness of our later algorithms.

Proof: For any policy § of N, we have

EsiNT = Y. Pi(Xnma, Xin) Y pe(m) (By definition)
Xrma X1r veV
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Since é%; is an optimal policy for A7y and A7 is uniform,

Z P5I(XI’ 71'd)PtSM(Xﬂ'lﬂ'd) Z /‘v(ﬂ'v)

70

(By equations 4.23 and Lemma 4.1)

X],’Ird,XI_[ ’UGV

Y P (Xnwa){ Y po(mo) D Poyy(Xurlwa) + Y Py (Xualwa) D pro(mo)}

Xr1,7q veEV] Xrr X1 veVrr

> P (X1, ma){ Y. po(m) + Esyy[Nir|ma)}  (By equation 4.28). (4.30)
X1,mq veVyr

E511[NH|7Td] < E&;’I[NII|7"d] = E[.N‘I[|7I'd].

Noticing that Ps, (X, 74) is non-negative, we have

Es[V]

Z P51(XI7 Wd){ Z ﬂv(ﬂ'v) + ESH[NII|7Td]}

X1,m4a veV]

Y. P (X, ma){ Y mo(m) + Esg [Nir|ma]}

X174 vEV]

> P, (X1, ma){ DY pol(me) + E[Np1|ma]}

X174 veVrY
. Eg, [V
Ese[M]
> Po(X1,ma){ D polmo) + E[N11|m4]}
Xi,mg veEVT

> Poo(Xp,ma){ Y po(mo) + Ese [Nirlma]}

Xr,ma veVr

Eso[N].

(4.31)

(By equation 4.30)
(By equation 4.31)
(By equation 4.31)
(By equation 4.29)
(Optimality of 69)
(By equation 4.29)
(Optimality of 6%;)

(By equation 4.30)

Therefore, §° is indeed an optimal policy for A/. The first statement of the theorem is

proved.

The foregoing derivation has also shown that

Es[N] < Egg[V1] < Eso[V].

Letting é be 6°, we get

Eso[N] = Ess[Ni].

Therefore E[N] = E[Ni]. The proof is completed. O



Chapter 5

Stepwise-decomposable decision networks

This chapter introduces and studies the most important concept of this thesis, namely
stepwise-decomposable decision networks (SDDN). Roughly speaking, a SDDN is a deci-
sion network that can be decomposed into n — the number of decision nodes — subnet-
works such that each subnetwork contains only one decision node and that the original
network can be evaluated through the evaluation of those subnetworks (Section 5.4). A
first reason why SDDN’s are computationally desirable is that the subnetworks may be
substantially smaller than the original network.

A second reason why SDDN’s are computationally desirable is that each of the sub-
networks is a semi-decision network with only one decision node. Single-decision-node
semi-decision networké can be evaluated by enumerating the values of the parents of the
decision node instead of enumerating all the possible policies or decision functions (see
Section 5.5). Suppose that the decision node has n parents and that all the variables are
binary. Then, the parents can assume 2" possible values, while there are 2(3") decision
functions!

The organization of this chapter is as follows. The definition of SDDN’s is given in
Section 5.1, and Section 5.2 shows that smooth SDDN’s are stepwise-solvable. The issue
of testing stepwise-decomposability is addressed in Section 5.3. In Section 5.4, we discuss
how to evaluate a smooth SDDN by using the divide and conquer strategy outlined in
the previous chapter. An algorithm is presented in Section 5.6, which makes use of the

subroutine given in Section 5.5 for evaluating simple semi-decision networks.

71
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Non-smooth SDDN’s are treated in the next chapter.

5.1 Definition

This section defines stepwise-decomposable decision networks.

In a decision network skeleton K, a decision node d is a stepwise-decomposability
candidate node or simply an SD candidate node if m; m-separates d from all other
decision nodes and their parents. A decision node is an SD candidate node in a decision
network A if it is an SD candidate node in the skeleton of V.

As an example, consider the decision network skeleton in Figure 2.11). Both oil-sale-policy
and gas-sale-policy are SD candidate nodes, while drill and test are not. The de-

cision nodes oil-sale-policy and gas-sale-policy are not m-separated from drill

(test) by mari11 (Ttest).

Lemma 5.1 Suppose d is an SD candidate in a decision network skeleton K. Then the
downstream set Y11(d,K) contains only one decision node, which is d itself. So, if K

contains more than one decision node, then it is decomposable at d. O

When d is an SD candidate node in decision network A" and A is smooth at d, the
upstream component A7 of N w.r.t d is called the body of N w.r.t d, and the downstream
component Nj; of N w.r.t d is called the tail of A w.r.t d. Moreover, the downstream-
value node in A7 will be referred to as the tail-value node .

A decision network skeleton K is stepwise-decomposable if either it contains zero or

one decision node, or
1. There exists an SD candidate decision node d, and

2. The body K; of K w.r.t d is stepwise-decomposable.
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(3)

Figure 5.18: Step by step decomposition of the decision network in Figure 2.11.

A (semi-)decision network is stepwise-decomposable if its underlying skeleton is. The
term “stepwise-decomposable decision network” will be abbreviated to SDDN.

Suppose a decision network A is stepwise-decomposable. If A/ contains more than
one decision node, then it has at least one candidate node d. According to Lemma 5.1, A/
is decomposable at d and it decomposes into a body A7 and a tail. N7 is again stepwise-
decomposable. If N} contains more than one decision node, we can again decompose A;
into a body and a tail, an so and so forth, till there is only one decision node left in the
body. In other words, we can decompose an SDDN into a series of subnetworks (tails) in
a step-by-step fashion. This is why the term “stepwise-decomposable” was chosen.

As an example, let A be the decision network in Figure 2.11. N is stepwise-
decomposable. The node oil-sale-policy is an SD candidate node in A, and N

decomposes at oil-sale-policy into a body A7 and at tail, as shown in Figure 4.17.
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The node gas-sale-policy is an SD candidate node in A7, and N; decomposes at
gas-sale-policyinto a tail and a body. The body is shown in Figure 5.18 (1), and the
tail Figure 5.18(2). In Figure 5.18 (1), drill is an SD candidate node, and the network
decomposes at drill into a body as shown in Figure 5.18 (3) and a tail as shown in
Figure 5.18 (4).

The decision network skeleton in Figure 3.15 contains two decision nodes, but no SD

candidate nodes. So, it is not stepwise-decomposable.

5.1.1 Another way of recursion

In the definition of decomposability, the number of decision nodes is recursively reduced
by cutting tails that contain a single decision node. Another way to recursively reduce
the number of decision nodes is to replace them one by one with deterministic random

nodes. Let us first prove a lemma.

Lemma 5.2 Let d be an SD candidate node in a decision network skeleton K. Let K;
be the body of K w.r.t d, and let K' be the decision network skeleton obtained from K by
replacing d by a deterministic node. Then Ky is stepwise-decomposable if and only if K’

is.

Proof: We prove this lemma by induction on the number of decision nodes in K. Wheﬁ
d is the only decision node in K, both K; and X’ contain zero decision nodes, and hence
both are stepwise-decomposable.

Suppose the lemma is true for the case of £ — 1 decision nodes. Consider the case of
k decision nodes. One can easily verify that a decision node is an SD candidate node in
K1 if and only if it is an SD candidate node in K.

Suppose a decision node d' (# d) is a SD candidate node in K (hence in K’). There

are two cases depending on whether or not d is in the downstream set of 7 in K. When
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d is in the downstream set of 74, the body of K; w.r.t d' is the same as that of K’; hence
K1 is stepwise-decomposable if and only if K’ is. When d is not in the dowﬁstream set
of mg, let K7 be the body of K; w.r.t d, and K™ be that of K’. Then K* is the body of
K7 w.r.t d. By the induction hypothesis, X™* is stepwise-decomposable if and only if K}
is. Therefore, K’ is stepwise-decomposable if and only if K7 is. The lemma. is proved. O

This lemma leads directly to the following proposition.

Proposition 5.1 A decision network skeleton is stepwise-decomposable if and only if

etther it contains no decision nodes or

1. There exists an SD candidate decision node d, and

2. If d is replaced by a deterministic node, the resulting decision network skeleton (with

one less decision node) is stepwise-decomposable.

One can view Proposition 5.1 as an alternative definition of stepwise-decomposability.
The original definition is based an recursive construct that will be used directly in the
algorithms, while the recursive construct of this alternative definition is the same as
that of the definition of stepwise-solvability, which makes it convenient to study the
relationship between stepwise-decomposability and stepwise-solvability, as the reader will

see in the next section.

5.2 Stepwise-decomposability and stepwise-solvability

A decision network is smooth if it is smooth at every decision node.
Theorem 5.1 A smooth decision network is stepwise-solvable if it is stepwise-decomposable.

Proof: Let A be a smooth decision network and d be a decision node. Because of
Proposition 5.1, it suffices to show that if d is an SD candidate node, then it is also an

SS candidate node.
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Suppose d is an SD candidate node. Let X; be the set of random and decision nodes
in the upstream of 74; let V7 and Nj; be respectively the body and tail of A w.r.t d; let
Vi be the set of value nodes N; let §; be a policy of N7; and and let 657 be a policy of
N1, i.e a decision function of d. By equation (4.30) we have that

EgrsVT = Y Py (X1, 7a){ Y. po(me) + Esy [Nl mal}
X174 veVr
Fixing 67, we can rank all the possible policies 87 of M ; according to the value Es,.501) V]
Since Ps;(X1,74) is non-negative, this ranking does not depend on the value of §;. There-
fore d is an SS candidate node. The theorem is proved. O

We shall show later that the theorem is true also for non-smooth decision networks,
and that under “normal” conditions stepwise-solvability implies stepwise-decomposability
as well (Chapter 8).

The remainder of this chapter is devoted to the following two questions: How can one

test stepwise-decomposability? How can one evaluate a smooth SDDN?

5.3 Testing stepwise-decomposability

In a decision network, we say that a decision node d precedes another decision node d'
if there is a directed path from d to d’. Decision nodes that precede no other decision
nodes are called leaf decision nodes .

We say d weakly precedes another d' if d' is in the downstream set of 4. Decision
nodes that weakly precede no other decision nodes are called weak leaf decision nodes .
The following lemma follows from the definition of SD candidate node and the definition

of downstream sets.

Lemma 5.3 In a decision network, if node is an SD candidate decision node, then it is

a weak leaf decision node.
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Proof: Straightforward. O

Lemma 5.4 Let d and d' be two decision nodes in a decision network. If d precedes d',

then d weakly precedes d'.

Proof: Since d precedes d', there is a directed path from d to d’. No nodes in this path
can be in 74, because otherwise there would be a cycle in the network. Hence, d is not
m-separated from d by 74. Consequently, d' is in the downstream set of d. The lemma is
therefore proved. O

Combining the forgoing two lemmas, we get

Proposition 5.2 In a decision network, an SD candidate decision node must be a leaf
decision node. In other words, if a node is not a leaf decision node, then it cannot be a

candidate node.

Proof: Suppose d is a decision node but not a leaf decision node. Then there exists
another decision node d’ such that d precedes d’. By Lemma 5.4, d weakly precedes d',
hence d is not a weak leaf decision node. By Lemma 5.3, d cannot be a candidate node.

[
This proposition leads to the following algorithm for testing if a decision network

skeleton is stepwise-decomposable.

Procedure TEST-STEPWISE-DECOMPOSABILITY (K):

e Input: KX — a decision network skeleton.

o Output: “YES” or “NO” depending on whether X is stepwise-decomposable.

If there are no decision nodes in K, return “YES”.

Else
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1. Find a leaf decision node d of K.
2. Check if d is an SD candidate decision node.

e If d is not, find another leaf decision node d’ and go to 2 with d'. If
there are no more leaf decision nodes, return “NO”.

e If dis an SD candidate decision node, compute the body K; of K
w.r.t d, and recursively call TEST-STEPWISE-DECOMPOSABILITY (X ;).

What is the running time of TEST-STEPWISE-DECOMPOSABILITY? Let n be
the total number of nodes in K, k£ be the number of decision nodes, a be the number of
arcs, e be the number of edges in the moral graph of X. Finding a leaf decision node
takes at most O(a) time. Testing if a decision node is an SD candidate node and the
computation of a body are of the same order complexity as testing the connectivity of
the moral graph of K, which is O(n + €) by either breadth-first search or depth-first
search. In worst case, all the decision nodes are leaf nodes and there is only one SD
candidate node. If the only candidate node is always tested the last, then the complexity
of TEST-STEPWISE-DECOMPOSABILITY is O(k*(n+e+a)) = O(k*(n+e¢)). On the

other hand, if every leaf decision node tested is an SD candidate node, the complexity is

O(k(n +¢)).

5.4 Recursive tail cutting

In Section 5.6, we shall give an algorithm for evaluating smooth SDDN’s. In preparation,
this section shows that an optimal policy for a smooth SDDN can be computed by
recursively evaluating tail semi-decision networks, and the next section studies how to

evaluate a tail semi-decision network.

Theorem 5.2 Let N be a SDDN and d be an SD candidate node. Let Ny be the tail
of N w.r.t d, and N7 be the body. Let 89, be an optimal policy for Ny, i.e an optimal
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decision function of d, and let and 69 be an optimal policy for N7. If N is smooth at d,
then

1. 6° =g4e5 (65, 6%;) is an optimal policy for N.

2. The optimal expected value E[N]] of the body N is the same as the optimal expected
value E[N] of N.

The proof is postponed to the end of this section. The theorem implies the following
strategy of evaluating a smooth SDDN N: first compute and evaluate a tail Aj; of N,
then compute and evaluate a tail of N7, and so on so forth. We shall refer to this strategy

as recursive tail cutting .

5.4.1 Simple semi-decision networks

This subsection introduces the concept of simple semi-decision networks. The concept is
important to the proof of Theorem 5.2, as well as to our later algorithms.
A semi-decision network N = (Y, A, P, F|S) is simple if it contains only one decision

node d and 74=S.
Proposition 5.3 Suppose N is a smooth SDDN and d is an SD candidate. Then

1. The taill N1 of N w.r.t d is a simple semi-decision network, and

2. The body N7 of N w.r.t d is again a smooth SDDN.

Proof: The proof is straightforward. O

Suppose N = (Y, A, P, F|S) is a simple semi-decision network. Let &; be a decision
function of the only decision node d of V.

The conditional expected value Fj5,[NV|S] depend on S and é4. Since é; is a function
from Qs to Q4, Es,[N|S=0] may depends possible on é4(8) for all F€Qs.
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Lemma 5.5 For any value B3€Qs, F;,[N|S=p] depends only on the value §;(B) of the
decision function 8q at B, in the sense that fixing 64(B) fizes Fs,[N'|S=8], no matter what
the 84(B")’s (B'€Qs, B'#B) are.

The proof is postponed till the end of this section. The implication of this lemma is
that Es,[V|S=0] is really a function of 8 and the value 64(8) of §; at 8. To make this
more explicit, let 84(8)=c, then E; [NM]|S=0]is a function of # and a. To signify this
fact, we shall sometimes write E5,[NV|S=0] as Es,.5,5)=o[NV|5=8].

The foliowing proposition will also be proved at the end of this section.
Proposition 5.4 Simple semi-decision networks are uniform.
The corollary below follows from Theorem 5.2 and Lemma 5.5

Corollary 5.1 Let N = (Y, A, P, F|S) be a simple semi-decision network and let d be

the only decision node. Then an optimal decision function 63 for d is given by

53(16) = arg maxaEQdEsd:ﬁd(ﬁ)=a[le=/3]- (5.32)

5.4.2 Proofs

Proof of Theorem 5.2: Because of Theorem 4.1, it suffices to show that A7 is uni-
form. By Proposition 5.3, the tail A is a simple semi-decision network. According to
Proposition 5.4, A7y must be uniform. The theorem is therefore proved. O.

Proof of Lemma 5.5: Since 7;=S, we can write P, (d|S) for Ps,(d|r;). Let C and V
be the set of random and value nodes respectively. The joint potential Ps,(C,d) is given
by .
Pol(Cyd) = Pyy(d1S=p) T] P(clr2)

ceC
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Therefore

Es[N|S=B]= 3 Ps,(dIS=P) [ Plclrc) 3 po(ma). (5-33)

cu{d}-$ ceC veV

The only term that contains 64 is Ps,(d|S=p8), which only depends on the value of §; at
B according to equation (3.13). Thus, the lemma is proved. O

Proof of Proposition 5.4: Suppose N' = (Y, A4,P,F|S) is a simple semi-decision
network. Let d be the only decision node. We need to show that for any decision

function 6 of d, if

E5d°[M = mam&deAdEsd [Ma (5'34)

then for any value S€{ls
Es,o[N1S=P] = mazs,Es,en,[N|S=0]. (5.35)

For the sake of contradiction, assume there were a decision function §3 that satisfies
(5.34) which did not satisfy (5.35). Then, there must exist another decision function &}
and a value 8 € Qs such that |

Eso[N|S=P] < Esy|N|S=4].

Construct a neW‘ decision function 87 which is the same as 6] at 8 and which is the
same as §3 at all other values #' of S. By Lemma 5.5, Esz[N|S=0] = Es[N]S=f], and
Esn[N|S=p'] = Ess[N|S=p"] for any 5'€Qs such that 5'#8. Hence, we have

Em[N] = 3 Em[N|S=p].
B'eQs
= Ep[N|S=Bl+ 3  Es[N|S=0]
B'eQs,B'#8
> Eag[./\/[5=ﬂ]+ Z Esg[N|S=ﬂ']
B'eQs.B'#8
= 3 EglNIS=p]
B'eQs

= EslN].
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A contradiction. Therefore, it must be the case that (5.34) implies (5.35). The proposi-

tion is proved. O

5.5 Evaluating simple semi-decision networks

This section presents an algorithm for evaluating simple semi-decision networks.

Let N = (Y, A,P,F|S) be a simple semi-decision network, and let d be the only
decision node.

Let My be the semi-Bayesian network obtained from A by removing all the value
nodes, and by deleting all the arcs into d and treating d as a root random node without
prior probability. Let Py be the joint potential of A, i.e the product of all the conditional
probabilities in N

For any value node v of N, all its parents—all the nodes in m,—are in Ap. Thus,

we can compute the marginal potential Po(7y, S, d). We define the evaluation functional
e(d, S) of N by
e(d,S) =Y DY Py(re, S, d)pu(m). (5.36)
veV 1y —Su{d}

Theorem 5.3 Let N = (Y, A, P, F|S) be a simple semi-decision network; let d be the

only decision node; and let e(d, S) be the evaluation functional of N'. Then

1. An optimal decision function 83 can be found by
85(B) = arg mazqcqpe(d=a, S=0),V6 € Qs, (5.37)
2. The conditional optimal expected value E[N|S] is given

E[N|S=8] = mazqeq, e(d=a, S=8),VB € Qs. (5.38)

The proof is postponed to the end of this section.
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The theorem suggests the following procedure for evaluating simple semi-decision

networks.

Procedure S-EVALUATE(N):

e Input: ' — A simple semi-decision network.

e Output: An optimal decision function for the only decision node d, and

the optimal conditional expected value of .

1. Construct the semi-Bayesian network Np.
2. Compute the marginal potential Py(r,, S, d) for each the value nodes v.

3. Obtain the evaluation functional e(d, S) by equation (5.36).

4. Compute the optimal conditional expected value by equation (5.38) and

an optimal policy by equation (5.37).

Note 1). For those who are familiar with Bayesian network inferences, the clique tree
propagation approach (Jensen et al 1990, Lauritzen and Spiegehalter 1988, and Shafer
and Shenoy 1988) can be used to compute all marginal potentials Py(7,, S, d)’s. All the
marginal potentials can be computed by traversing the clique tree twice. When there is
only one value node, there is only one marginal potential to compute, which can be done
by traversing the clique tree only once.

Note 2). Relating back to the point made in the introduction of the chapter about the
evaluation of single-decision-node semi-decision networks, we see from Equation (5.37)
that S-EVALUATE does indeed evaluate a simple semi-decision network by enumerating
the values of the parents of the only decision node, rather than enumerating all the

decision functions, as the procedure NAIVE would do.



Chapter 5. Stepwise-decomposable decision networks 84

An interesting question is: Can we do the same for (semi-) decision networks with
more than one decision node? The answer is no, unless all the decision nodes have the
same parents. Essentially, what goes on in S-EVALUATE is that for any B€Q.,,, we
instantiate the parents w4 of the only decision node d to # and figure out the value for
d that maximizes the expected value of the simple decision network. When there are at
least two decision nodes, say d; and dg, with different parents, we can not do the same
because instantiating the parents of d;, for instance, would mean that all the parents of

d; are observed at the time the decision d; is to be made. This may not be true at all.

Proof of Theorem 5.3: Let 64 be a decision function of d. Let Ps,(X) be the potential

over the set X of all the random and decision nodes of A" under policy §;. We have

B (X) = Po(X)Fs,(d]5). (5.39)
Therefore, we have
Es,JNV|S] = Z Ps (X)) Y po(my) (By definition)
veV
= Z Ps,(d|S)Po(X Z Po(7y) (By equation (5.39) )
veV

= Z Y P(dlS) Y0 Po(X)pe(m)

veV 4 X —(50{d})
= > ZPsd diS)>° 3 Po(X)m(m)

veV Tv X —(mpUSU{d})
= ZZPSd(dIS ZP()(?TU,S d)ps(my) (Marginal potential)

veV d
From equation (3.13), we see that given S, Ps,(d|S) is the characteristic function
X{d|d=64(5)}(d) of the set {d|d = 84(S)}. Therefore
Es,[NIS] = 33" Po(mv, 5, 6a(S)) (). (5.40)

veV Ty
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Hence,
EBsysu)=alN1S=P] = e(d=a, S=8). (5.41)

The first item of the theorem follows from Corollary 5.1 and equation (5.41). The

second item follows from the first item. The theorem is proved. O

5.6 The procedure EVALUATE

We are now ready to present our algorithm for evaluating smooth SDDN’s. The correct-

ness of the algorithm is guaranteed by Theorem 5.2 and Proposition 5.3.

Procedure EVALUATE(N):

e Input: A/ — a smooth SDDN.

e Output: An optimal policy for and the optimal expected value of N.
If there are no decision nodes, Call N-EVALUATE(N) to compute the ex-
pected value, and stop.
Else

1. Find an SD candidate decision node d,

2. Compute the tail N7; of N w.r.t d,

3. Call S-EVALUATE(MN};) to compute an optimal policy for and the op-
timal conditional expected value E[N;|74] of Ny,

4. Compute the body N7 of N w.r.t d (E[Njf|m4] is used here), and
5. Recursively call EVALUATE(N;).

In EVALUATE, the subroutine N-EVALUATE is a procedure for evaluating decision

networks that contain no decision nodes, which is given below.
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Procedure N-EVALUATE(N):

e Input: /' — a decision network with no decision nodes.

¢ Output: the optimal expected value of V.

If there are no value nodes in A, return 0.

Else

1. Let vy, ..., v, be all the value nodes. Compute P(r,,) for all the v;’s.

2. Return

i Z Py ) oy (7).

1=1 Ty,

Néte that in EVALUATE, there is the subtask of finding an SD candidate node, which
is also in the TEST-STEPWISE-DECOMPOSABILITY. In implementation, one should
avoid doing this twice.

Also note that in N-EVALUATE one can, as in S-EVALUATE, compute the marginal
probabilities P(,,) by using the clique tree approach. All those marginal probabilities
can be computed by traversing the clique tree only twice. When there is only one value
node, one pass through the clique tree is enough.

Finally, no complexity analysis of EVALUATE is carried out here because a more

general version of EVALUATE will be given in the next chapter.



Chapter 6

Non-Smooth SDDN’s

The previous chapter has discussed how to evaluate a smooth SDDN. This chapter deals
with non-smooth SDDN’s. We extend the concepts of tail and body to the non-smooth
case in such a way that, as in the smooth case, optimal policies of the tail and optimal
policies of the body together form optimal policies of the original network (Section 6.2),
and thereby obtain a procedure called EVALUATEI! that is very similar to EVALUATE
(Section 6.3). The correctness of EVALUATEL is proved in Section 6.4. Both the pre-
senfation and the proof of EVALUATEL rely upon the preparatory Section 6.1, which
discusses how to transform a non-smooth SDDN into an equivalent smooth SDDN by a
series of arc reversals.

Several algorithms have been previously developed for evaluating influence diagrams.
Being special SDDN’s, influence diagrams can also be evaluated by EVALUATEL. Sec-
tion 6.5 compares EVALUATEL with the previous algorithms for evaluating influence

diagrams.

6.1 Smoothing non-smooth SDDN’s

An algorithm for evaluating non-smooth SDDN’s will be given in Section 6.3. In prepara-
tion, this section shows how to transform a non-smooth SDDN into an equivalent smooth

SDDN by a series of arc reversals.

87



Chapter 6. Non-Smooth SDDN’s 88

(1) Before arc reversal (2) After arc reversal

Figure 6.19: The concept of arc reversal: At the beginning the parent set of ¢; is BUB;
and the parent set of ¢; is BUB,U{c1}. After reversing the arc c;—c;,, the parent set of
c1 becomes BUB1UB,U{c;} and the parent set of ¢; becomes BUB,UB;. There are no
graphical changes otherwise.

6.1.1 Equivalence between decision networks

Two decision networks are equivalent if
1. They have the same decision nodes, the same policy space, and

2. For each policy, they have the same expected value.

Lemma 6.1 If two decision networks are equivalent, then they have the same optimal

policies and the same optimal expected value. O

Note that a decision node can have the same decision function space in two different
decision networks even when its parents vary from one network to the other. For example,
consider the case where a decision node d has only one parent z in one decision network,
while two parents y; and y; in the other. If the frame of z is the same as the Cartesian
product of the frames of y; and of y,, then d has the same decision function space in
the two networks. This is why, in the foregoing definition of equivalence between two
decision networks, we do not require that a decision node have the same parents in both

networks. This note will be useful in Chapter 9.

6.1.2 Arc reversal
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Arc reversal is an operation that transforms one decision network into another differ-
ent but equivalent decision network (Howard and Matheson 1984, Shachter 1986). We
introduce arc reversals at two levels: first the level of skeleton, and then the level of
number.

Let ¢; and ¢; be two random nodes in a decision network skeleton K. Suppose there
is an arc from c; to c;. When there is no other directed path from ¢; to c,, we say that
the arc ¢;—cy is reversible . .

Let B=m,,N7e,, Bi=7;—7,, and By=7¢,~(7,,U{c1}). In a decision network skele-
ton, to reverse a reversible arc c;—c; is to delete that arc, draw an arc from ¢; to ¢,
an arc from each node in B; to ¢;, and an arc from each node in By to c,. Figure 6.1§
illustrates this concept.

Let X' be the decision network skeleton resulting from reversing ¢;—c, in K. Let 7/
denote the set of parents of a node zin K'. Then 7}, = BUB;UB,U{c,} and 7', =BUB,UB,.

Let N be a decision network and K be the underlying skeleton. To reverse a reversible
arc ¢c;—cz in N is to reverse that arc in the underlying skeleton X, and to set the
conditional probabilities P(c;|r., ) and P(c|n’,) to be as follows:

P(Cglﬂ';z) = P(CllB, Bl,Bz, C2) =def ZP(Cl,C2|B,Bl,B2), (642)

€1

P(cla C2IB’ Bla B2)

Plalre) = P(erlB, B Ba) =aes —p—pppo

(6.43)

where P(ci, ¢3| B, By, By)=P(c1|%., ) P(cs|7e, ), and P(ci|n,) and P(cy|r.,) are in turn the
conditional probabilities of ¢; and ¢; in N respectively. In (6.43), P(c;|B, By, B;) may
be zero. When it is the case, P(¢i|B, By, By, c3) is defined to be constant 1.

Note that arc reversals at the level of skeleton do not involve numerical computations,
while arc reversals in decision networks do. The following lemma reveals some properties

of arc reversals in decision networks, which will be useful later.
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Lemma 6.2 Suppose an arc ¢;—c, in a decision network N is reversible. Let N be the
decision network resulting from reversing c;—cy in N'. Let 7. denote the set of parents

of a node = in N, and let P'(c|r’) denote the conditional probability of a random node
cin N'. Then

1. For any node z that is not a random node, 7., = 7;

2. For any random node ¢ other than ¢, and c3,
7, = 7. and P'(c|r) = P(c|r.);

3. And
P'(c1|m )P'(ealm,) = P(er]me,) Pco|mey ).

Proof: The lemma follows directly from the definition of arc reversal. O

Proposition 6.1 Let N be a decision network. Let N7 be the decision network obtained

from N by reversing a reversible arc. Then N’ and N are equivalent.

Proof: According to Lemma 6.2 (1), M and A" have the same decision nodes, and that
each decision node has the same parents. So, /' and N’ have the same policy space. By
Lemma 6.2 (2) and (3), we have that Es[N] = Es[N'] for any policy 8. The proposition

is thus proved. O

6.1.3 Disturbance nodes, disturbance arcs, and disturbance recipients

Consider a decision network skeleton K. Suppose d is a decision node in K. If K is not
smooth at d, then there are arcs from the downstream set Y7;(d,K) to nodes in 74. A
disturbance node of d is a node in Yj; from which there is a directed path to at least one

node in w4. The arcs on such a path are called disturbance ares of d, because they go
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Figure 6.20: A non-smooth decision network skeleton.

against the “stream”. The nodes in 74 that are pointed to by disturbance arcs are called
disturbance recipients of d.

As an example, let K be the decision network skeleton in Figure 6.20. The downstream
set Y77(d2, K) consists of da, ¢s and v,. The node ¢ is a disturbance node of d,, the arcs

cs—cy4 and cg—c5 are disturbance arcs of dy, and ¢4 and ¢5 are disturbance recipients of

dy.

Lemma 6.3 Let K be a decision network skeleton and d be an SD candidate decision

node. Let X be the set of random and decision nodes in the downstream set Y7i(d, K).

1. For any c€ Xy, 7. C X11Umy.

2. For any c:€X1; and any ¢1€7y, if K contains the arc c;—cy, then ¢ and ¢; are

both random nodes. So are the ancestors of ¢y in Xjj.

Proof: The first part follows immediately from the definition of downstream set.

We now prove the second part. First of all, ¢; cannot be a value node since value
nodes have no children and ¢; has the child d. Also since 74 does not separate d from c;
and c; is a parent of ¢y, ¢; can not be decision node either, for this would contradict the
fact that d is an SD candidate node of K. Therefore ¢; must be a random node.

Following a similar line of reasoning, one can show that ¢; and its ancestors in X

are all random nodes. O
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Corollary 6.1 Suppose d is an SD candidate decision node of a decision network skele-
ton. Then all the disturbance nodes and disturbance recipients of d are random nodes.

a

6.1.4 Tail-smoothing skeletons

Let d be an SD candidate node in a decision network skeleton K. Suppose K is not
smooth at d. This subsection presents a procedure for smoothing K at d.

A leaf disturbance node of d is a disturbance node of d such that none of its children
are disturbance nodes of d.

Let ¢ be a leaf disturbance node of d. Let c—c¢;, c—cy, ..., c—c, be all the distur-
bance arcs emitting from ¢. An disturbance arc c—¢; is the most senior if there is no
other disturbance arc c—¢; such that ¢; is an ancestor of ¢;.

Since K is acyclic, if there are disturbance arcs emitting from ¢, then one of them must
be the most senior. Since c is a leaf disturbance node of d, the most senior disturbance

arc c—c; 1s reversible.

Procedure TAIL-SMOOTHING-K(KX, d)

e Input: X — an SDDN skeleton,
d — an SD candidate of K.

e Output: An SDDN skeleton that is smooth at d.

Whilel there are disturbance nodes of d, find a leaf disturbance node ¢, break

ties arbitrarily.

while2 there are disturbance arcs of d emitting from ¢, pick and

reverse a most senior one, break ties arbitrarily. end-while2
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Figure 6.21: The application of TAIL-SMOOTHING-K to the decision network skeleton
in Figure 6.20 with the input candidate node being d;: (a) after reversing cs—cs, (b)
after reversing cg—cs.

end-whilel.

As an example, let K be the decision network skeleton in Figure 6.20. Figure 6.21
shows the working of TAIL-SMOOTHING-K(K,d;). The node ¢ is a leaf disturbance
node of dz. There are two disturbance arcs emitting from cg: cs— ¢4 and cg—c5, among
which cs—sc4 is the most senior. So, the arc cg—cq is first reversed, resulting in the deci-
sion network skeleton in Figure 6.21 (a). The arc cg—c5 is reversed thereafter, resulting

in the decision network skeleton in Figure 6.21 (b), which is smooth at ds.
Proposition 6.2 The procedure TAIL-SMOOTHING-K terminates and is correct.

A proof can be found at the end of this section.

Let K’ be the output decision network skeleton of TAIL-SMOOTHING-K(K, d). For
any disturbance recipient r of d (in K), the set of parents 7. of r in X’ is different from
the set of parents 7, of r in K. In our example, 7, = {di, ¢4}, while 7o, = {c4,cs}. The
following lemma gives us some idea about what nodes ] consists of. The lerﬁma is useful

in presenting EVALUATE].

Lemma 6.4 Let 7] and m, be as in the previous paragraph and let w4 be the set of parents

of d in K. Then n,N\wqCr.Cnq, and each x€n[—m, is not a descendent of r in K.
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A proof can be found at the end of this section.

6.1.5 Tail smoothing decision networks

The arc reversals in TAIL-SMOOTHING-K are at the level of skeleton. There are no

numerical computations whatsoever. The following algorithm for smooth a decision net-
work at a decision node is the same as TAIL-SMOOTHING-K, except now numerical

computations are involved.

Procedure TAIL-SMOOTHING(N, d)
e Input: A/ — an SDDN,
d — an SD candidate of V.

o Output: An equivalent SDDN that is smooth at d.

Whilel there are disturbance nodes of d, find a leaf disturbance node ¢, break

ties arbitrarily.

while2 there are disturbance arcs of d emitting from ¢, pick and

reverse a most senior one, break ties arbitrarily. end-while2

end-whilel.

As an example, let A be a decision network over the skeleton in Figure 6.20. Consider
the working of TAIL-SMOOTHING(V,d;). As in the case of TAIL-SMOOTHING-K,
the arc cg—rcq is first reversed, resulting in a decision network with underlying skeleton
. as in Figure 6.21 (a). The conditional probabilities of ¢4 and ¢g in the resulting network

are as follows:

Pleadr) = 3 Plealds, co)P(cs), (6.44)
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Plegldn, ca) = —tldh o) Plco)

= 5 Plaalds, i) Plaa)’ (6:49)

Then the arc cg—c5 is reversed, resulting in a decision network with underlying skeleton
as in Figure 6.21 (b). The conditional probability of ¢s in the resulting network is as

follows:

Plesidy, cq) = ZP(65|C4, ce)P(csldy, cs) = Zes P(Zcilc;’(:l)zle)d;’(:;f)(ce) (6.46)

Note that no complexity analysis of TAIL-SMOOTHING is carried out because it

will be used only in proofs, never in evaluation algorithm.

6.1.6 Smoothing non-smooth SDDN’s

This subsection is for the benefit of Chapter 9; it gives an algorithm that smooths non-
smooth SDDN’s.

Procedure SMOOTHING(N)

e Input: N/ — an SDDN.

e Output: A smooth SDDN that is equivalent to N.
If N contains no decision node, return A
Else

1. Find an SD candidate decision node d of N.

2. Call TAIL-SMOOTHING(MN, d). Let Let N denote the resulting deci-

sion network.

3. In AV, treat d as a random node!. (Thus A’ contains one less decision

nodes than A.) Recursively call SMOOTHING(NY).
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Figure 6.22: The effects of applying SMOOTHING to the SDDN in Figure 1.7: (a) after
the arc from seismic-structureto test-result is reversed, (b) the final SDDN, which
is smooth.

As an example, consider the SDDN in Figure 1.7. The network is smooth at 0il-sale-policy,
so SMOOTHING does nothing in the first recursion. In the second recursion, oil-sale-policy
is treated as a random node, rendering drill an SD candidate node. The SDDN is not
smooth at drill. So TAIL-SMOOTHING will enter its while loops. There is only
one leaf disturbance node of drill, namely seismic-structure. Thus the arc from
seismic-structureto test-result isreversed, introducing an arc from oil-underground
to test-result and an arc from test to seismic-structure. See Figure 6.22 (a). Now,
oil-underground becomes a leaf disturbance node of drill. The arc from oil-underground
to test-result is reversed, introducing an arc from test to oil-underground. The final
SDDN is shown in Figure 6.22 (b), which is smooth.

Note that no complexity analysis of SMOOTHING is carried out because it will be

used only in proofs, never in evaluation algorithm.

!The decision node d is treated as a random node only within the scope of SMOOTHING. It is treated
again as a decision after the termination of SMOOTHING.
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Theorem 6.1 The procedure SMOOTH terminates and is correct.

A proof will be provided in the next subsection.

6.1.7 Proofs

Proof of Proposition 6.2: To prove that the procedure TAIL-SMOOTHING-K termi-
nates, we need to show that the procedure does not get trapped in the while-loops. The
procedure will eventually exit the inner while-loop, because the number of disturbance
arcs emitting from the leaf disturbance node ¢ is reduced by one during each execution
of the loop.

The procedure will also exit the outer while-loop since reversing all the disturbance
arcs emitting from a leaf disturbance node ¢ does not produce any new disturbance nodes,
and c is no longer a disturbance node thereafter. Therefore the number of disturbance
nodes is reduced by one during each execution of the outer while-loop. Since there are
only a finite number of disturbance nodes, the procedure will eventually leave the outer
while-loop.

TAIL-SMOOTHING-K changes neither the downstream set nor the upstream set of
7q. So, the resulting decision network is also stepwise-decomposable.

Since the procedure exits the outer while-loop only when there are no more distur-
bance nodes of d, the resulting network produced by the procedure is smooth at d. The

proposition is proved. O

Proof of Lemma 6.4: Let 7.(t) be the set of parents of r at time step ¢ during the ex-
ecution of TAIL-SMOOTHING(K, d). We show by induction on t that (1) 7 NTgCre(t),
(2) = (t)NY(K,d) = 0, and (3) each z€&€(n,(¢)N74)—7, is not a descendant of r in K.

At the beginning, 7,(0) = m,. So (1) and (3) are trivially true. (2) is true because at
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least one node in =, is in ¥7;(K, d), since r is a disturbance recipient of d. Hence none of
the nodes in 7, can be in the upstream set Y.

Suppose (1-3) are true at time step ¢. Consider time step t+1. Suppose at this time
step, the disturbance arc reversed is c—r'. If r'#r, then T(t + 1) = 7, (t), hence (1-3)
are true. When ' = r, let 2 be a node in 7,(t + 1)—=,(¢). Then z must be parent of ¢
that is not a parent of r. Since the arc c—r is reversible,  cannot be a descendant of r.
So z does not lead to the violation of (3). Since c is in the downstream set ¥7; of Td, T
can only be either in 74 or in ¥77. In both case, z does not lead to the violation of any
of (2). By the definition of arc reversal, 7, (t) — m.(t + 1) = {c}. Again because c is in
Y11, (1) remains true. In other words, (1-3) are true for the case of ¢ 4+ 1. Consequently,
(1-3) are true for all ¢’s.

At the end of the execution of TAIL-SMOOTHING(K,d), n.(t) = .. Since K’ is
smooth at d, none of the nodes of 7, are in the downstream set Y7, hence 7/N7y = 7.
Consequently, it follows from (1-3) that =.N7;Ca’Cmy, and each €T — 7w, is ancestor

ofrin K. O

We prove the correctness of SMOOTHING by induction on the number of decision
nodes. When there are no decision nodes, SMOOTHING is trivially correct. Suppose
SMOOTHING is correct in the case of k—1 decision nodes. Now consider the case of k

decision nodes.

Let d be an SD candidate node of . Let A’ be the output network of TAIL-
SMOOTHING(W, d). According to Proposition 6.2, d remains an SD candidate node in
N and A is smooth at d and equivalent to NV

Treating d as a random node in A, we let d’' be an SD candidate node of A’. Let
N* be the output network of SMOOTHING(A”). Then N* is equivalent to A with d

regarded as a random node. Consequently, N'* is also equivalent to N when d is treated



Chapter 6. Non-Smooth SDDN'’s 99

as a decision node.

By the induction hypothesis, N'* is a smooth and stepwise-decomposable when d is
regarded as a random node. By proposition 5.1, what remains to be proved is that when
treated as a decision node, d is an SD candidate node of A™* and A/™ is smooth at d.

Let A" be the output network of TAIL-SMOOTHING(A”, &'). Since N is smooth
at d, the tail of N’ w.r.t d is not touched in the execution of TAIL-SMOOTHING(A”,
d’). Thus, d is an SD candidate node in A" and A" is smooth at d.

Suppose d” becomes an SD candidate node of A’ if both d and d’ are treated as ran-
dom nodes. Let N be the output network of TAIL-SMOOTHING(N", d"). Repeating
the argument in previous paragraph, we can show that d is an SD candidate node in N/
and N is smooth at d. Continuing the argument, we can eventually show that d is an

SD candidate node in A* and A* is smooth at d. The theorem is proved. O

6.2 Tail and body

The procedure TAIL-SMOOTHING suggests the following approach for evaluating a non-
smooth SDDN A: Find an SD candidate node d, use TAIL-SMOOTHING to smooth
N at d, decompose N at d into a tail and a body, find an optimal decision function for
d in the tail, and repeat the process for the body. An disadvantage of this approach
is that TAIL-SMOOTHING demands a series of arc reversals, which may be inefficient
(Shenoy 1992, Ndilikilikesha 1991). The motivation behind EVALUATEI] is to avoid arc
reversals. This section paves the way to EVALUATEI].

Let NV be a decision network and d an SD candidate node in /. In Sections 5.1
and 4.1, we have defined the concepts of tail (or downstream component) and body (or
upstream component) for the case when A is smooth at d. In this section, we extend

the concepts of tail and body to the case when A is not smooth at d.
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Figure 6.23: Tail and body for the non-smooth decision network skeleton in Figure 6.20
[FINAL CHECK]: (a) shows its body w.r.t dy and (b) shows its tail w.r.t ds.

6.2.1 Tail and body at the level of skeleton

When X is smooth at d, there are no disturbance recipients of d. When K is not
smooth at d, some of the nodes in 74 are disturbance recipients. Disturbance recipients
require special attention when extending the definition of tail and body to the non-smooth
case.

Suppose d is-an SD candidate node of K. The tail of X w.r.t d, denoted by K;(d, K)
or simply by Xy, is the decision network skeleton obtained from X by restricting K onto
Y;;Urg and removing all those arcs among nodes in 74 that do not point at disturbance
recipients of d.

As an example, let K be the decision network skeleton in Figure 6.20. Figure 6.23
(b) shows the tail of K w.r.t d;. The restriction of X onto Y7;(dz, K)Umg, contains the
following three arcs among nodes in 74,: dy—c3, di—cq, and ¢4—cs. The arc di—es,
which is removed because c3 is not a disturbance recipient of d;. On the other hand, the
arcs diy—c4 and dys—cs are retained because both ¢4 and ¢5 are disturbance recipients of
ds.

In the definition of tail, why do we need to handle disturbance recipients of a decision
node d in a different manner from other parents of d? Consider, for instance, the dis-

turbance recipient ¢4 of dy in F igure 6.20. The conditional probability P(c4|d1,cs) of ¢4
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involves the node cg. Since cg is in the downstream set Yj;(d, K), P(c4|ds, cs) is placed in
the tail (Subsection 6.2.2). Consequently, the arc d;—c¢, has to be retained. On the other
hand, c3 is not a disturbance recipient of d,. Its conditional probability P(cs|d1) does
not involve nodes in the downstream set Yy, is hence placed in the body (see Subsection
6.2.2). So, we delete the arc dy—c3 from the tail.

To extend the concept of body to the non-smooth case, let K’ be the output decision
network skeleton of TAIL-SMOOTHING-K(X, d). Since K’ is smooth at d, its body K/
w.r.t d is defined (Sections 4.1 and 5.1). We define the body of K w.r.t d to simply be
the body K7 of K’ w.r.t d, and we denote it by X;(d,K) or simply by K.

As an example, let K be the decision network skeleton in Figure 6.20. Figure 6.21
(b) shows the output decision network skeleton of TAIL-SMOOTHING-K(K, d,), from
which we obtain the body K; of K w.r.t d;. K is as shown in Figure 6.23 (a).

The reader is encouraged to verify that the general definitions of tail and body (at the
level of skeleton) given in this subsection are consistent with the corresponding definitions
for the smooth case given Sections 4.1 and 5.1. In doing so, s/he needs to keep in mind

that in the smooth case there are no disturbance recipients.

6.2.2 Tail of decision networks

Having defined tail at the level of skeleton, we can now define tail for decision networks
by providing the necessary numerical information. Suppose d is an SD candidate node
in a decision network A'. Let K be the underlying skeleton. The tail of N w.r.t d,
denoted by Ni;(d, V) or simply by Ny, is a semi-decision network over K17(d,K). The
value functions of all the value nodes in Nj; remain the same as in A'. The conditional
probabilities of random nodes outside 74 also remain the same as in N. Since d is an
SD candidate node, Corollary 6.1 assures us that the disturbance recipients of d are all

random nodes. The conditional probabilities of the disturbance recipients of d again
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remain the same as in V. The nodes in S =4 ;{z€ny | z is not disturbance recipient of
d} are all viewed as root random nodes without prior probabilities.

As an example, let AV be a decision network over the skeleton shown in Figure 6.20.
Then the tail N71(d2, M) is a semi-decision network over the skeleton shown in Figure 6.23
(b). N1 contains conditional probabilities P(c4|dy, cs), P(cs|ca, cs), and P(cg) of random
nodes cs, ¢s5, and ¢g, which are respectively the same as the conditional probabilities of
¢s, ¢s5, and ¢g in M. Njs also contains a value function g, (da, ¢6) of vy, which is the
same as the value function of v, in M. The root random node ¢; does not have prior
probability. The node d; is treated as a root random node without prior probability.

Let X1 be the set of random and decision nodes in the downstream set Y;;(d, N'). Let
Po(X 11, 74) be the product of all the conditional probabilities in A7;. For any subset B of
X11Umg, Po(B) is obtained from Po(Xyz,74) by summing out the variables in X ;Ury—B.

Define the evaluation functional e(d, 74) of Ny as follows:

e(d,nq) = P(J(—;d,g)_ YooY By(my,ma, d)pu(m), (6.47)

VEVI my—mgqU{d}
where Vi stands for the set of value nodes in AN;.
To continue our example, Y7;(dz, V') = {dy, c6,v2}. So Xi1 = {da, c6}. Po(X1r1,74,) is

given by

PO(XIIaﬂ-dg) = PO(d2aCG7 dl,C3,C4,C5) = P(C4‘d1,Ce)P(Cs‘C4, %)P(Cﬁ)'

So, the evaluation functional e of N7s is given by

1
Ecs P(c4ldlaCG)P(C5lc4ac6)P(06

e(ds, di, 3, ¢4, ¢5) = ] Y~ P(caldy, c6) P(cslca, c6) P(cs) o, (da, co).-
Ce

A note about consistency in the definition of evaluation functional. According to the

note at the end of Section 3.1, when N is smooth at d, Po(Xyz,74) is the conditional
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probability P(X;—{d}|r4,d). Thus Py(ny4,d) = L x;-{dy P(X11—{d} |74, d) = 1. Conse-
quently, when A is smooth at d, the definition of evaluation functional given here is the

same as the definition given in Section 5.5.

Theorem 6.2 Suppose d is an SD candidate node in a decision network N'. Let e(d, 4)
be the evaluation functional of the tail Ni(d,N). The optimal decision functions &5 of
d can be found through

83(B) = arg mazacq e(d=a, 1q=0),Y83 € Qs,. (6.48)

A proof will be provided in Section 6.4.

6.2.3 Body of decision networks

As in the case of tail, the body of a decision network N w.r.t to an SD candidate node
d is obtained from the body of its underlying skeleton w.r.t d by providing the necessary
numerical information. Let K be the skeleton underlying A'. The body of A w.r.t d,
denoted by N;(d,N) or simply by AN, is a semi-decision network over K(d,K). The
value functions of all the value nodes other than u remain the same as in A". The value

function u, of the tail-value node u is defined by
pu(Ta=8) = maz.eq,e(d=a, 74=8),Y0 € Qr,. (6.49)

The conditional probabilities of random nodes that are not disturbance recipients of
d also remain the same as in .

What remain to be provided are the conditional probabilities of the disturbance re-
cipients of d. Let us first note that a disturbance recipient of d has different parents in
the body K from in the original skeleton K. For example, the parents of ¢; in Figure

6.20 are ¢4 and cg, while in Figure 6.23 (a) the parents of ¢5 are d; and ¢;. For any
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disturbance recipient r of d, let 7! be the set of the parents of r in K;. In Figure 6.23
(a), for instance, 7. = {d1, cs}, while 7, = {c4, cs}.

Let N be the output decision network of TAIL-SMOOTHING(N,d), and let r be a
disturbance recipient of d. We want to define the conditional probability P(r|r?) of r in
N7 to be the conditional probability of r in A7, but the sake of computational efficiency
we do not wish to explicitly compute A’. The following definition resolves our dilemma.

The conditional probability P(r|r}) of r in N7 is defined by

PO(m{v 7‘)

P(r|n]) =def Bo(e])

(6.50)

where Fp is as in the previous subsection.

We shall show in Section 6.4 that P(r|rf) as defined by equation (6.50) is indeed
the conditional probability of r in A. Here is an example. Recall that ¢; and ¢5 are
the only two disturbance recipients of dy in Figure 6.20. Let us compute the conditional

probabilities of ¢4 and ¢; in Figure 6.23 (a).

Po(ess dn)
Ro(d)

2 Plealdi, c6)Pcs) . |
Ycorcs Plealdr, c6)P(cs) ;P( 4ld1, cs) P(cs), (6.51)

P(calnl) = P(cs|dh)

Po(es, dy,cq) _ Yee Plealds, cs)P(cs|ea, cs) P(cs)
Po(dy, cq) 2 s P(c4[d1, cs)P(cs) '

A comparison between equations (6.51) and (6.52) with equations (6.44) and (6.46)

P(C5|7T5{) = P(Csld1,64) = (652)

reveals that the conditional probabilities of ¢, and ¢5 obtained through equation (6.50)
are indeed the same as the conditional probabilities of ¢4 and ¢5 in N”.
According to Lemma 6.4, 7! C =4 for any disturbance recipient r of d. This observa-

tion about =} leads to the following formula for computing P(r|r}):

_ Z‘/rd—‘/rru{r} PO(Wd)

I
P(TIWT) = Z‘,rd_ﬂ-ru{.,.} Po(?l'd).

(6.53)
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In words, in order compute P(r|r!), we can compute Py(74) from Py( X[z, 74) by summing

out the nodes in X;;Ury—%4 and obtain P(r|rf) through equation (6.53).

Theorem 6.3 Suppose d is an SD candidate node in a decision network N'. Then the

optimal decision functions for decision nodes other than d are the same in N as in the

body Ni(d,N).

A proof will be provided in Section 6.4.

6.3 The procedure EVALUATE1

Theorems 6.2 and 6.3 lead to the following procedure for evaluating SDDN’s, smooth or

non-smooth.

Procedure EVALUATEL(NV):

e Input: A/ — an SDDN, smooth or non-smooth.

e QOutput: An optimal policy and the optimal expected value of N.

If there are no decision nodes, call N-EVALUATE(N) to compute the ex-
pected value, and stop.

Else

1. Find an SD candidate node d,

2. Compute the tail N7; of N w.r.t d. Let Py denote the product of all the

conditional probabilities in N7z.

(a) Compute the marginal potentials Po(wg) and Py(mg,d), and the

marginal potential Py(rq, d, 7,) for each value node v in Np;.
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(b) Compute the evaluation functional e(d, 74) by

1
e(d, mq) = ———— Z Z Fo(my, g, d) o (7). (6.54)
PO(Wd’ d) VeV Ty —mau{d}
where Vi is the set of value nodes in Np;.

(c) Compute an optimal decision function 63 of d by
63(B) = arg mazacq,e(d=a, 74=P),YBEQ,,. (6.55)

(d) Compute the body N of N w.r.t d (equation (6.53) is used here).

3. Recursively call EVALUATEL(A)).

What is the running time of EVALUATE1? Let n be the total number of nodes in
N, k be the number of decision nodes, a be the number of arcs, e be the number of edges
in the moral graph of /. According to the complexity analysis of TEST-STEPWISE-
DECOMPOSABILITY, the time EVALUATE] spends on finding candidate nodes and
computing tails and bodies is O(k*(n + ¢)).

If we use the clique tree propagation approach to compute the marginal potentials
in step (a), we need only to traverse the clique tree twice. If there are [ cliques and the
maximum number of nodes in a clique is ¢, the runing time is O(IA\?), where A stands for
the maximum number of values a variable can assume. So, EVALUATE1 spends O(kl)?)
time computing marginal potentials.

The time for computing the evaluation functional and optimal decision functions from
the evaluation functional is dominated by the time for computing marginal potentials,
except for the numerical divisions. For each (candidate) node d, the factor Py(my,d) is
divided from an expression to arrive at the evaluation functional e(w4,d). Numerical

divisions also happen once for each disturbance recipient in the computation of body?.

2This can be avoided via a subtle technical trick.
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6.4 Correctness of EVALUATE1

To prove the correctness of the procedure EVALUATEL, it suffices to show that Theorems
6.2 and 6.3 are true.
Proof of Theorem 6.2: Let N’ be output network of TAIL-SMOOTHING(V, d).
Then d is also an SD candidate node of A/ and A is smooth at d.

Let Fj be the product of the conditional probabilities in the tail N{;(d, V). According

the Theorem 5.3, optimal decision functions 65 for d can be found through
64(B) = arg mazseq, € (d=a, 74=P),Y8 € Q,, (6.56)
where the evaluation functional €/(d, 74) of MY} is given by

e(e, ) = DY D Pi(me,ma, dpu(m) Yo € R, VB € oy, (6.57)

vEVI] my—mgU{d}
where V71 stands for the set of value node in N,
Let Py be the product of all the conditional probabilities in the tail A7;(d, V). By
Lemma 6.2, we conclude that arc reversals do not change joint probabilities. Hence they

do not change conditional probabilities either. Consequently, for each value node v in

Nir (or in N};) we have

Po(my|ma, d) = Fy(my|na, ).
Since N7 is smooth at d, we have

Py(my|7q, d) = Py(my, 74, d).
Therefore

Pi(my, ®g,d) = Po(my|7g, d). (6.58)
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Consequently,

ddra) = Y Y Polmlma dim(m)

veV 1, —rqu{d}

1
= 57~ B vy ad vty
s 5, D et
= e(d,ﬂ'd), (6.59)

where e(d, 7) is the evaluation functional of A7;. This proves Theorem 6.2. O

Proof of Theorem 6.3: Let A" be the output network of TAIL-SMOOTHING(A, d).
Then d is also an SD candidate node of A and N’ is smooth at d. Let 7/ be the set
of parents of a node 2 in N and let P'(¢|x’) be the conditional probability of a random
node ¢ in .

Let K be the skeleton underlying N. Recall that in the definition of N, we executed
TAIL-SMOOTHING-K(K, d). Suppose the ties were broken in the same way in both the
execution of TAIL-SMOOTHING-K(K,d) and the execution TAIL-SMOOTHING(N,
d). Then for any node z in N other than the tail-value node, 7 = 7’. In particular, for
any disturbance recipient r of d in N, 7! = 7/,

Because of Theorem 5.3, it suffices to show that the body AMi(d, V') of A is the same
as the body Nj(d, N') of V.

First of all, because of equation (6.59) the value function of the tail-value node in A/}
is the same as the value function of the tail-value node in N;.

What remains to be proved is that for any disturbance recipient d of d,
P'(rlz!) = P(r|7h). (6.60)

Let R be the set of all the disturbance recipients of d in A'. Let Cj; be the set
of random nodes in the downstream set Yii(d,N'). Consider the product of all the

conditional probabilities of nodes in Cjr U R. According to Lemma 6.2, this product is
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not changed by the arc reversals in TAIL-SMOOTHING(d, A). Thus
II Plre)= T P'lc|r)).
c€CrUR CEC[IUR
Summing out all the nodes in C;; from both sides of the equation, we get
Po(ma) = [ P'(c|rl).
ceER

Thus for any r€ R, we have

Zr —({r}url) IO(Wd)
p! ! d r . I
(rlﬂ.r) - Zvrd-—r;, Po(ﬂ'd) - (rlﬂ-'r)‘

Theorem 6.3 is therefore proved. O

6.5 Comparison to other approaches

Influence diagrams are special SDDN’s and hence can be evaluated by EVALUATEL.
This section compares EVALUATEL with previous approaches for evaluating influence
diagrams. We identify a list of desirable properties and examine EVALUATE]! and each

of the previous approaches with regard to those properties.

6.5.1 Desirable properties of evaluation algorithms

A list of desirable properties of algorithms for evaluating influence diagrams is given in

the first row of Table 6.1. Due explanations follow.
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Table 6.1 Comparisons among approachs for evaluating influence diagrams.

divide

facilitating separating | multiple | reversing

arc and BN value arcs

removal conquer | inference | nodes
EVALUATE1 yes yes yes yes no
Shachter 86 no no no no yes
Ndilikilikesha 92 | no no no no no
Tatman and | no no no yes yes
Shachter 90
Shachter 88 no no yes no no
Shenoy 90 n/a no no no no
Shenoy 92 n/a no no yes no

Facilitating the pruning of removable arcs

110

In a decision network, an arc into a decision node is removable if its removal does not

affect the optimal expected value of the network. In Chapter 7, we shall present an

algorithm that prunes from an influence diagram all the removable arcs that can be

graphically identified.

There are a couple of advantages to pruning removable arcs: it results in a simpler

network, and it reduces the sizes of the decision tables. Thus a desirable property for an

evaluation algorithm to possess is to be able to facilitate the pruning of removable arcs.

It will be shown in Chapter 7 that pruning graphically identifiable removable arcs

from influence diagrams results in SDDN’s. Since EVALUATE] is designed for evaluating

SDDN’s, it facilitates the pruning of removable arcs from influence diagrams.
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Divide and conquer

It is desirable to decompose, prior to evaluation, an influence diagram into (overlapping)
portions such that each portion corresponds to a decision node and optima.l‘ decision
functions of a decision node can be computed in its corresponding portion. This is an
application of the standard divide and conquer idea.

Suppose the influence diagram to be evaluated has been put through a preprocessing
stage such that removable arcs have been pruned. Let A be the resulting SDDN. The
procedure EVALUATE] evaluates A recursively. At the first step of the recursion,
EVALUATEL! finds an SD candidate node d and cuts A into two portions: the tail Np;
and the body M;. EVALUATE] computes an optimal decision function of d in A;, and
then repeats the process for the body A;. In this sense, we say that EVALUATE] works

in a divide and conquer fashion.

Separating Bayesian network inference

When evaluating an influence diagram, it is desirable to separate Bayesian network (BN)
inference from other computations. There have been intensive research on BN inference,
and systems have been built. If an influence diagram evaluation approach can clearly
separate BN inference from other computations, then it can be implemented on top of
any system for BN inference. This is an application of the principle of separation of
concern and the modularity principle.

EVALUATEL! clearly separates BN inference from other computations; all the BN
inference tasks — the tasks of computing the marginal potentials Po(7y), Po(wg,d), and
Py(mq,d, m,) — are collected in step (a). We have been suggesting to use the clique tree
propagation method to compute the marginal potentials. However, other methods can

be used as well.
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Arc reversals and numerical divisions

Numerical divisions are slower than additions and multiplications; they should be avoided
when possible. Arc reversal implies numerical divisions; they should also be avoided if
possible.

The procedure EVALUATE!L does not require arc reversals. Furthermore, the only
times EVALUATE] does numerical divisions are when computing the evaluating func-
tional e(d,n4) and the conditional probability P(r|xf) of a disturbance recipient r of

some decision node.

Multiple value nodes

When the decision maker’s utility function can be separated into several components
(Tatman and Shachter 1990), it is important to take advantage of the separability by
having multiple value nodes. This may imply substantial speed up of computation.

EVALUATEL] is designed for dealing with multiple value nodes.

6.5.2 Other approaches

This subsections examines the approaches by Shachter (1986), Ndilikilikesha (1992), Tat-
man and Shachter (1990), Shachter (1988), Shenoy (1990), Shachter and Peot (1992), and
Shenoy (1992). The approaches by Howard and Matheson (1984), and Cooper (1989)
will be discussed in Chapter 9.

Things that can be said for all

Until now, influence diagrams have always been assumed to be no-forgetting; there have
been no methods for dealing with influence diagrams that violate the no-forgetting con-

straint. Even though several authors (Shachter 1988, Tatman and Shachter 1990, and
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Shenoy .1992) have noticed and to some extent made use of the fact that some decision
nodes may be independent of some of their parents, no one has proposed to prune remov-
able arcs at the preprocessing stage. The reason is that pruning arcs from an influence
results leads to the violation of the no-forgetting constraint.

Shenoy (1990) and (1992) proposes a new representation for decision problems, namely
valuation-based systems. In this representation, the issue of removable arcs does not
occur. We will come back to this point later.

Probably because they do not prune removable arcs by preprocessing, none of the
previous approaches work in a divide and conquer fashion. The method by Shenoy
(1990, 1992) does not work in a divide and conquer fashion either. The adoption of a
divide and conquer strategy is the most important advantage of EVALUATEI has over
the previous approaches.

The rest of this subsection examines the previous approaches with regard to the three

remaining properties: separating BN inference, multiple value nodes, and arcs reversals.

Shachter (1986), Ndilikilikesha (1992), and Tatman and Shachter (1990)

Before Shachter (1986), influence diagrams are evaluated in two stages—first transform
them into decision trees, and then evaluate the decision trees (Howard and Matheson
1984). Shachter (1986) shows that influence diagrams can be evaluated without the
transformation into decision trees, and presents an approach that evaluates an influence
diagram by properly applying four operations: barren node removal, arc reversal, random
node removal, and decision node removal.

As shown in the third row of Table 6.1, the approach by Shachter (1986) does not
separate BN inference, does not deal with multiple value nodes, and requires arcs rever-
sals.

By generalizing influence diagram into potential influence diagrams, the approach
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by Ndilikilikesha (1992) is able to evaluate an influence diagram by using only three
operations: barren node removal, random node removal, and decision node removal. The
operation of arc reversal is avoided. However, this approach still does not sepa,ra,te. BN
inference and does not deal with multiple value nodes (see the fourth row of Table 6.1).

Tatman and Shachter (1990) generalizes influence diagrams in another direction for
the sake of dealing with multiple value nodes. The evaluation approach is very much like
Shachter (1986), except that it has one more operation, namely the operation of merging
value nodes. This approach does not separate BN inference, and it requires arc reversals

(see the fifth row of Table 6.1).

Shachter (1988)

Let d be an SD candidate node in an influence diagram A, and let v be the only value
node in N. Shachter (1988) and (1990) has noticed that optimal decision functions
8% : Qr, — Qg of d can be obtained through

§3(B) = arg mazse, Ev|ng = B,d = (6.61)

for each 8 € Q,,.
Further in this direction, Shachter and Peot (1992) (first half) proposes a way to scale
the value function g, and change v into a observed random node, denoted by u (see also

Cooper 1989). Formula (6.61) is transformed into
83(8) = arg mazaen,P(ra = B,d = alu =1). (6.62)

Thus, this approach separates BN inference.
Even though Shachter (1990) points out the possibility that the conditional expec-
tation Ev|rs = ,d = a] can be computed in one portion of the original network, the

algorithm proposed by this paper does not work in a divide and conquer fashion. After
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the optimal decision function for d is computed, the decision node d is replace by a de-
terministic random node characterized by the optimal decision function. The resulting
influence diagram contains one less decision nodes, but has the same number of nodes as
the original network.

Finally, this approach deals with only one single value node. See the sixth row of

Table 6.1.

Shenoy (1990), (1992), and Shachter and Peot (1992)

Shenoy (1990), (1992) propose a new representation for Bayesian decision problems,
namely valuation-based systems. While a decision network consists of an acyclic directed
graph, a set of conditional probabilities, and a set of value functions, a valuation-based
system consists of an (undirected) hypergraph graph with a precedence relation, a set of
potentials, and a set of valuations. The no-forgetting constraint is enforced by requiring
the precedence relation to be transitive.

Influence diagrams can be readily represented as valuation-based systems.

Shenoy (1990) develops an approach for evaluating a valuation-based system by mod-
ifying the clique tree propagation algorithm for BN inference. No arc reversals are re-
quires in this approach. The approach was developed for the case of multiple value nodes.
However, there is an error. The paper concludes that the combination operation is com-
mutative, but it is not. Consequently, the approach works only for the case of one single
value node. Also, the approach does not separate BN inference (see the seventh row of
Table 6.1).

Shachter and Peot (1992) (second half) present an algorithm for evaluating influence
diagrams that is very similar to Shenoy (1990).

Shenoy (1992) proposes a node removal approach for valuation-based systems. This
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approach deals with multiple value nodes. It requires no arc reversals. However, numer-
ical divisions become necessary when removing a random node that appears in at least
one valuation, but not in all valuations. Thus the approach requires more numerical
divisions than EVALUATEI, when there are at least two value nodes. When a random
node to be removed appears in all the valuations, the valuations are combined into one
single valuation. Thus, the approach makes less use of separability in the utility function
than EVALUATE].

This approach does not separate BN inference (see the eighth row of Table 6.1).

In a decision network, a decision is presumably to be made based on the values of
the parents of the decision node. When a decision d is independent of a certain parent d,
then the arc ¢—d is removable (Chapter 7). Thus arises the issue of removable arcs. In
a valuation-based system, on the other hand, the set of variables that a decision depends
upon is not explicitly specified. It is up to the evaluation algorithm to find it out. Thus,
there is no issue of removable arcs here. This is why in Table 6.1 we state the issue of

removable arcs does not apply to Shenoy (1990) and Shenoy (1992).

An overhead of our approach

Our approach has an overhead. Before doing any numerical computation, we need to
identify removable arcs, and figure out the tail and the body. On the other hand, most
previous approaches go directly to numerical computations after little graphical prepro-
cessing.

According to the complexity analysis at the end of Section 6.3, the overhead takes
O(k*(n + €)) time. Our believe is that in many case, this overhead may help us cut
down the time O(IA?) for numerical computations, which is usually of higher order than
O(k%*(n + ¢)).

As a final note, let us point out the previous algorithms for evaluating influence
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diagrams can possibly be modified to evaluate SDDN’s.



Chapter 7

Removable arcs and independence for decision nodes

Given a decision network, there are often ﬁodes and arcs that can be harmlessly removed,
in the sense that their removal does not affect the optimal expected value of the network.
It is a good idea to prune such nodes and arcs at the preprocessing stage because doing
so simplifies the network. It is well known that barren (random and decision) nodes are
removable (Shachter 1986). This chapter addresses the issue of removable arcs in the
setting of SDDN’s.

We begin by estai)lishing the equivalence between removable arcs and independencies
for decision nodes (Section 7.1), which is of fundamental importance to this chapter.
Section 7.2 introduces lonely arcs — a class of removable arcs that can be graphically
identified. In Section 7.3, we show that deleting lonely arcs from an SDDN does not
destroy its stepwise-decomposability. Section 7.4 introduces the concepts of potential
lonely arcs and of potential barren nodes to deal with the interaction between lonely
arcs and barren nodes. Finally, a pruning algorithm is given in Section 7.5. In the
next chapter, we shall show that this algorithm prunes all the removable arcs that are
graphically identifiable.

Before starting the exposition, let us point out that the issue of removable arcs cannot
be addressed in influence diagrams, since deleting arcs from an influence diagram may

lead to the violation of the no-forgetting constraint.

118
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7.1 Removable arcs and conditional independencies for decision nodes

In a decision network, an arc into a decision node is remowvable if its removal does not
affect the optimal expected value of the network. In a decision network skeleton K, an
arc into a decision node is removable if it is removable in every decision network over K.

A decision table is a decision function represented in the form of a table. In a decision
table of a decision node d, there is one dimension in correspondence to each parent of
d. One particular dimension b is irrelevant to d if fixing the values of all the other
dimensions, no matter which value b takes, the value for d remain the same.

In a decision network, a decision node d is independent of one particular parent b
given all the other parents of d if there exists an optimal decision table of d in which the
b-dimension is irrelevant. When it is the case, we shall write I4(d, b|x%), where 7/ stands
for m3—{b}. In a decision network skeleton X, a decision node d is independent of one
particular parent b given all the other parents of d if it is so in every decision network
over K.

The following proposition reveals the relationship between removable arcs and condi-

tional independencies for decision nodes, which is the corner stone of this chapter.

Proposition 7.1 Let N be a decision network, d be a decision node and b a parent of
d. Then the arc b—d is removable if and only if d is independent of b given all the other
parents of d.

Proof: Let dy, da, ..., di be all the decision nodes in A'. Suppose d is d;. We shall write
7y, for mq,—{b}.
We first show that if b—d; is removable, then I4(d;, b|r;). Let A’ be the decision

network obtained from A by removing the arc b—d;. Since b—d; is removable, E (V] =

BV,
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Let §'=(é},..., &) be a policy for V. Let §! be the decision function of d; in §’. Then
6; is a mapping &} : Q1 —Q4,. Construct a policy 6 for N from &' by extending 6! to be

the mapping é; : Qr 4 —{1g, such that
bi(ma) = ().
Then we have
Es[N] = Eg[N).
Now letting 6’ be an optimal policy of A, we get
Es[N] = Eg[N'] = EN'] = E[V].

Therefore 6 is an optimal policy for /. Noticing that &; is independent of b, we get
La(ds, blw?.). |

We now show that if I4(d;, b|ng,), then b—d; is removable. Since I (d;,b|r); ), there
exists an optimal policy é for NV such that the decision function §; of d; is independent of
b. Construct a policy &' for N as follows: let the decision functions of all decision nodes
other than d; be the same as in §; and let the decision function é : Qw;i"-*Qd of d; be

such that
5:(7'&':1‘) = 5@'(7&1‘.).

This definition is valid because 6;(4;) is independent of b. It follows from the definition
of §' that Es[N'] = Es[N]. Consequently,

EN'] 2 Eg[N'] = Es[N] = E[VN].

On the other hand, we have shown in the first part of the proof that for any policy &’
for V', there is a policy § for M such that Es[N] = Eg[N’]. Hence E[N'] < E[N].
Therefore E[N’] = E[N]. Consequently, the arc b—d; is removable. O
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Figure 7.24: Removable arcs and removable nodes.

7.2 Lonely arcs

This section introduces lonely arcs — a class of removable arcs that can be graphically
identified. |

Suppose K is a decision network skeleton. Let d be a decision node in X, and let b
be a parent of d. The arc b—d is said to be accompanied if there exist at least one edge
in the moral graph m(X) of X that connects & and some nodes in the downstream set
Y:1(d,K). When it is the case, we say that such edges accompany the arc b—d. The
arc b—d is lonely if it is not accompanied. In a decision network A, an arc b—d into a
decision d is lonely if it is lonely in the underlying skeleton.

For example, in the decision network skeleton shown in Figure 7.24 (1), the down-
stream set Y77(ds, K) is the singleton {v,}. Since the arc c;—wv, is in K, there is the edge
(c2,v2) in m(K), which accompanies the arc c;—d;. However, the arc c3—d3 is lonely.

The following two lemmas exhibit some basic properties of lonely arcs.

Lemma 7.1 Suppose K is a decision network skeleton, and d is an SD candidate node

in K. An arc b—d is accompanied if and only if b is
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® a parent to a random node in the downstream set Yi;(d,K), or

a parent to a value node in the downstream set Yii(d,K), or
e a disturbance recipient in 74, or

® a parent to a disturbance recipient in w4 O

Lemma 7.2 Suppose K is a decision network skeleton. Let d and d' be two different
decision nodes in K. Suppose d’ is an SD candidate node. Then an arc b—d is a lonely

arc in K if and only if it is a lonely arc in the body K((d',K). D

Theorem 7.1 Suppose K is an SDDN skeleton. If an arc b—d into a decision node d

is lonely, then d is independent of b. Consequently, the arc b—d is removable.

Proof: Let AV be a decision network over K. We need to show that d is independent of
bin N.

By Lemma 7.2, we can assume, without losing generality, that d is an SD candidate
node. Let Nj; be the tail of A w.r.t d. Let Py denote the joint potential over the
random and decision nodes in Ay, i.e the product of the conditional probabilities of all
the random nodes in the downstream set Y7;(d, V') and of the disturbance recipients in
Tq.

Since the arc b—d is lonely, by Lemma 7.1 b can be neither a disturbance recipient,
nor a parent to a disturbance recipient in 74, nor a parent to random node in ¥z;(d, NV).
Thus, P, is independent of b.

Again because b—d is lonely, by Lemma 7.1 b cannot be a parent to any value nodes
in Y71(d, V). Hence, all the value functions in N are independent of .

Putting those two points together, we get that the evaluation functional e(d, 74) (see
equation (6.47)) is independent of b. According to equation (6.55), the optimal decision

function of d is independent of 4. The theorem is proved. O
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In Figure 7.24 (1), the arc c3—djs is lonely, hence removable. The removal of c3—ds
gives us the decision network skeleton in Figure 7.24 (2).

The following corollary is obtained from the proof of Theorem 7.1.

Corollary 7.1 Suppose b—d is a lonely arc in an SDDN N. Let NV be the decision
network obtained from N by removing the arc b—d. Then, N’ and N have the same
optimal decision tables for all the decision nodes other than d. Furthermore, the optimal
decision tables for d in N’ can be obtained from the optimal decision tables for d in N

by shrinking the irrelevant b-dimension. O

7.3 Pruning lonely arcs and stepwise-solvability
In order to repeatedly apply Theorem 7.1, we need the following theorem.

Theorem 7.2 The decision network skeleton resulted from pruning a lonely arc from an

SDDN skeleton is again stepwise-decomposable.

Proof: Let X be an SDDN skeleton and b—d be a lonely arc. Let K’ be the resulting
skeleton after removing b—d from K. We prove that K’ is stepwise-decomposable by
induction on the number % of decision nodes in K. When k=1, K’ also contains only one
decision node; hence is stepwise-decomposable.

Suppose K' is stepwise-decomposable if k=m—1. Now consider the case of k=m. Let
d be a candidate node of K. There are two cases depending on whether d'=d. Let us
first consider the case when d'#d. According to Lemma 7.2, b—d is also a lonely arc
in the body K(d’,K). Let K} be the resulting decision network skeleton after removing
b—d from Kj. By the induction hypothesis, £/ is stepwise-decomposable. It is easy to
see that K is the body of K%(d',K’). By Lemma 5.2, K’ is also stepwise-decomposable.
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Now consider the case when d'=d. Since there are no edges in m(K) that connect b
and nodes in the downstream set Y7;(d, K), the set Y7;(d,K’) is the same as Y;r(d,K).
So, d is also a candidate decision node of X',

The body K7(d,K’) is different from the body K;(d,K) only in that in K} there
is no arc from b to the tail-value node u, while there is in K;. Since K; is stepwise-

decomposable, so must be K. By Lemma 5.2, K’ is also stepwise-decomposable. O

7.4 Potential lonely arcs and barren nodes

In a decision network skeleton, a barren node is a random or decision node that does
not have any children. In the following, we shall distinguish decision barren nodes and

random barren nodes. The node ¢3 in Figure 7.24 (2) is a random barren node.

Proposition 7.2 (Shachter 1986) A barren node may be simply removed from a decision

network. If it is a decision node, then any decision function is optimal.

Now we recursively define potential lonely arcs and potential barren nodes. A potential
lonely arc is a lonely arc or an arc that becomes lonely after the removal of some barren
and potential barren nodes, and the removal of some lonely and potential lonely arcs. A
potential barren node is a barren node or a node that becomes barren after the removal
of some lonely and potential lonely arcs, and the removal of some barren and potential
barren nodes.

Going back to our example, after the removal of ¢3—ds, the the node c¢3 becomes
barren, and hence can be removed. After the removal of ¢3, ¢;—d; becomes lonely. After
the removal of ¢1—dy , ¢c;—dy becomes lonely.

Here is a corollary of Theorem 7.1.
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Corollary 7.2 Suppose K is an SDDN skeleton. If an arc b—d into a decision node
d is a potential lonely arc, then d is independent of b. Consequently, the arc b—d is

removable.

7.5 An algorithm

This section presents the algorithm PRUNE-REMOVABLES, which prunes all the po-

tential lonely arcs and potential barren nodes in an SDDN skeleton.

Procedure PRUNE-REMOVABLES(X)

e Input: KX — an SDDN skeleton.

e Outputs: An SDDN skeleton that does not contain potential arcs and

potential barren nodes.

1. If there is no decision node in X, output X and stop.
2. Else

¢ Find and remove all the barren nodes;

e Find a candidate node d of K, and compute the downstream set
Yi1(d, K) of 74.

e Find and remove all the lonely arcs among the arcs from 74 to d.

Let K’ be the resulting skeleton.

e In X/, treat d as a random node’ (thus K’ contains one less decision

node than ) and recursively call PRUNE-REMOVABLES(K').

As an example, consider the SDDN skeleton in Figure 7.24 (1). There are no barren
nodes at the beginning; and ds is the only candidate node. The downstream set K ;(ds, K)

1The node d is treated as a random node only within the scope of PRUNE-REMOVABLES.
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is the singleton {v,}. One can see that cz—d; is the only lonely arc. After the removal
of c3—ds, the skeleton becomes as shown in Figure 7.24 (2), where c3 is a barren node.
After the removal of c3, we get the skeleton in Figure 7.24 (3). Since d3 is now treated
as a random node, d; becomes a candidate node. The arc ¢;—dj is lonely, and hence is
removed. Thereafter, d; is also treated as a random node, rendering d; a candidate node.
The arc ¢;—dj; is lonely and hence removed. The final skeleton is shown in Figure 7.24
(4).

Let K’ be the output decision network skeleton of of PRUNE-REMOVABLES(X).
How is K' related to K in terms of decision tables? Let A" and A be decision networks
over K and K’ respectively such that in both A" and A" each variable has the same frame,
each random variable has the same conditional probability, and each value node has the
same value functions. By repeatedly applying Corollary 7.1, we can conclude that the
optimal decision tables for A" can be obtained from those for A by deleting irrelevant
dimensions.

Finally, let us consider the complexity of PRUNE-REMOVABLES. Let n be the total
number of nodes in K, k be the number of decision nodes, a be the number of arcs, e
be the number of edges in the moral graph of X, and p be the maximum number of
parents of a decision node. Finding all the barren nodes takes O(a) time. According
to the complexity analysis of TEST-STEPWISE-DECOMPOSABILITY, finding an SD
candidate node and computing its downstream set takes O(k(n+ €)) time. To find lonely
arcs, we need to check, for each node z in g, if z is connected to at least one node in the

downstream set Y77(d, K), which can be done in O(pn) time. So, the total complexity of
PRUNE-REMOVABLE is O(k(k(e + n) + pn)) = O(k%e + k*n + kpn).



Chapter 8

Stepwise-solvability and stepwise-decomposability

We have shown in Section 5.2 that if a smooth decision network is stepwise-decomposable,
then it stepwise-solvable. In this chapter, we go further to prove that if a decision net-
work skeleton, smooth or non-smooth, is stepwise-decomposable, then if it is stepwise-
solvable. More importantly, we show that under “normal” circumstances if a decision net-
work skeleton is stepwise-solvable, then it is stepwise-decomposable (Section 8.8). Thus,
stepwise-decomposability is the weakest graphical criterion that guarantees stepwise-
solvability.

According to Corollary 7.2, potential lonely arcs are removable. In this chapter, we
also show that potential lonely arcs are all the removable arcs that can be graphically
identified (Section 8.7).

The proof technique is induction on the number of random nodes and on the number
of decision nodes. In order to do induction on the number of random nodes, we need
three operations on decision network skeletons, namely short-cutting (Section 8.2), root
random node removal (Section 8.3), and arc reversal (Section 8.4). Section 8.5 shows how
those three operations fit together. An induction apparatus on the number of decision
node is given in Section 8.6. Let us begin with the concept of normal decision network

skeletons.

127
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Figure 8.25: An abnormal decision network skeleton (1), and an normal equivalent skele-
ton (2). ‘

8.1 Normal decision network skeletons

A decision network skeleton K is normal if for any decision node d, there is a directed
path from d to each value node in the downstream set Yz;(d,K) of 74. A decision network
is normal if its underlying skeleton is.

As an example, let X be the decision network skeleton in Figure 8.25 (1). Y;z(dy,K)
contains all the nodes except ¢;. In particular, v2€Y7;. But there is no directed path
from d; to v,. So K is abnormal. On the other hand, the decision network skeleton in
Figure 8.25 (2) is normal.

What is the intuition behind this concept of normality? Consider a decision node d
and a value node v in a decision network A'. Given any policy é of NV, let Ps be the joint
probability § induces over all the random and decision nodes of A/. The expected value
Es[v] of v is given by

Ea[’U] = Z P&(T"u)ﬂv(ﬂ'v)a

where p, stands for the value function of v. According Proposition 3.1, if there is no
directed path from d to v, then d is irrelevant to Ps(w,) and hence to Fs[v]. In other

words, d can influence v only when there exists a directed path from d to v.
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Intuitively a normal decision network is one where each decision node d can influence
all the value nodes that are not m-separated from d by the parents of d. In other words,
all those value nodes that d can not influence are m-separated from d by 7.

An abnormal decision network skeleton can be stepwise-solvable even when it is not
stepwise-decomposable. For example, the decision network skeleton in Figure 8.25 (1)
is not stepwise-decomposable. However it is stepwise-solvable. To see this, let A be an
arbitrary decision network over the skeleton. Construct a decision network N’ over the
skeleton in Figure 8.25 (2) such that ¢, has the same frame and conditional probability
as ¢y. For any policy 6, let Ps be the joint probability é induces over all the random and
decision nodes in NV, and P} be the joint probability é induces over all the random and

decision nodes in . By Proposition 3.1, we have that
Py(m,) = Ps(ca, e3) = Ps(ca, ¢3) = Fy(m, ).

Thus the expected value of v; under § in N is the same as that in A. By the same
line of reasoning, we can show that the expected value of v, under é in A is the same as
that in A’. Therefore ' and N’ are equivalent. Since A is stepwise-decomposable, it
is stepwise-solvable. Therefore A is also stepwise-solvable.

The main goal of this chapter is to show that a normal decision skeleton with no
barren nodes and no lonely arcs is stepwise-solvable only if it is stepwise-decomposable.
We also show that a normal SDDN skeleton with no barren nodes contains removable
arcs only if it contains potential lonely arcs.

The reader may ask: what about abnormal decision network skeletons? We conjecture
that abnormal decision network skeletons can always to transformed into “equivalent”
normal skeletons. For example, the decision network skeleton in Figure 8.25 (1) can be
transformed into the one in Figure 8.25 (2). However, we have not been able to precisely

formulate and prove the conjecture.
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Figure 8.26: Short-cutting. The random node ¢ in (1) is short-cut, resulting in the
decision network skeleton in (2).

8.2 Short-cutting

This sections introduces the operation of shorting cutting random nodes from a decision
network skeleton. The properties of the operation with regard to induction are explored.
Short-cutting is the first of the three operations that are needed to facilitate induction
on the number of random nodes.

Before getting started, however, let us make a note about notation usage in this
chapter. Applying the operation of short-cutting, or any other operation, on a decision
network skeleton K results in another decision network skeleton X/. We shall let 7, and
7! to denote the set of parents of z in K and in K’ respectively. Let /" and A/ be decision
networks over K and K’. We shall denote the conditional probability in A of a random
node ¢ by P(c|r.) and the value function in A of a value node v by p,(x,). Similarly, we
use P'(c|nl) and p!(n)) to denote the conditional probability of ¢ and the value function
of v in A/ respectively.

Let K be a decision network skeleton. Let ¢ be random node in X such that ¢ has
at least one parent. To short-cut ¢ is to delete ¢ from K, and draw an arc from every
parent of ¢ to each child of ¢. Figure 8.26 illustrates this concept. We see that after the

short-cuting, every child of ¢ inherit all the parents of ¢.
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The main task of this section is to prove Propositions 8.1 and 8.2, which are con-

structing blocks of our induction mechanism. We first present two lemmas.

Lemma 8.1 Let K be a decision network skeleton and ¢ be a random node in K that
has at least one parent. Let K' be the decision network skeleton obtained from K by

short-cutting c. If ¢ is not a barren node, then for any two nodes z and y in K',

1. There is a directed path PATH! from x to y in K' if and only if there is a directed
path from x to y in K that consists of the same nodes as PATH1 with the possible
addition of the node c.

2. There is a path PATH? between x and y in the moral graph m(K') if and only if
there is a path between z and y in the moral graph m(K) that consists of the same

nodes as PATH2 with the possible addition of the node c.
Proof: The lemma follows directly from the definition of short-cutting. O

Lemma 8.2 Let K be a decision network skeleton and ¢ be a random node in K that
has at least one parent. Let K' be the decision network skeleton obtained from K by

short-cutting c. Let d be a decision node in K (or equivalently in K').
1. If ¢ is in the upstream set Y1(d,K), then 7} = w4, and Yi;(d,K') = Y11(d, K).
2. If ¢ is in the downstream set Yr1(d, K), then 7 = w4, and Yi1(d,K') = Y11(d, K)—{c}.
3. If cemy, then 7 = (mg—{c})Un,. Furthermore if none of the parents of ¢ are

Y11(d, K) , then Yii(d,K') = Y11(d, ).

Proof: The lemma follows directly from Lemma 8.1 and the fact the the downstream

set Y77(d,K) consists of all the nodes in X that are not m-separated from d by 4. O
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Proposition 8.1 Let K be a decision network skeleton, and let ¢ be a random node
which has at least one parent. Let K' be the decision network skeleton obtained from K

by short-cutting c.

1. If K does not contain any barren nodes, neither does K'.
2. If K normal, so is K'.
3. If K stepwise-decomposable, so is K'.

4. Suppose K is stepwise-decomposable and contains no barren nodes, and suppose
that if cemy for some decision node d, then none of the parents of ¢ are in the

downstream set Y71(d,K). Then when K does not contain any lonely ares, neither

does K'.

Proof: To show item 1, suppose a decision or random node z is not barren in K. Then
it has at least one child y. If y = ¢, then the children of ¢ in X become the parents of z.
Otherwise, y remains a child of z in K'. In either case, = has at least one child; hence K’
contains no barren nodes.

By Lemma 8.2, we have that for any decision node d,
Yu(d, /C’) - ij(d,/C). (8.63)

Together with Lemma 8.1, this proves item 2.

To show item 3, we notice that because of equation (8.63), if a decision node d is an
SD candidate decision node of K, then it is also an SD candidate decision node of X'.

First consider the case when c€Y7;(d,K). In this case the body K4(d,K’) of K w.r.t
d is the same as the body K;(d,K) of K w.r.t d. If K is stepwise-decomposable, then so
is K1, and hence X}. By Lemma 5.2, K’ is also stepwise-decomposable.

On the other hand, when ¢¢Y7;(d,K), then K7 is the same as the resulting decision

network skeleton after short-cutting ¢ from K;. If X is stepwise-decomposable, so is
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K1 Consequently we can assume, as an induction hypothesis, that K’ is stepwise-
decomposable. By Lemma 5.2, K’ is also stepwise-decomposable. Item 3 is therefore
proved.

To show item 4, let d be an arbitrary decision node. We need to show that the arcs
from nodes in 7} to d are accompanied in K’. There are three cases:

Case 1). If c€Yi(d,K), by Lemma 8.2 we have }; = 74 and Y;(d,K') = Y1:(d,K).
Thus, the arcs from nodes in 7, to d are accompanied in K’ by the same edges as in K.

Case 2). If c€Y];(d, K), by Lemma 8.2 we have 7 = 74 and Y;(d, K') = Y7;(d, K)—{c}.
Since the arcs from nodes in 7/} to d are accompanied in K, and since K contains no barren
nodes, by Lemma 8.1 the arcs from 7 to d remain accompanied in K’

Case 3). If c€mg, 7 = (74 — {c})Ur.. The arcs from node in m3—{c} to d are
accompanied in £ and remain accompanied in X'. We need only show that an arc from
a node y€m, to d are not lonely in K'.

Since K contains no lonely arcs and none of the parents of ¢ are in the downstream set
Y11(d,K), either there is an arc c—z to a node z in Y;;(d,K), or there exists a random
node b€ry and a node z€Yz;(d, K) such that the arcs c—b and z—b appear in K.

In ‘the first case, the arc y—x appears in K'. Hence the edge (y, z) appears in m(K')
which accompanies the arc y—d. In the second case, y—b appears in K’, and hence
the edge (y, z) appears in m(K’), which accompanies the arc y—d. This proves that X'

contains no lonely arcs. The proof is complete. O

Proposition 8.2 Let K be a decision network skeleton, let ¢ be a random node which
has at least one parent. Let K' be the decision network skeleton obtained from K by
short-cutting c. Then for any decision network N7 over K, there is a decision network

N over K that is equivalent to N'.

Proof: Given N, construct A as follows. Let all the nodes in N, excluding ¢, have the
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same frame as the corresponding nodes in M. Let ¢ be a compound variable consisting

of a copy of each node in 7.. We set the conditional probability P(c|r.) of ¢ to be

P(c|r,) = { boife=m (8.64)

0 otherwise

For any child of y of ¢, 7, = (7,—{c})Urm.. Noticing Q, = Qr;, we set

P(ylmy) = P'(ylmy—{c}, 7c) = P'(y|,).

The conditional probabilities of all other random nodes in A are the same as in A,
For any value node v, there are two cases depending on whether c€r,. When c¢r,,

we have 7, = /. In this case, we set
. v ?

po (M) = po (7).

On the other hand, when c€m,, we can assume that 7,Nr, = 0, i.e v has no parents in 7.
Because if v has parents in 7., we can always set the value function of v to be independent

of those nodes. Consequently we have m,=(7,—{c})Ur.. Noticing Qr, = Q. , we set

po () = p(my—{c}, mc) = o, ().

To show that A and A" are equivalent, we first notice that they do have the same
policy space. Let é be a policy, and let Ps be the joint probability é induces over all the
random and decision nodes of N, and let P} be the joint probability § induces over all
the random and decision nodes of N,

Let B be a set of random and decision nodes of V. It follows from the definition of

the conditional probabilities of A that

By(B) - { PYB) it c¢B 5.5

P{(B—{c},n;) ifc€B and BNr, =0
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For any value node v such that c¢r,, we have

X Pulmu(m) = X P (m))

On the other hand, for any value node v such that c€x, we have

;:Rﬁdmﬁﬂ = 2 B(m—{c} m)py(m—{c}, )

Ty—{c},Te
= Z P6 )Nv

Therefore

Es|N] = Es[N'].

That is A and N are equivalent. O

8.3 Root random node removal

This section investigates the operation of removing root random nodes from decision net-
work skeletons. The properties of the operation with regard to induction are of particular
interest. Root random node removal is the second of the three operations that are needed

to facilitate induction on the number of random nodes.

Proposition 8.3 Let K be decision network skeleton, and let ¢ be a root random node,
i.e a random node without parents. Let K' be the decision network skeleton obtained from
K by removing ¢ and the arcs originating from c.

1. If K contains no barren nodes, neither does K'.

2. If K is normal, then so is K'.

3. If K is stepwise-decomposable, then so is K'.
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4. Suppose K is normal and stepwise-decomposable, and contains no barren nodes.
Suppose that for any decision node d such that c€Y(d,K), none of the children of

c are in 7. Then when K does not contain any lonely arcs, neither does K'.

Proof: The first item is straightforward.

To prove second item, we notice that for any decision node d,
Yir(d,K") C Yii(d,K). (8.66)

Together with the fact that ¢ is a root random node, this equation entails item 2.

Because of equation (8.66), an SD candidate decision node d of K is also an SD
candidate decision node for K’. Moreover, when c is not in the downstream set Yi:(d,K),
then the body K(d,K’) of K’ w.r.t d can be obtained from the body K(d,K) of K w.r.t
d by removing c. Hence item 3 can be proved in the same way as the third item of
Proposition 8.1.

To show item 4, let d be an arbitrary decision node. We need to show that the arcs
from nodes in 7); to d are accompanied in K'. There are three cases:

Case 1). If ceY(d,K), then 7}, = 74 and Y7;(d,K') = Y11(d,K). In this case, the arcs
from nodes in 7 to d are accompanied in K’ by the same edges as in K.

Case 2). If c€Yys(d,K), then 7} = 74 and Yi;(d,K’) = Yi11(d,K)—{c}. For any zem,
the arc z—d is accompanied in K by, say, the edge (z,y) in m(K). There are two subcases
depending on whether or not y=c.

Case 2.1) y=c. Since c is a root, there must exist another node z such that the arcs
z—z and c—z appear in K. Since none of the children of ¢ are in 74, 2€Y71(d, K). There
are three subsubcases depending on whether z is a random node, a decision node, or a
value node.

Case 2.1.1). z is a random node. Since K contain no barren nodes, there exists a

value node v such that there is directed path from z to v. Since K is normal, there must
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be a directed path from d to v. Hence z€Y;;(d,K’). Therefore in K’ the arc z—d is
accompanied by the edge (z, z) of m(K').

Case 2.1.2). 2z is a a value node. Since K is normal, there exists a directed path from
d to v. Hence, z must be in the downstream set Y7;(d,K’). Therefore in K’ the arc z—d
ié accompanied by the edge (z, z).

Case 2.1.3). z is a decision node. In this case, there must be at least one value node
in the downstream set Y7;(z,K), because X contains no barren nodes. Since K is normal,
there exists a direct path, say PATH, from d to v. Since K is stepwise-decomposable,
7, m-separated v from d. Therefore z must be in PATH. Consequently z€Y/(d,K").
Therefore in K’ the arc 2—d is accompanied by the edge (z, z).

Case 2.2) y#c. There are again three subsubcases depending on whether y is a random
node, a decision node, or a value node. The proof for this subcase can be carried out in
the same way as in case 2.1), except with z replaced by y.

Case 3). If c€my, then 7, = m4—{c}. For any node z€x/, the arc z—d is accompanied
in K. Hence either there is an arc connecting z and a node z in the downstream set
Y11(d,K), or there exists another node y€my and a node 2€Y71(d, K) such that the arcs
z—y and z—y appear in K.

In the first case, z cannot be ¢. Hence the arc that connects z and z in K is also in
K’, hence z—d is accompanied in K’. In the second case, y cannot be ¢ because ¢ is a
root random node; and z cannot be c either because c€my. Hence the arcs z—y and z—y
also appear in X'. Consequently, the arc z—d are also accompanied in X’. The proof is

complete. O

‘Proposition 8.4 Let K be decision network skeleton, and let ¢ be a root random node.
Let K' be the decision network skeleton obtained from K by removing ¢ and the arcs

originating from c. For any decision network N’ over K', there is a decision network N
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over K that is equivalent to N”.

Proof: Given N, construct A as follows. Let all the nodes in N, excluding ¢, have
the same frames as in M. Let c take only one value, say 1. For a random node r such
that c¢n,, set the conditional probability of r the same as in A7, If a random node r is
such that c€n,, then 7. = 7 U{c}. In this case, set its conditional probability P(r|r,)

as follows:
P(r|r,;) = P'(r|x]),

where P'(r|rl) stands for the conditional probability of » in A, This definition is valid
because ¢ takes only one value.
For any value node v such that c¢,, set the value function of v to be the same as in

N'. If a value node v is such that c€m,, then 7, = 7/U{c}. In this case, set

po(mo) = (7)),

where p'(v|w)) stands for the value function of v in M. This definition is valid because
¢ takes only one value.

We now show that N is equivalent to A’. For any decision node d such that c¢ng,
then 7 = 74; d has the same decision function space in both /" and N’. If a decision
node is such that c€ny, then 7 = m4—{c}. Since c only take one value, d still has the
same decision function space in both A" and A”. So, N has the same policy space as .

It is evident that given a policy 8, Es[N] = Es[N"]. Therefore, N' and N are

equivalent. The proposition is proved. O

8.4 Arc reversal

This section revisits the operation of reversing arcs in decision network skeleton, with an

eye on its induction properties. Arc reversal is the third of the three operations that are
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needed to facilitate induction on the number of random nodes.

Proposition 8.5 Suppose K is a decision network skeleton. Let b and ¢ be two random
nodes such that the arc c—b appears in K and is reversible. Let K' be the decision network

skeleton obtained from K by reversing the arc c—b.

1. Suppose ¢ has at least two children. Then if K does not contains any barren nodes,

neither does K'.
2. Suppose ¢ is a root. Then if K is normal, so is K'.
3. Suppose ¢ is a root. Then if K is stepwise-decomposable, then so is K'.

4. Suppose ¢ is a root. Then if K does not contains any lonely arcs, neither does K'.

Proof: Item 1 is straightforward.

When c is a root, the moral graph m(K') of K’ is the same as the moral graph m(K)
of K. Hence, items 3 and 4 follow.

To show item 2, let d be an arbitrary decision node. It follows from m(K') = m(K)
that Y7;(d,K') = Y11(d,K). Let v be a value node in the downstream set Y;;(d,K') =
Y:1(d,K). Since K is normal, there must be a directed path, say PATH1, in K from d to
v. Since c¢ is a root, the arc ¢—b cannot be in PATH1. Thus PATHI is also a path in X'

Therefore K’ is also normal. The proposition is proved. O

Proposition 8.6 Let K be a decision network skeleton, let b and ¢ be two random nodes
such that the arc c—b appears in K and is reversible. Let K' be the decision network

skeleton obtained from K by reversing the arc e—b. If ¢ is a root, then
m, = mp—{c} and 7 = {b}Unm;.

Furthermore for any decision network N over K' such that
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1. cis a compound variable consisting a copy of each node in !,

2. the conditional probability P'(c|l) is given by

1 ife=n!
P'(clre) = : (8.67)

0 otherwise

3. and if a value node is a descendent of ¢, then it is also a descendent of b,
there exists an decision network N over K that is equivalent to N,

Proof: Given A7, construct A as follows. Let all the variables have the same frames as
in /. Noticing that ¢ is the compound variable consisting a copy of each node in 7/, we

set,

o the conditional probability P(b|ms) = P(b|c, ;) of b to be

, P'(b|my)  if e=7!,
P(ble, ) = ) (8.68)
0 otherwise

e and the prior probability of ¢ to be the the uniform distributions, i.e P(c) = |1?|,

where |c| stands for the number of possible values of c.

The conditional probabilities of all other random nodes are set to be the same as in A/,

For any value node v, m,=n,. If v is not a descendent of ¢, we set

po(Ty) = pho(7y,),

and if v is a descendent of ¢, we set

po(0) = |elpte,(73,).
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To show that A and N’ are equivalent, we first notice that for any decision node d,
7q = Tj; hence K and K’ have the same policy space. Let & be a policy, and let Ps be the
joint probability é induces over all the random and decision nodes of AV, and let P} be
the joint probability é induces over all the random and decision nodes of A, It suffices

to show that for any value node v,

3 Pi(m)pa(m) = 3 Pl (o). (8.69)

If v is not a descendent of ¢, then it cannot be a descendent of 4. By Proposition
3.1, both ¢ and & are irrelevant to Ps(7,), as well as to P{(w). Hence Ps(wq) = P(m4).
Consequently equation 8.69 is true.

Now if v is a descendent of ¢, then it is also a descendent of b. Consider Ps(b, ¢|x})

and P{(b, ¢|r}). Noticing that wi={b}Ur}, we have

Ps(b,clmy) = P(c)P(blc,m3)
ﬁP’(b]W,’,) if ¢ = (b, m})
0 otherwise

and

Fi(b,c|m) = P'(blmy)P'(c|b, )
{P'(blr{,) if ¢ = (b, 7))

0 otherwise

Hence we get

Py(b, cmy) = = F5(b, c|my).

1
le|
Since v is a descendent of both b and ¢, we have

Ps(my) = ﬁpg(ﬂ'u).
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Therefore

5 Pilralu(r) = T rRAm)leli(r) = T Pim. )i (m). (8.70)

The proof is completed. O

8.5 Induction on the number of random nodes

is a decision node

This section shows how the three operations discussed in the last three sections fit
together to form an induction strategy on the number of random nodes. This induction
strategy allows us to, in a certain sense, get rid of all the random nodes in the downstream

set Y71(d,K) for any d, as shown by the following proposition.

Proposition 8.7 Let K be a normal SDDN skeleton without barren nodes and without

lonely arcs. Let d, be a decision node in K. Then there exists another decision network

skeleton K' such that

e COND1: X' is normal and stepwise-decomposable, and contains no barren nodes

and no lonely arcs;

e COND2(K): The upstream component Ki(d,,K'") of K' w.r.t d, is the same as
Ki(d.,K);

e COND3: In K', there are no random nodes in the downstream set Yi1(d,,K') of

Td,; and

e COND4(K): For any decision network N' over K', there erxits a decision network
N over K that is equivalent to .
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Proof: We prove this lemma by induction on the number & of random nodes in the
downstream set Y71(d,,K) of 74,. When k = 0, the lemma is trivially true. Suppose the
lemma is true for the case of ¥ = m—1. Now consider the case of k = m.

Let d be a decision node in Y;;(d,, K) such that there are random nodes in Yi:(d,K),
and that either there are no decision nodes in Y77(d, K) or for any decision node d'€Y;(d, K)
there are no random nodes in ¥7;(d, K).

Since K contains no barren nodes, there can only be three cases:

1. There exists a random node ¢ in the Y7;(d, K) that has at least one parent; or else

2. There exists a root random node ¢ in Y7;(d,K) whose children are either value

nodes or decision nodes in Y;;(d, K); or else

3. Every a random node in Y7;(d,K) is a root and has at least one child in .

Case 1): In this case, we short-cut ¢ from K, resulting in K*. According to Propo-
sitions 8.1, K* is also a normal SDDN without barren nodes and lonely arcs.

Since there are only m—1 random node in ¥7;(d,K*), there exits, by the induction
hypothesis, a decision network skeleton K’ that satisfies COND1, COND2(K*), COND3,
and COND4(K*).

It is easy to see that K* satisfies COND2(K). By transitivity, X' also satisfies
COND2(K).

To see that K' satisfies COND4(K), let A" be a decision network over K'. Since
K’ satisfies COND4(KX*), there exist an decision network A™ over K* that is equivalent
to N’. Because of Proposition 8.2, there must be a decision network A over K that
is equivalent to M*. By transitivity, A is also equivalent A’. So, K’ also satisfies
COND4(K’). Therefore, the lemma is correct in this case.
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Case 2): In this case, we simply remove ¢ from X, resulting in K*. One can show
that the lemma is also true in this case by using Propositions 8.3 and 8.4 and by following
the same line of reasoning as in Case 1.

Case 3): In this case, let ¢ be a random node in the downstream set Yi:(d,K).
Then ¢ is a root and has at least one child in 74. Let b€x; be a child of ¢ such that
(CONDS3:) there is no other ¥€my that is a child of ¢ and a parent of b. Since K is
stepwise-decomposable, 4 has to be a random node. Because of CONDS5, the arc c—b is
reversible. Reverse the arc c—b in K, resulting in K*. By Propositions 8.5, K* is normal
and stepwise-decomposable, and it contains no barren nodes and no lonely arcs.

There are also m random nodes in Y;;(d, K*). However in Y;;(d,K*) there is a ran-
dom node, namely c, that has at least one parent b. According to Case 1), there must
be a decision network skeleton K’ that satisfies COND1, COND2(K*), COND3, and
COND4(K™).

Since K* satisfies COND2(K), so does K'.

To see that K’ satisfies COND4(K), let A" be a decision network over K'. Since K’
satisfies COND4(K*), there exist an decision network A™ over K* that is equivalent to
N,

From the proof of Proposition 8.2, we can have N* such that

1. cis a compound variable consisting of a copy of each node in 7%, where 77 is the

set of parents of ¢ in K*. Since cis a root in K, 7% = {b}U(m,—{c}) = {b}Un}.

2. The conditional probability P*(c|7%) = P*(c|b, 7}) is given by

. . 1 ife=ar=(bmn})
P*(clb,x}) = . (8.71)

0 otherwise
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Moreover since c€Y7;(d,K) and K is normal, if a value node is a descendent of ¢, then it
must be a descendent of d, and hence b. So Proposition 8.6 applies and gives us that there
is a decision network A over K that is equivalent to A™*, and hence to A’. Therefore K’

also COND4(K). Thus the lemma is true in this case also. The proof is complete. O

8.6 Induction on the number of decision nodes

This séction shows how to carry out induction on the number of decision nodes. First,
let us define two properties of value functions that we will do induction with.

Let N be a decision network whose random and decision variables (nodes) are all
binary. Let A be a subset of nodes of M. For any value node v of N, its value function

po(my) is said to have property Q(A) if
e 4,(my,) is independent of nodes in 7,NA, and

® uy(my) = ¢, (some real number) when all the nodes in 7,—A take the same value,
regardless what this value is. When the nodes in 7,—A do not all take the same

value, p,(my) is strictly smaller than g,.
The value function is said to have property Q1(A)

® u,(7y) is independent of nodes in 7,NA, and

® uy(7y) = ¢, (some real number) when all the nodes in 7,—A take the value 1.
When there is at least one node in m,—A that does not take the value 1, u,(7,) is

strictly smaller than g,,.

Proposition 8.8 Suppose N is a normal SDDN with no barren nodes and no lonely
arcs. Suppose all the random and decision variables (nodes) of N are binary. Let d be

an SD candidate decision node of N', and let A be a set of nodes in N. Suppose there are
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no random nodes in the downstream set Yii(d,N') of mq. Then if all the value functions

in N have property Q(A) (or @1(A)), so do all the value functions of the body Ni(d, V).

Proof: Let u be the tail-value node in V7. It suffices to show that p,(74) has property
QA) (or Qu(A)).

First of all, since there are no barren nodes, there must be at least one value node in
Yir(d,N). Let vy, ..., vn be all the value nodes in Yi7(d, V).

Let Nj; be the tail of N w.r.t d. Since there are no random nodes in Yir(d, V),

Y11(d, V') consists of only value nodes. So we have

pu(ma) = E[Nplry] | (8.72)
= maxdzyw(ﬂ'vi). (8.73)

Since all the u,,(7y;)’s are independent of nodes in ANy, so must be pu(7q).

Suppose all the value functions in A have property @Q(A). Since A is normal, d is
a parent of every v;. Thus when all the nodes in 74— A take the same value, say «, the
value of uy(7q) is 7, gu,, which is achieved when d = «.

Now consider the case when there are two nodes z and y in 74 — A such that z take
the value 0 and y takes 1. Since A contains no lonely arcs, and there are no random
nodes in Y7;(d, V), there must be at least one value node, say v;, which is a child of z and
another value node, say v; (may be the same as v;), which is a child of y. Because the
value functions g, and p.; have property Q(A), we have that if d = 0, to; (Tv;) < gu;, and
if d =1, po;(m0;) < qu;. Therefore, pu(73) < =%, qu;. This shows that u, has property
Q(A).

To prove the proposition for }1(A), suppose all the value functions in A has property
@1(A). When all the nodes in 74— A take the value 1, py(74) = X7, gu;, which is achieved
when d = 1.
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Now consider the case when there is one node z€7,, whose value is 0 instead of 1.
There is a value node v; in Y7;(d, V') that is a child of z. Because y,, has property Q1(A),
pi(7y;) < Gu;. Hence, py(ma) < L%, gu;. This shows that p, has property @1(A). The

proposition is proved. O

8.6.1 An extension and a corollary

Let d be a decision node in an SDDN N. We can extend the concept of a downstream
component from the case when A is smooth at d to the case when A is not smooth at
d in the same way as we did for the concept of as tail in Section 6.2. Let N 11(d, N)
stand for the downstream component of A" w.r.t d. As in Section 3.6, we can define the

conditional expected value E[N(d,,N)|xg,].

Proposition 8.9 Suppose N is a normal SDDN with no barren nodes and no lonely
arcs. Suppose all the random and decision variables (nodes) of N are binary. Let d, be a
decision node N, and let A be a set of nodes in N'. Suppose there are no random nodes
in the downstream set Yir(dr, N'). Then if all the value functions in N have property
Q(A) (or Q1(A)), so does the conditional expected value E[Ni1(d,, N)|ry,].

Proof: This proposition can proved by repeatedly use Proposition 8.8. O

Combining Proposition 8.9 and Proposition 8.7, we get the following corollary.

Corollary 8.1 Let K be a normal SDDN skeleton without barren nodes and lonely arcs.

Let d, be a decision node in K. For any subset ACw,_, there exists a decision network

N over K such that E[Nyi(d,,N)|r4,] has property Q(A) (or Q:1(A)).

Proof: Let K’ be an SDDN skeleton as in Proposition 8.7. There are no random nodes

in Y77(d,,K’). Construct a decision network A over X’ as follows. Let all the random
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and decision variables be binary. For any value node v, set

1 if all the variable in 7,— A take the same value
po(my) = . (8.74)
0 otherwise

Then all the value function in N have property Q(A). By Proposition 8.9, E[Ny;(d,, N7)|x |
also has property @(A). According to Proposition 8.7, there is a decision network A over
K that is equivalent to A”. Since the upstream Component K;(d,,K) of K is the same as
Ki(d.,K'"), w4, = «ly . Thus we have E[Ni(dr,N)|r4,] = E[Np(d, N')|7}; ]. Therefore
E[N11(dy, N)|74,] has property Q(A). |

The @Q1(A) part can be proved in the same way. O

8.7 Lonely arcs and removable arcs

We are now ready to prove a theorem about the relationship between removable arcs and

lonely arcs.

Theorem 8.1 Let K be a normal SDDN skeleton without barren nodes. If K contains

no lonely arcs, then it contains no removable arcs.
Before proving this theorem, let us point out an important implication.

Corollary 8.2 In a normal SDDN skeleton, an arc into a decision node is removable if

and only if it is a potential lonely arc. O

To put the corollary in another way, in a normal SDDN, potential lonely arcs are
all the removable arcs that can be graphically identified without resorting to numerical

computations.
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Proof of Theorem 8.1: Let d, be a decision node of K. Let ¢ be an arbitrary node in
74,. We need to show that the arc e—d, is not removable.

Because of Proposition 8.7, we can assume that there are no random nodes in the
downstream set Y77(d,, K). |

Let A be an SDDN over K. Assume all the random and decision nodes are binary.
Let A = mq,—{c}. For any value node v in N, set u, to be

1 when all the variables in 7,— A take the same value
po () = (8.75)

0 otherwise

Then the value functions have property Q(A).

We find an SD candidate decision node d, computes its body N7(d, ) w.r.t d. Tt is
easy to verify that Aj(d, NV) is also stepwise-decomposable and normal, and it contains
no barren nodes and no lonely arcs. According to the Proposition 8.8, all the value
functions N7 have property Q(A).

We then find an SD candidate decision node of Nj(d, ), computes its body, and so |
on so forth. Eventually, we will obtain a normal SDDN, denoted by N;, in which d, is
an SD candidate, and which contains no barren nodes and no lonely arcs. Furthermore,
all the the value functions in N, have property Q(A).

Since A contains no lonely arcs, and there are nd random nodes in the downstream
set Y71(dy, V'), there must be at least one value node v€Yy;(d,, ) that is a child of ¢. In
the mean time, N is also normal, so this value node v is also a child of d.. All the value
functions of A, have the Q(A) property. Since A = 74, —{c}, all the value functions in
the tail Ms(d,, NV;) depend only on d, or v or both. Therefore when ¢=0, the optimal
decision for d, is 0, and when ¢=1, the optimal decision for d, is 1. Thus d, depends on

¢ and hence the arc c—d, is not removable. The theorem is proved. O
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8.8 Stepwise-solvability and stepwise-decomposability

This section proves the following theorem about the relationship between stepwise-

decomposability and stepwise-solvability.

Theorem 8.2 Suppose K is a normal decision network skeleton with no barren nodes

and no lonely arcs. Then K is stepwise-solvable if and only if it is stepwise-decomposable.

A decision network skeleton in Figure 3.15 is not stepwise-decomposable, hence it is
not stepwise-solvable. Consequently, as we predicted in Section 3.4, with appropriate
probabilities and value functions, optimal policies can be found only by considering the
two decisions simultaneously.

The remainder of this section is to prove Theorem 8.2. In a decision network, a

decision root node is a root node that is also a decision node.

Lemma 8.3 Suppose K is a normal decision network without barren nodes. Suppose d
is a decision node in K. If there are decision root nodes in the downstream set Yir(d,K),

then d cannot be an SS candidate node.

Proof: Let K be the decision network skeleton obtained from K by replacing with
deterministic nodes those decision nodes that are different from d and have at least one
parent. It suffices to show that (Statementl:) d is not an SS candidate node in X'

Let #/. be the set of parents of a node = in K'. We show Statementl by induction on
the number k of random nodes, including deterministic nodes, in Y77(d, K'). When k = 0,
all the nodes in Y7;(d, K') are either decision root nodes or value nodes; and there exists
at least one decision root node. By the definition of Y7;(d, K'), there must be one decision
root node d'€Yr;(d,K’) such that d' has a value node child v. Since K is normal, so is
K'. Hence, there exits a directed path from d to v. Because all the nodes in Y;;(d,K')

are either decision nodes or value nodes, d must be a parent of v.
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Construct a decision network A’ over K’ as follows. Let all the random and decision
variables be binary; let the value functions of the value nodes other than v all be zero;

and set

1 if d=d
o (0 = (8.76)

0 otherwise

We see that if d' = 1, the optimal decision for d is d = 1; and if &' = 0, the optimal
decision for d is d = 0. Therefore the optimal policy for d depends on the policy for d' 1.
Consequently d is not an SS candidate node. So, Statementl is true in the case k = 0.

Assume Statementl is true for the case of ¥ = m—1. Consider the case of k = m.
There are three subcases.

Subcase 1). There is a random node c€Y;;(d, £') that has at least one parent. In this
case, we can short-cut ¢ from X', resulting in X*. According to Proposition 8.1, K* is
also normal and contains no barren nodes. Since there are only m~—1 random nodes in
Y11(d,K*), by the induction hypothesis, d is not an SS candidate node in X*. Through
Proposition 8.2, this implies that d is not an SS candidate node in K'.

Subcase 2). There is random node c€Y;;(d,K’) whose children all are value nodes.
In this case, we can simply remove ¢ from K’ resulting in X*. Using Propositions 8.3
and 8.4 and following the same line of reasoning as in Subcase 1), we can show that
Statement]l is true in this subcase.

Subcase 3). Every random node ¢€Y;;(d,K’) is a root, and it has at least one child
in 74. Let ben) a a child of ¢ such that there is no other ¥€x/; that is a child of c and a
parent of b. By the definition of X', b is a random (maybe deterministic) node. By the

choice of b, the arc ¢—b is reversible. We reverse the arc ¢—bin K’ to get K.

! For later convenience, let us remark that this conclusion follows for any value function p, of v that
has property Q({d, d'}).
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By Proposition 8.5, K is also normal and contains no barren nodes. There are m
random nodes in Yz;(d,K”), one of which, namely ¢, has parents. As in Subcase 1),
we short-cut ¢ from K", resulting X*. By the induction hypothesis, there is a decision
network A over K* in which the optimal decision function of d depends on the decision
policy of some other decision node d'.

By Proposition 8.2, there exists a decision network A"’ over K" that is equivalent to

N*; and by the proof of Proposition 8.2, we conclude that A can be such that

1. ¢ is a compound variable consisting of a copy of each node in x”, where z” is the

set of parents of ¢ in K”. Since c is a root in K, 77/ = {b}U(m;—{c}) = {b}Ur?.

2. The conditional probability P"(c|zl) = P"(c|b,ny) is given by

1 ife=n"= (b )

P"(c|b, 7)) = . (8.77)

0 otherwise
Moreover, since c€Ys7(d,K') and K’ is normal, if a value node is a descendent of ¢, then
it must be a descendent of d, and hence b. So, Proposition 8.6 applies, and gives us
that there is a decision network N’ over K that is equivalent to A", and hence to A*.
Therefore in N, the optimal decision function of d depends on the decision function of
some other decision node. Consequently, d is not an SS candidate node in X’. The proof

is complete. O

Lemma 8.4 Let K be a normal decision network skeleton with no barren nodes. Suppose
d is a decision node in K, and suppose there are no decision root nodes in the downstream
set Y11(d,K). If there exists at least one decision node, other than d, in Y11(d,K), then

d s not an SS candidate node.
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Proof: Let d' # d be a decision node in Y7;(d,KX). Let KX’ be the decision network
skeleton obtained from K be replacing all the decision nodes other than d and d’ by
deterministic nodes. It suffices to show that (Statementl:) d is not an SS candidate node
in K'.

We prove Statementl by induction on the number k& of random nodes, including
deterministic nodes, in Y7;(d,K’). When k = 0, Y7;(d,K) consists of d, d’, and value
nodes. By the definition of Y7;(d, K), there must exist a value node v that is a child of
d’. Since K is normal, so is K. Hence, d there is a directed path from d to v. There are
two cases: either d is a parent of v, or d is a parent of d'.

It has been shown in the proof of Lemma 8.3 that when both d and d’ are parents
to v, d is not an SS candidate node. Now consider the case when d is a parent of &'
Construct a decision network A over K’ as follows. Let all the random and decision
variables be binary; let the value functions of all the value nodes other than v be zero;

and let

1 ifd=1 ,
fo(y) = (8.78)
0 otherwise

Noticing d€7y, we have that when the decision function &’ of d' is such that §'(7%) = d,
the optimal decision for d is d = 1; and when the decision function &' of d is such that
§'(ry) = 1—d, the optimal decision for d is d = 0. Therefore, the optimal decision
function for d depends on the decision function of d’ 2. Thus, d is not an SS candidate
node, and Statementl is true for the case of & = 0.

Assume Statement] is true for the case of k = m — 1. We can prove that Statementl
is true for the case of ¥ = m by following the same line of reasoning as in the proof of

Lemma 8.3. There is only one issue that demands special attention. In Subcase 3), we

2 For later convenience, let us remark that this conclusion follows for any value function My of v that
has property Q1({d'}).
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need to reverse the arc ¢—b. This can only be done when c is a random node and not
a deterministic node. Since there are no root decision nodes in Y::1(d, K), there are no
deterministic root nodes in Y7;(d,K’). Thus, ¢ can not be a deterministic node. The

lemma is proved. O

Lemma 8.5 Suppose K is a normal decision network skeleton with no barren nodes. Let
d be a decision node in K. Suppose there are no decision nodes in the downstream set
Yi1(d,K). If there is a decision node d'€ny such that at least one of the parents of d' are
in Y11(d,K), then d is not an SS candidate node.

Proof: Let IC’ be the decision network skeleton obtained from K be replacing all the
decision nodes other than d and d' by deterministic nodes. It suffices to show that
(Statementl:) d is not an SS candidate node in K.

We prove Statementl by induction on the number % of random nodes, including
deterministic nodes, in Y77(d,K’) — ;. When k=0, Y;;(d,K’) consists of the parents of
d', and value nodes. By the definition of Y7;(d,K’), there must be at least one parent ¢
of d’ that has a value node child v. Since K is normal, so is K’. Thus, d must also be a
parent of v.

Construct a decision network A’ over K/ as follows. Let all the random and decision
variables be binary; let the value functions of the value nodes other than v all be zero;

and set

1 ifd=c
po () = (8.79)
0 otherwise

Noticing cenl, and d'€xj;, we have that if the decision function " for d' is such that
¢'(r) = ¢, then the optimal decision function §° of d is such that §°(x’;) = d’; and if the

decision function ¢’ for d' is such that &'(w,) = 1—¢, then the optimal decision function
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6° of d is such that §°(x}) = 1—d’. That is, the optimal decision function of d depends
on the decision function of d' 3. Consequently d is not an SS candidate node in K';
Statement] is true for the case of k = 0.

Assume Statementl is true in the case of ¥ = m—1. We can prove that Statementl
is true in the case of £ = m in the same way as in the proof of Lemma 8.3. The lemma

is thus proved. O

Proposition 8.10 Suppose K is a normal decision network skeleton with no barren
nodes. Let d be a decision node in K. If d is an SS candidate node, then it is also

an SD candidate node.

Proof: Since d is an SS candidate node, by Lemmas 8.3 and 8.4, there cannot be decision
nodes in the downstream set Y;;(d,K). By Lemma 8.5, there cannot be decision nodes
which have parents in Y77(d,K). Therefore, 74 m-separates d from all other decision

nodes and their parents; i.e d is an SD candidate node. O

Corollary 8.3 Let K be a normal decision network skeleton with no barren nodes. Let
d be a decision node in K. Suppose the downstream component K;(d,K) is stepwise-
decomposable and contains no lonely arcs. Then in the upstream component K1(d,K), a

decision node is an SD candidate node if it is an SS candidate node.

Proof: One can prove this corollary in the same way as we prove Proposition 8.10. The
only issue that demands special attention is that in Ky, there is a downstream-value node
u. We may not be able to arbitrarily set the value function p, of u; it has to be the
optimal conditional expected value p,=E[N7j|r4] of a decision network Ny over K. As

we mentioned in Footnotes 1, 2, and 3, we need only to be able to set y, such that it has

3 For later convenience, let us remark that this conclusion follows for any value function u, of v that
has property Q({d', c}). '
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property Q({z,y}) for some x,y € =4, or has property @Q,({z}) for some z € 7;. Since
K11 is normal and stepwise-decomposable, and contains no barren nodes and lonely arcs,
this is possible according to Corollary 8.1. O

In a decision network skeleton K, a decision node d is a potential SD candidate node
if either it is an SD candidate node, or there exists an SD candidate node d'(# d) such
that d is a potential SD candidate node in the body K;(d',K). It is easy to see that a
decision network skeleton is stepwise-decomposable if and only if every decision node is
a potential SD candidate node.

A potential SD candidate node d is the oldest, if there is no other potential SD can-

didate node that is an ancestor of d.

Proof of Theorem 8.2: Let us first show stepwise-decomposability implies stepwise-
solvability. Suppose X is stepwise-decomposable. Let A be an arbitrary decision network
over K. We need to show that N is stepwise-solvable. Let A" be the output network
of SMOOTHING(N). Then, N’ is a smooth SDDN. According to Theorem 5.1, N is
stepwise-solvable. Since N and A is equivalent, AV is also stepwise-solvable.

To prove that stepwise-solvability also implies stepwise-decomposability, it suffices to
show that if there exist decision nodes in K that are not potential SD candidate nodes,
then X is not stepwise-solvable.

For simplicity, let us assume that there is only one oldest potential candidate node d°.
Then none of the decision nodes in the upstream component K;(d°, K) are SD candidate
nodes. By Corollary 8.3, none decision nodes in X; can be SS candidate nodes. Therefore

K is not stepwise-solvable. The theorem is proved. O



Chapter 9

SDDN’s and Markov decision processes

In the introduction, we have shown how finite stage Markov decision processes (MDP’s)!
can be represented as SDDN’s. This chapter shows that an SDDN can be condensed into
an equivalent MDP.

This practice is interesting for two reasons. Conceptually, it reveals the close rela-
tionships between SDDN’s and MDP’s: MDP’s are special SDDN’s and SDDN’s can be
condensed into MDP’s.

Computationally, the concept of condensation opens up the possibility of parallel
computation in evaluating SDDN’s (Section 9.2); it enables us to exploit the asymmetric
nature of decision problems (Section 9.5); and it also leads to an incremental approach
for computing the values of information (Zhang et al 1993b).

The organization of this chapter is as follows. The concept of sections in smooth
regular SDDN’s is introduced in Section 9.1. Section 9.2 gives the definition of conden-
sation of smooth regular SDDN’s, and points out the possibility of parallel computation.
Section 9.3 shows that a smooth regular SDDN is equivalent to its condensation. Non-
smooth regular and irregular SDDN’s are treated in Section 9.4. Section 9.5 exploits the
asymmetric nature of decision problems to minimize the number of states of the vari-
ables in condensations. On the basis of condensation, Section 9.6 proposes a two stage
approach for evaluating SDDN’s, which is compared to the approaches by Howard and
Ma,fheson (1984) and Cooper (1989) in Section 9.6.1.

In this chapter, when talking about Markov decision processes we always mean finite stage Markov
decision processes.

157
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9.1 Sections in smooth regular SDDN’s

The first step toward the concept of condensation is to introduce the concept of sections
for smooth regular SDDN’s. Let M be a smooth regular SDDN. Let dy, d, ..., ds be
all the decision nodes. Since A is regular, there is a total ordering among the decision
nodes. Let the total ordering be as indicated by the subscriptions. More explicitly, let us
assume that d; directly precedes d;1; in the sense that there is no other decision node d;
such that d; precedes d; and d; precedes d;;;. In this case, we also say that d;,; directly
succeeds d;.

For any 1€{1,2,...,k—1}, the section of N from 4, to 4, ,,, denoted by N(d;, di11),

is the subnetwork of A that consists of the following nodes:
1. the nodes in 74, U 74,,,,

2. the nodes that are in both the downstream set Y7;(d;, M) of 74, and the upstream
set Yi(diy1,N) of mq,,,.

The graphical connections among the nodes remain the same as in the A except that
all the arcs among the nodes in 75,U{d;} are removed. The nodes outside m4,U{d;} are
either random nodes or value nodes; their conditional probabilities or value functions
remain the same as in /. The nodes in 74,U{d;} are either decision nodes or random
nodes. There are no conditional probabilities associated with random nodes in 74,U{d;}.

The initial section N'(—, d,) consists of the nodes in 74, and the nodes in the upstream
set Yi(di, N) of m4,. It consists of only random and value nodes, whose conditional
probabilities or value functions remain the same as in V.

Value nodes in the initial section do not affect the optimal policies, even though they
do contribute to the optimal expected value. From now on, we shall assume there are

no value nodes in the initial section, with the understanding that they, if any, are taken
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Figure 9.27: A regular SDDN and its sections: t stands for test, d stands for drill,
and s stands for oil-sale-police.

care of by some preprocessing measure.

The terminal section N'(dg,—) consists of the nodes in the 74, and the nodes in the
downstream set Y77(dx, V') of 7q,. The graphical connections, the conditional probabili-
ties, and the value functions in the terminal section are specified in the same way as in
the case of ordinary sections.

As an example, consider the decision network in Figure 9.27 (a), which is a repro-

duction of Figure 6.22 (b). The network is smooth, regular and stepwise-decomposable.
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Figure 9.28: An abstract view of a smooth regular SDDN. Smoothness is indicated by
the fact that all the arrows from the 7/ s are pointing downstream.
Let us denote this SDDN by A. Let us also denote the variable test by t, drill by d,
oil-sale-policy by s, drill-cost by dc, test-result by tr, oil-produced by op,
and market-information by mi.
There are four sections in /: A(—,t), N (t,d), N(d,s), and N(s,—). The initial
section M(—,t) contains no nodes. All the other sections are shown in Figure 9.27 (b).
At this point, we wish to emphasize that in each section M (d;, d;y1), all the decision
nodes are in 74,U{d;}. Since N is smooth, in N(d;,d;s1) there are no arcs pointing
toward those decision nodes. Thus, they can be regarded random nodes with no prior
probabilities. Consequently, N(d;, diy1) can be viewed as a semi-Bayesian network with

value nodes.

9.1.1 An abstract view of a regular smooth SDDN

The concept of sections provides us with a proper perspective for viewing smooth regular

SDDN’s. A regular smooth SDDN A can be thought of as consisting of a chain sections
N(_adl)a N(dlad2)7 sy N(dk—-la dk)a N(dka _)'

Two neighboring sections M (d;-1,d;) and N (d;, d;y1) share the nodes in 74;, which m-
separate the other nodes in N (d;_1, d;) from all the other nodes N (d;, di+1). Figure 9.28

shows this abstract view of a regular SDDN.
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9.1.2 Conditional probabilities in a section

In each section N(d;,d;1,), one can compute Prdidiy:)(Tdiyy 17a;, di) — the conditional
probability of the 7y, given 74, and d; in N (d;, diy;). In the initial section A(—,d,),

one can compute Py 4,)(7q) — the marginal probability =, in N (—, d;).

Lemma 9.1 Let N be a smooth reqular SDDN and d; and di41 be two consecutive deci-
sion nodes. For any policy é for N, let Ps denote the joint probability determined by §

over all the decision and random nodes. Then we have

Ps(ma; 01| 7dir di) = Prr(asdiny) (R |Tais i), (9.80)

and
P‘S(ﬂ-dl) = PN("7d1)(7rd1)‘ (9'81)

Proof: According to Proposition 3.1, all the nodes in the downstream set of 74, are

i41
irrelevant to Ps(mq,,,|74;,d;). Hence, they can be harmlessly pruned from A. Accord-
ing to Proposition 3.2, all the nodes in the upstream set of 7y, are also irrelevant to
Ps(74:y,|74;, di). Hence, they can also be harmlessly pruned from A. After pruning the
nodes in the downstream set of 7, , and those in the upstream set of 74, what is left of
N is exactly N(d;,d;11). The lemma is therefore proved. O

In words, this lemma says that the conditional of probability of 74, given 74, and

d; is independent of the policy § and can be computed locally in the section N'(d;,d;+1).

9.1.3 The local value function of a section

We now turn to value functions. For a value node v;; in M (d;, diy1), one can compute

the conditional probability Py (4 d;,.)(u;;|7a;s ds).
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Lemma 9.2 Let N be a smooth regular SDDN and d; and d; 11 be two consecutive deci-
sion nodes. For any policy § for N, let Ps denote the joint probability determined by §
over all the decision and random nodes. For any value node v;; in the section N(d;, diy1),

we have
PS(T"W;‘ |7, d;) = PN(d.',d.'+1)(7rvej |7 s, d;). (9'82)

Proof: The same as the proof of Lemma 9.1. O
Define a function fi’,‘j : erd,- x 4, — R! by
Z,Ej (7Td,~, dz') = Z PN(d;,d¢+1)(7"v;j lﬂ-dn di)fv;j (7"0.';‘) (9'83)
moy; —{ma; U{di})
where f,,. is the value function of v;; in V.

Let vi1, ..., vim; be all the value nodes in the section N (d;,di41). The local value

function fi: Qr, x Qq; — R! of the section N (d;, d;iy1) is defined by

Filma &) = 3 £, (ran ). (9.84)
7=1

Note that if there are no value node in the section, then f; is the constant 0. In
particular, the local value function of the initial section is zero since it is assumed to

contain no value nodes.

9.1.4 Comparison with decision windows

The concept of decision windows is introduced by Shachter (1990) as a way to understand
information arcs—arcs into decision nodes?. The window W; consists of those random

nodes that are observed for the first time between the decision maker’s choice for d;_;

and her/his choice for d;.

?Recall that in influence diagrams arcs into decision nodes are interpreted indication of information
availability.
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The major difference between sections and windows is that sections correspond to
graphical separation, while windows do not. A section A(d;_1,d;) can be compared to
an interval on the real line: the “left end point” is my4,_,, and the “right end point” is T4,
Two neighboring sections are separated by their common “end point”; two sections that
are not neighbors are separated by the sections in between.

On the other hand, a node in a window W; can be connected to a node in any other
window W;; and there is no concept of “end points”. Consequently, with windows we do

not have the the two lemmas given in the previous two subsections.

9.2 Condensing smooth regular SDDN’s

Intuitively, condensing a smooth regular SDDN A means doing the following in each
section N(d;, diy1) of Nt (1) delete all the random nodes that are neither in the T4, NOT
in m4;,,, (2) combine all the value nodes into one single value node v¢, and (3) group the
nodes in 7y, into one compound variable z;. What results is a Markov decision process
(MDP). Now the formal definition.

The condensation of N, denoted by A, is an MDP given as follows:

1. It consists of the following nodes:

e Random nodes z; (1 < ¢ < k), where z; is the compound variable consists of
all the nodes in 74, when 74,#0. When r4,=0, z; is a variable that has only

one possible value;
o The same decision nodes d; (1 < ¢ < k) as in A and

e Value nodes vf (1 < ¢ < k).

2. The graphical connections among the nodes are as follows:
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IR

Polic

Figure 9.29: The skeleton of the condensation of the SDDN in Figure 9.27 (a) .

e For any ¢ € {1,2,...,k}; there is an arc from z; to d;, an arc from z; to v,

and an arc from d; to vf.

e For any ¢ € {1,2,...,k — 1}, there is an arc from z; to z;;; and an arc from

d,' to ZTit1-
3. The conditional probabilities and value functions are as follows:

e The conditional probability P°(x;11]z;, d;) (i € {1,...,k—1}) is defined to be
Prr(dips,a)(Faig | 7ai i)
e The prior probability P°(z;) is defined to be Pr(-ay(ma,).

o The value function f,e for vf (¢ € {1,...,k}) is defined to be the local value

function f;.

Since the Qondensation N¢ is an MDP, we shall sometimes refer to Pe(ziyq|zi, d) as
the transition probability from z; to z;y;.

Figure 9.29 depicts the skeleton of the condensation of the SDDN in 9.27 (a). Since
test has no parent, z; is a degenerate variable with only one value. The variable z,
stands for the compound variable consisting of test and test-result, and z3 stands
for the compound variable consisting of oil-produced and oil-market.

The prior probability of z; is trivially defined, the transition probability P¢(z,|z;,t)
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is set to be Py(s,q)(t, trlt), and the transition probability P°(z3|z,,d) is set to be
Py@gsy(op, milt, tr, d). \

The value function fye for the value node v§ is a representation of test-cost, fugisa
representation of drill-cost,and fvg 1s arepresentation of the summation oil-produced
and sale-cost.

The SDDN in Figure 9.27 (a) is not in the form of an MDP. However, its condensation,
as shown in Figure 9.29, is a Markov decision proceés. In particular, each random node
separates the network into two parts.

The condensation of a smooth regular SDDN is usually not a homogeneous MDP

(Denardo 1982). The frames of the z;’s are different from one another.

9.2.1 Parallel computations

In the process of condensation, the following numerical computations are carried out in

each section N (d;, dit1):

e The calculation of the conditional probabilities Pyr(4; d;,,)(7d;,; |74, di), and

Prn(di,dign) (Mo Ta;, i) (for each value node vy;), and

o The summations as indicated by equations (9.83, 9.84).

Those conditional probabilities can be obtained from the marginals Py (a;,4;,,)(%4;, &),
Prrdidin)(Tdiyrs Tdir di), and Pag, ;) (Tuyy T, di) (for each value node v;;); and the
marginals can in turn be computed by using clique tree propagation, so that all the
marginals can be computed by visiting each clique at most twice.

An important observation is that the numerical computations in different sections

can be carried out in parallel.
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9.3 Equivalence between SDDN’s and their condensations
This section shows the following theorem.

Theorem 9.1 A smooth regular SDDN is equivalent to its condensation.

Proof: Let NV be a smooth regular SDDN and N° be its condensation. Let 74, denote
the set of parents of d; in N. Let 7§, denote the set of parents of d; in N¢. We know

that 7§ = {;}. Since
Qry, = e (9.85)

we will sometimes abuse symbols to use 7q;, 74, and z; interchangeably.
Because of equation (9.85), a policy for N is also a policy for N, and vice versa. In
other words, A" and A® have the same policy space.

So, what remains to be proved is that for any policy é
Es[N] = Es[NV°). (9.86)

Let Ps and P§ denote the joint probability induced by é over the set of random and

decision nodes of A" and N° respectively. This following lemma will be proved shortly.

Lemma 9.3 For any decision node d;,
Py(rs,) = Pi(nS,) and Py(ra,ds) = PE(r5,, ds).

Suppose di, ..., di are all the decision nodes in . For each ¢, let v;1, ..., Vi, be

all the decision nodes in the section N(d;, d;1). We have

Eslvig] = Y Ps(muy) foi; (Tu;;) (By definition)

7rv'-j

= Z Z P&(’”d,’a di)PS(Trv,'j Iﬂ-di’ di)fvij(ﬂ-vij)

Tvgj Ty di
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= > > P{(ma;, di)Pndi dig)(Tui | Tais di) foi;(mo;;) (By Lemmas 9.3 and 9.1)

7"v,J Td, ,di
= Z Pﬁc(wdi’ dt) Z PN(dhdi+1)(7r’Uij |7rd.'a di)fv.'j(ﬂ'u;j) (987)
7"d,~xdi Tugj

Consequently, we have

ES[M = Z Z Es[vij)

i=1 j=
k

= Z Z Z Pf(mg;,di) Z Phrrdi i) 7ru,1|7rd‘, i) i (m,'.j) (By equation (9.87))
1=1 j= 17g, K

= Z > Pac(ﬂdnde')zZPN(d.-,d.-H)(Wv.-jl?Tdndi)fue,-(ﬂu,-j)
i=1 7('4 d.‘ j_]. 7rv"j

= Z > Pi(ma, di) fi(ma;, di) (By equations (9.83) and (9.84))
=1 T4, i

= Z Z Pi(zi, &) fi(wi, ds) (z; and mq, are interchangeable.)
1=1 x;,d;

= EsN7. (By definition)

The theorem is therefore proved. O

Proof of Lemma 9.3:
We now prove this lemma by induction on :. By Lemma 9.1, this lemma is true for
the case when i=1. Suppose the lemma is true for the case of ;. Consider the case of

1+ 1:

Ps(74,,,) = > Ps(ma;, di)Ps(mary, Ima;, di)

Wdiu{d.'}—rdi*_i

= Z P5 (ﬂ'dﬂ d )PN(dc,d;+1)(7rdt+1 lﬂ"d:’ ) (Lemma‘ 9 1)

Td; U{di}—ﬂ'di_'_l

= > FPi(ma;, di) Py (ma;y, | 7a;, di)

maU{di}—ma;

= Ptsc(ﬂ';i.u)'
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Moreover, since Ps(d;|my;) and P§(d;|ry;) are completely determined by &, they are
equal. Consequently, we have
Ps(mayysdiv1) = Ps(may,,)Ps(dipalma,,)
= P74, ) P (disa|may, )
= Pf(”d.~+1,di+1)~

The lemma is therefore proved. O

9.4 Condensing SDDN’s in general

This section extends the concept of condensation to cover all SDDN’s. Let us first
consider regular SDDN’s in general. Irregular SDDN will be dealt with in Subsection
9.4.3.

9.4.1 Sections

Let NV be a regular SDDN, smooth or non-smooth. Let dy, dy, ..., di be all the decision
nodes in A. For any i € {1,2,...,k — 1}, the section of N from 4, to Td;s; » denoted

by N (d;,di+1), is the subnetwork of A/ that consists of the following nodes:

1. the nodes in 74,Ung,,,

2. the nodes that are in the downstream set Y7;(d;, V) of 74, and in the upstream set

Yi(dig1, V) of m4,,,, and

3. the disturbance nodes of d;y;, (which are in the downstream set Yj;(diy1, V' ) of
Tdip )
The graphical connections among the nodes in the section N(d;, di11), remain the same

as in N, except that all the arcs pointing to nodes in 74,U{d;} that are not disturbance

recipients of d; are removed.



Chapter 9. SDDN’s and Markov decision processes 169

Figure 9.30: Sections in a non-smooth regular SDDN.

The nodes outside 74,U{d;} are either random nodes or value nodes. The value
functions of all the value nodes remain the same as in V.

The conditional probabilities of the random nodes outside m4,U{d;} remaip the same
asin V. If arandom node ceny,U{d;} is a disturbance recipients of d;, then its conditional
probability is the same as in . The decision nodes in 7;,U{d;} and the random nodes
in m4,U{d;} that are not disturbance recipient of d; are viewed as root random nodes
without prior probabilities. Compare this definition with the definition of tail for the
non-smooth case (Section 6.2).

The initial section N'(—, dy) consists of the nodes in 7g4,, the nodes in the upstream
set of 74,, and the disturbance nodes of d; (which are in the downstream set of Td, ).
This section consists of only random and value nodes, whose conditional probabilities or
value functions of those nodes remain the same as in V.

The terminal section N'(dg,—) is defined in the same way as in the smooth case.
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Figure 9.30 shows the sections of the non-smooth regular SDDN in Figure 1.7. Un-
like the case of smooth regular SDDN’s (Figure 9.27), the sections M(t,d) and N (d, s)
not only share the node in mg4ri11, but also two other nodes — oil-underground and
seismic-structure.

The reader is encouraged to verify that if a regular SDDN is smooth, then its sections
as defined here are the same as those defined in Section 9.1. To do so, one only need to

keeps in mind that in a smooth SDDN, there are no disturbance recipients.

9.4.2 Condensation

As in the smooth case, in each section AN (mg;,7y,,) we can compute the conditional
probability P, x dm)(ﬂ'di w1174, di). We can also compute Py(r 4T d,-+1)(7rvej|7"deadi) for
each value node v;; in M (g, 74,,,), and hence the local value function f;.

Thecondensation of N is defined from the PN(’”di ., )W Taip [Ta;, di)’s and the fi’s in

i+1)

the same way as in Section 9.2.

Theorem 9.2 A regular SDDN, smooth or non-smooth, is equivalent to its condensation.

Proof: Let NV be a regular SDDN, let A be the output network of SMOOTHING(N).
Then N* is smooth and equivalent to . According to Proposition 9.1, which comes up
next, the condensation of AV is the same as the condensation of A™*. Thus A* is equivalent

to the condensation N¢ of N or equivalently of A*. Consequently, A is equivalent to
Ne. o

Proposition 9.1 Let N be a non-smooth regular SDDN, and let N* be the output net-
work of SMOOTHING(N'). Let d; and diy; be two consecutive decision nodes. Then

PN‘(di,de+1)(7rde+1 Iﬂ'de ’ di) = PN(di,di+1)(7rdi+1 Iﬂ'dn di)a (9'88)
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and
Pre(-a)(ma,) = Prr(-a,)(Td,)- (9.89)
Furthermore, for any value node vij in N(d;, dit1),
P/\f‘(di,d.'-;.l)(ﬂ'vij |7"d,-, di) = P/\f(d.‘,di+1)(7rv.'j |7rdi7 di)' (9'90)

Proof: Given any policy é of N, let Ps be the joint probability é induces over all the
random and decision nodes of A'. Then § is also a policy of N*. Let P} be the joint
l probability é induces over all the random and decision nodes of A™*. Since arc reversals

do not change the joint probability, we have
Py =P (9.91)
In particular, we have
Py (n4,) = Ps(mq,),
Py (g |ma;, di) = Ps(way,|ma; di),
Pg‘(7r1,51.|7rdi,d,~) = P5(7T‘Uij|7rdi, d;).
Consequently, we have

Py ay)(7ay) = Pg(ma,) = Ps(7a,) = Prn(oay)(7a,),

Prr(disdins) (Tdigs [Tan &) = Pp(may,|ma, di)
= Ps(mg, |74, d;)
= PN(dg,d;+1)(7rdi+1!7rdi’di)v
and
Prre(dedin) (Mo Taiy &) = Py (7o |7a,, di)
= Ps(wvijlfdi,di)

= P,A/'(d.‘,di+1)(7r'uij|7rdi7di)'
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Ch
The proposition is therefore proved. B

0.4.3 Trregular SDDN’s

The generalization of concept of condensation to irregular SDDN’s 18 straightforward.
The only issue that demands special attention is that there may be more than one
decision node that directly succeeds a given decision node. Thus, one will not be able to
speak of the section from d; to dit1; on€ can only speak of the section starting at di.
The condensation of an irregular SDDN is not 2 (linear) MDP since the decision nodes _

are not totally ordered. It is an MDP over a rooted tree.

9.5 Asymmetries and unreachable states

This section investigates how to make use of the asymmetric nature of decision problerrwesr _—

to cut down the number of states for nodes in condensations. The basic idea ig due T4 — -

Qi (1993)-

9.5.1 Asymmetries in decision problems

In the oil wildcatter examples, if the test is not performed, there is no test-resu i
The meaningfulness of the variable test-result depends on the decision made al @ ———
+est. This phenomenon is called asymmetry -

Asymmetries are readily represented in decision trees. In Figure 1.2, we se€ that ———
decision to test leads the decision maker to the upper branch of the tree, where =
will observe the test-result upon which to make the drill decision. One the £ o
hand, the decision not to test leads the decision maker to the lower branch of the —

where there is 1o test-result. S/be has to make the drill decision without K€ mmmm— .

anything about the seismic-structure. The lower branch is much smaller tha—s=—=
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upper branch because of asymmetries.

Influence diagrams (and decision networks) are appreciated for compactness, intu-
itiveness and the ability to reveal independencies. However they cannot represent asym-
metries. Artificial states have to be introduced to render the decision problems “sym-
metric”. The oil wildcatter problems are made “symmetric” by introducing the artificial
value no-result for the variable test-result.

Artificial states may bring about unnecessary computations. In the oil wildcatter
example, both test and test-result are parents of drill. Thus, a decision for drill
has to be computed for all possible combinations of values of test and test-result,even
though some of those combinations, for instance test=no and test-result=open-structure,
are impossible. Such unnecessary computations lead some to doubt the efficiency of in-
fluence diagrams (Lawrence 1990, Shafer 1993).

Fung and Shachter (1990), Covaliu and Oliver (1992), Smith et al (1993) , and Shenoy
(1993) deal with the asymmetric nature of decision problems by generalize influence di-
agrams to explicitly represent asymmetries. This section shows that in SDDN’s, asym-
metries can uncovered even when they are not explicitly represented. We still need to
introduce artificial states; but we are able to eliminate the unnecessary computations

brought about by those artificial states.

9.5.2 Eliminating unreachable states in condensations

In the condensation shown in Figure 9.29, z; is a compound variable consisting of test
and test-result, which are respectively shorthanded as t and tr. The variable t has two
possible values — yes or no, while tr has four — no-structure (ns), open-structure
(0s), closed-structure (cs) and no-result (nr). Thus, z; has eight possible values.
Since z4 is a variable in a condensation, which is a MDP, we shall refer to its possible

values as states.
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Due to the asymmetric nature of the oil wildcatter problem, four of the eight states
of 5, namely (t=no, tr=ns), (t=no, tr=os), (t=no, tr=cs), and (t=yes, tr=nr), are
unreachable, in the sense that their probabilities are zero. By pruning those states of
x4, we avoid the unnecessary computation due to the introduction of the artificial state
no-result.

We now define the concept of unreachable state more rigorously. Suppose A is a
regular SDDN and AN° is its condensation. Let d; be a decision node and let z; be its
unique parent in A°. As before, we shall use z;, 7q;, and 7, interchangeably.

Any policy § of N¢ induces a joint probability P§ over all the random and decision
nodes of A'°. A state S of z; is unreachable under § if P§(z;=83) = 0. A state of z; is
unreachable if it is.unreachable under all the policies of N°.

One interesting question is: How can one identify unreachable states?

For any state 3 of z1, P§(z1=0) is independent of § and equals Py 4,)(m1=0). So,

it is unreachable if and only if

Pj\/’(_,dl)(’ﬂ'lzﬂ) = O'

When 7 > 1, the state {z;=/4} is unreachable if and only if the following is true: for

any policy é and for any a€{y,_, and any v€Q,,_,, either
1. P§(zi-1=7) =0, or
2. P§(zi=f|zi-1=7,di-1=a) = 0.
By Lemma 9.1, we have:
P{(zi=0|zi-1=7, di-1=0) = Pn(g;_,,a)(7a,=B|7a;_, =7, di1=0).

Therefore, we have
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Theorem 9.3 Suppose N is a regular SDDN.

1. A state {z1 = B} is unreachable if and only if

Pr(=,d(ma,=p) = 0.

2. When i > 1, the state {z;=8} is unreachable if and only if for any o € Qq,_, and

any y € Q"ds_l’ either
(a) {ma;_,=7} is unreachable, or
(b) PN(d.'_1,d.')(7rdi=/8[7rde—1=7’ d,,-_1=a) = 0

This theorem suggests an obvious top-down procedure of constructing the condensa-
tion of regular SDDN’s that eliminates unreachable states along the way. One begins
by computing Py (- q,)(7a,=8) for each state 8 of 1, and deletes those states with zero
probability. One then computes Py(4,,4,)(7a,=8|74, =7, di=c) for each state 8 of z, given
each reachable state v of z; and each value a of d;, and deletes all the states S whose
conditional probabilities are always zero. And so on and so forth.

So far in this section, our exposition has been in terms only regular SDDN’s. However,
the idea can be extended to irregular SDDN’s in a straightforward way.

This approach constructs condensations that do not contain any unreachable states.
However, it also excludes the possibility of the parallel computations we mentioned in

Subsection 9.2.1.

9.6 A two-stage algorithm for evaluating SDDN’s

The concept of condensation leads to the following two-stage approach for evaluating

regular SDDN’s.

Procedure EVALUATE2(V)
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e Input: A/ — an SDDN.

o Output: The optimal policy and the optimal expected value of V.

1. Compute the condensation V¢ of N

2. Evaluate N by the folding back strategy.

The procedure EVALUATE2 can be viewed as a modification of EVALUATE], where
all the Bayesian network inferences (BNI’s) are grouped into one stage, i.e the stage of
condensation. EVALUATE2 is better than EVALUATE] in terms of modularity. As a
matter of fact, EVALUATE2 can be implemented in three modules: one for managing
sections of SDDN’s, one for doing BNI’s, and one for evaluating MDP’s. MDP’s have
been studied in Dynamic programming for a long time, BNT’s have also been under
extensive investigation during the last decade. Good algorithms exist for both MDP’s
and BNT’s. This leaves us with only the module for managing sections of SDDN’s,

Besides modularity, a more important of advantage of EVALUATE2 over EVALU-
ATELl is, as pointed out in Section 9.5, that EVALUATE2 enables us to exploit the
asymmetric nature of decision problems. Also EVALUATE2 facilitates parallel process-
ing (Section 9.2.1). As we pointed out Section 9.5, one can only have one of those two
advantages; they do not co-exist.

Zhang et al (1993b) presents yet another advantage of EVALUATE2, namely EVAL-

UATE?2 also leads an incremental method of computing the value of perfect information.

9.6.1 Comparison with other approaches

Two two-stage algorithms for evaluating influence diagrams have been proposed by
Howard and Matheson (1984) and Cooper (1989).

To evaluate an influence diagram, Howard and Matheson (1984) first transforms the
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diagram into a decision tree, and then evaluate the decision tree. Our approach transform
an SDDN into an MDP, instead of a decision tree. In Howard and Matheson’s trans-
formation, every random node in the influence diagram corresponds to one level in the
decision tree, while in our approach all the random nodes, except for those that are ob-
served at some point, are summed out in the condensation process. Also, condensing an
SDDN into an MDP does not lose independencies for decision nodes, while transforming
an SDDN into a decision tree would.

To understand the approach by Cooper (1989), consider an influence diagram N. Let
v be the only one value node and let the decision nodes be dy, d,, ..., dx. Given a policy
8, let Ps be the joint probability é induces over all the random and decision nodes. It is
implicit in Cooper (1989) that Ps(7g,,,|74;,d;) does not depend on §; and hence can be
written as P(7g,,, |7a;, di).

Recursively define a series of functions ¢; (1<i<k) by

96(74,) =des maza, Y fo(me)P(my|7a,, dr), (9.92)
Ty —Tv

fv is the value function for v; and for any i<k

9i(7a,) =dey maza, Y Giy1(Tar, ) P(Raiy, |74 di). (9.93)

Tdipq ~7d;

The following proposition is given by Cooper (1989).

Proposition 9.2 For anyi€{1,2,...,k}, the optimal policy 6° for d; is given by

50(7Td=') = argmag; Z gi+1(7"d,-+1 )P(ﬂ-di+l Iﬂdi’ dt)
Tdipy ~Tdg
The optimal expected value E[N] is given by

E[M = Zgl(ﬂ-dl)’

‘ll'd1
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Proof: Consider the condensation A'¢ of A'. The probability P(rq,,, |74, d;) is the same
as P¢(my,, |74, d;). The function gi is the value function of v, and the value functions
of all the other value node in A/® are zero. The proposition thus follows from the fact
that A/° is an MDP. O

To make a comparison, it has been pointed out in this thesis that the conditional
probability P(=q,, |74, d;) can be computed locally in the section A(d;,d;;1). More
importantly, we have generalized Proposition 9.2 from influence diagrams to SDDN’s

(Theorems 9.1 and 9.2).
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Conclusion

10.1 Summary

This thesis has been about how to use Bayesian decision theory to solve decision prob-
lems that involve multiple decisions and multiple variables. Here is a summary of our
contributions.

First of all, the concept of a decision network has been developed from a general way
for stating decision problems and a standard Bayesian decision theory setup. A decision
network is a representation of a decision problem together with knowledge (belief) and
utilities necessary for its solution. We have argued that decision networks are the most
general representation framework for the purpose of solving what we call multiple-decision
problems in Bayesian decision theory. In particular, decision networks are more general
than influence diagrams.

The evaluation of a decision network requires, in general, an exhaustive search through
the whole policy space. A concept of decomposability has been introduced for decision
networks and it has been shown that this decomposability leads to a divide and conquer
strategy.

From a computational point of view, it is most desirable if a decision network is
stepwise-solvable, i.e if it can be evaluated by considering one decision node at a time.
We have introduced stepwise-decomposable decision networks (SDDN’s) and have shown

they can be evaluated not only by considering one decision node at a time, but also by
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considering only one portion, usually a small portion, of the network at time.

We have also shown that stepwise-decomposability is the weakest graphical criterion
that guarantees stepwise-solvability.

The problem of evaluating SDDN’s has been studied in detail. A number of important
concepts, such as simple semi-decision networks, body, tail, and smoothness have been
identified. A procedure named EVALUATEI has been proposed. The advantages of this
procedure include the adoption of the divide and conquer strategy, a clear separation of
Bayesian network inferences, and minimal numerical divisions.

We have introduced the concept of decision nodes being conditionally independent of
part of available information, and have shown its equivalence to the concept of removable
arcs. An algorithm has been designed that is able to find and prune all the removable
arcs in an SDDN that can be identified graphically without resorting to numerical com-
putations.

Finally, we have investigated the relationship between SDDN’s and Markov decision
processes. Finite stage Markov decision processes are special SDDN’s, and SDDN’s can
be condensed into Markov decision processes. This relationship leads to a two-stage
approach for evaluating SDDN’s. Besides providing an even cleaner interface between
decision network evaluation and Bayesian network inferences than EVALUATEI, this
approach is able to make use of the asymmetric nature of decision problems, facilitates
parallel computation, and gives rise to an incremental way of computing the value of

perfect information.
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10.2 Future work

10.2.1 Application to planning and control under uncertainty

High on our list of future research is to apply the theory of decision networks to the area
of planning and control under uncertainty, and thereby further develop the theory.

The history of influence diagrams is short (Matheson and Howard 1984, Miller et
al 1976); and using influence diagrams to represent dynamic systems for the purpose
of planning and control is a development over the last three or four years (Dean and
Wellman 1991). Many issues remains to be addressed.

To get a feeling about some of the issues, let us consider the mobile target localization
problem taken from Dean et al (1990) with some minor changes. As shown in Figure
10.31, there is a mobile target, and there is a robot that tracks the target. The target
location as observed by the robot may be different from the actual target location. At
each time point, the robot makes a decision as to what location to report based on the
observed target location. There is a payoff depending on how accurate the report is; the
overall payoff is the sum of the payoffs of all the time points. The robot also makes a
tracking decision according to its own location and the observed target location. The
location of the robot at the next time point depends on its location and the tracking
decision made at the current time point.

In this example, the decisions at time point t2, for instance, depend on the observed
target location at time point t1, because it helps the robot to better estimate the actual
target location at time point t2. The decisions at time point t20 depend on the observed
target locations at all the previous time points, as indicated by the dotted arcs. So,
the decision nodes at time point t20 have 21 parents, and their Qecision table have n?!
entries, where n stands for the number of possible locations. A decision table of such a

size can neither be computed nor be stored.
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Figure 10.31: Mobile target localization.

As we mentioned in the introduction, a reasonable thing to do here is to assume de-
cision at any time point depends on only, for instance, two previous time points, while
being independent of all the other time points. This kind of independence assumptions
for decision node can be make in decision networks because they are able to represent
independencies for decision nodes. One important issue in applying the theory of deci-
sion network to planning and control is how can one guarantee that those independence
assumptions yield decisions with acceptable bounds from the optimal?

When evaluating decision alternatives at a certain time point, one looks into the
future to see what states of affairs each of the alternative may result in and with what
certainties. Another issue in applying the theory of decision network to planning and
control is how many time points should one looks into the future? How should one
discount the importance of future time points that are far from the present?

The above two issues are about reducing the complexities of planning and control
problems in the time dimension. Another dimension in which one can explore the op-
portunities for reducing complexities is the dimension of problem structure. The graph-

theoretical language of decision networks allows us to capture, at the level of relation, the
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dependence and independence relationships among nodes. A step further is to explore
the so-called inter-causal indepedencies (e.g. Heckerman 1993), which basically says that
several caused independently contribute to an effect. Inter-causal independence is at the
numerical level.

Let k be the number of parents of a random node ¢. Suppose all variables are binary.
Then, the conditional probability of ¢ requires 2¥*1—1 numbers to specify. Assessing
those numbers and using them in inferences is hard when % is large. However, if the
conditional probability of ¢ satisfies the so-called noisy OR-gate model — an inter-causal
independence model — then we need only k& numbers to specify the conditional prob-
ability (Pearl 1988). There is a growing research interest in making use of inter-causal
models to reduce the complexities of knowledge acquisition and inference in Bayesian
networks and Influence diagrams (e.g. Heckerman 1993). Much work remain to be done
in this direction.

One specific idea we have is to treat the noisy OR-gate model in Dempster-Shafer
theory. Dempster-Shafer theory is a theory about combining evidence from independence

sources, and is thus closely related to the concept of inter-causal independence.

10.2.2 Implementation and experimentation

Another thing to do in the future is implementation. The procedure EVALUATEI] can
probably be implemented on top of IDEAL, a software package for analysis of influence
diagrams developed by Srinivas and Breese (1990). For the sake of TEST-STEPWISE-
DECOMPOSABILITY and PRUNE-REMOVABLES, it is a good idea to keep the skele-
ton of a decision network separate from its numerical components, namely its condi-
tional probabilities and value functions. The implementation of EVALUATE2 may be
more involved if the functionalities of parallel processing, exploitation of asymmetries

and incremental computation of value of information are all to be materialized.
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In the thesis, we have argued the that EVALUATE] and EVALUATE2 are advan-
tageous over all the previous algorithms for evaluating influence diagrams. Experiments

need to be performed to substantiate this claim.

10.2.3 Extension to the continuous case

This thesis has only dealt with discrete variables. It would be interesting to extend our
theory so that it can also handle continuous variables. To achieve this extension, the
following three issues need to be addressed.

The first issue is the existence of an optimal policy. This is not an issue in the
discrete case. Since there are only finitely many possible policies, one of them must be
optimal. In the continuous case, however, there may be infinitely many possible policies;
the existence of an optimal policy is not obvious.

The second issue is integration. In the discrete case, we sum out variables. In the
continuous case, we need to integrate out variables. While summation is provided in
most programming languages, integration is not.

The third issue is the operation of ﬁnding the maxima of a function. This can be done
by exhaustive enumeration in the discrete case. In the continuous case, more advanced

techniques need to be used.

10.2.4 Multiple agents

We have said that decision network is able to represent multiple cooperative agents
with a common goal. We have also given two examples in this regard. However, much
foundational work remains to be done to ensure that the optimal decision policies as
defined in this thesis is indeed optimal in particular applications.

One can also consider game theory situations where agents are adversaries of each

other. One may come out with some kind of game network based on game trees in a way



Chapter 10. Conclusions 185

similar to how decision networks grew out of decision trees.
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