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e consider the representation and evaluation of team decision making under uncertainty using influence

diagrams. We assume that all team members agree on common beliefs and preferences, but complete
sharing of information is generally impossible. As a result, the team can be represented as a single rational
individual with imperfect recall, and the optimal solution with perfect recall might not be achievable, except
in special cases we can recognize. An alternative solution concept is a stable solution that integrates the notion
of optimality with that of equilibrium from game theory. We extend this concept from individual decisions to
sets of decisions, and introduce the Strategy Improvement and its variation, Uniform Strategy Improvement, as
the corresponding solution methods. We also provide a variety of simplifying transformations to the influence
diagram by exploiting its graphical structure. The result is a requisite influence diagram, one that requires
minimum assessment and creates additional opportunities for optimality.
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1. Introduction

Decision analysis provides a principled framework for
decision making under uncertainty for a rational indi-
vidual (Howard 1966a, Raiffa 1968). Influence diagrams
(Howard and Matheson 1984 /2005) are compact graph-
ical representations of these decision situations, and effi-
cient algorithms have been developed to analyze them
(Olmsted 1983, Shachter 1986, Shachter and Peot 1992,
Shenoy 1992, Jensen et al. 1994, Zhang 1998). The dia-
grams allow us to represent the decision maker s beliefs
about uncertainties, preferences for prospects, alterna-
tives for decisions, and observations available at the
time of those decisions.

When there is a single decision maker, rationality
requires perfect recall, that any observations available
and choices made at the time of earlier decisions are
known when later decisions are made (Kuhn 1953).
This leads to a globally optimal solution for all of
the sequential decision situations through the solution
technique of backward induction (BI) (Bellman 1957).
Bl is also applicable to team decision situations, those
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in which team members agree on probabilities for the
uncertainties, preferences for the prospects, and alter-
natives for the decisions, as long as the observations
available at the time of those decisions satisfy certain
conditions, e.g., that of finite-stage Markov Decision
Process (MDP) (Bellman 1957).

We seek to improve the quality of team decision
making where the perfect recall condition does not
hold due to the incomplete sharing of information
among team members. This is usually because deci-
sions are decentralized throughout the team and com-
mitments are being made in parallel. It could also be
that the record keeping needed for the complete shar-
ing of information is impractical or because it is desir-
able to provide simple strategies to some members of
the team.

There are two perspectives to approach team deci-
sion making with incomplete sharing of information,
either as an individual making decisions with imper-
fect recall or as a game with imperfect information
where every player has identical payoffs (Marschak
and Radner 1972). We will take the former perspective
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because the latter perspective can be viewed as imper-
fect recall of a hypothetical decision maker who owns
every decision in the game. This avoids confusion
with another use of the term imperfect (perfect) infor-
mation, already defined as imperfect (perfect) obser-
vations in decision analysis (Howard 1966b). It also
allows the representation of team decision situations
to be independent of the identity of the team members
and facilitates the comparison of various information
structures based on the notion of value of information
gathering and sharing in team environment.

ExampLE 1. Consider the following story adapted
from a classical team decision situation about a ship-
yard firm from Marschak and Radner (1972). The firm
has two docks (a new one and an old, less efficient
one) and two markets (West and East). Each manager
(West and East) is offered a price through a private
negotiation for a ship to be delivered in each respec-
tive market. The price is known to each, but not to
the other manager when each manager must decide
whether to accept or reject the offer. A dock supervi-
sor decides whether to move some infrastructure from
the new dock to the old dock in anticipation that both
docks might be used. This decision will be known to
each manager prior to the negotiation. Its effect is to
increase and decrease the costs of building a ship in
the new and old docks, respectively. [

To represent a decision situation with imperfect
recall, a standard decision tree is inadequate and must
be augmented with information sets as used in game
trees (Kuhn 1953). A set of decision nodes in the tree
are in the same information set if the decision maker
cannot distinguish which one of them applies. It fol-
lows semantically that each decision node belongs to
exactly one information set, possibly a singleton set,
and the available alternatives as well as the choice
for every decision node in the same information set
must be identical. We represent an information set by
a dashed line connecting the decision nodes in the
information set.

ExampLE 2. Consider the decision tree shown in
Figure 1. If interpreted from the standard decision-
tree perspective (ignoring the dashed lines), the dock
supervisor’s decision DD consists of two alternatives,
i.e, “Stay” or “Move.” It is followed by the reso-
lution of the West price WP, i.e., “High” or “Low,”
as well as the West manager’s decision WD, i.e.,

“Accept” or “Reject.” Note that the West manager
knows the results of DD and WP before making her
decision. The resolution of the East price EP comes
next. It is not known to the dock supervisor and
the West manager, but to the East manager. The East
manager’s decision ED would then be made with
the knowledge of DD, WP, WD, and EP. This inter-
pretation corresponding to a decision situation with
perfect recall does not capture the story in Exam-
ple 1 unless the information sets are added. The
leftmost dashed line connecting four decision nodes
of the East manager implies that she cannot distin-
guish among the paths leading to such nodes. In
other words, she only knows for certain what all four
paths share in common, i.e., DD = “Stay” and EP =
“Low.” The other dashed lines are interpreted simi-
larly. This augmented decision tree does capture the
exact story in Example 1 along with the numerical
specifications. O

In addition to the fact that the augmented deci-
sion tree grows exponentially with the number of
decisions and uncertainties, the tree cannot neces-
sarily be evaluated with the BI algorithm unless it
corresponds to certain types of decision situations,
as noted earlier. Some possible alternative solution
approaches include those that could solve games in
general (McKelvey and McLennan 1996, McKelvey
et al. 2004), but they are, however, not specifically
developed for team decision situations with identi-
cal payoff structure. In other words, they do not take
advantage of the fact that the identity of the players
does not matter.

We propose to represent and evaluate the team
decision situation with an influence diagram. In fact,
the original influence diagram explicitly allowed
the representation of imperfect recall, although per-
fect recall was assumed for solution (Howard and
Matheson 1984/2005). Tatman and Shachter (1990)
study the influence diagram with imperfect recall that
corresponds to the finite-stage MDP and apply the
BI algorithm to solve it. Zhang and Poole (1992) and
later Zhang et al. (1994) study the influence diagram
with imperfect recall in the general case and find con-
ditions under which the BI algorithm is applicable.

Nilsson and Lauritzen (2000) also study a similar
diagram under the name LIMID (LImited Memory
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Influence Diagram) and show more general condi-
tions under which the diagram can be solved with
the BI algorithm. They later develop an algorithm
that guarantees a local optimal solution when the
diagram does not satisfy their established conditions
(Lauritzen and Nilsson 2001). Koller and Milch (2001,
2003) introduce MAID (Multi-Agent Influence Dia-
gram), which extends the semantic of the influence
diagram to represent and solve a game where every
player has perfect recall. Their proposed solution
method relies on the solution methods that solve
games in general (McKelvey and McLennan 1996).
Section 2 lays the necessary foundations in team
decision analysis and influence diagrams. These
include formalizing the solution concepts and devis-
ing solution methods that accommodate incomplete

sharing of information. Section 3 exploits the graphi-
cal structure of the influence diagram to develop more
insights for decision making in §4 and simplifying
the influence diagram in §5. Section 6 develops the
diagram-based solution method that uses all available
information to improve the decision quality. Finally,
§7 demonstrates our results with Example 1, while
§8 concludes the research and surveys some other
related developments.

2. Foundations

This section introduces our representation for a team
decision situation. Because we approach team deci-
sion making from an individual perspective, this rep-
resentation does not specify, and thus is invariant to,
the identities of the team members.



Detwarasiti and Shachter: Influence Diagrams for Team Decision Analysis

210

Decision Analysis 2(4), pp. 207-228, ©2005 INFORMS

2.1. Terminology

A distinction is a feature that defines a set of mutu-
ally exclusive and collectively exhaustive possibilities,
exactly one of which is resolved to be true. It is a
decision if its resolution is under the complete control
of the decision maker. Otherwise, it is an uncertainty
and we represent the decision maker’s belief about its
resolution with a conditional probability distribution.
A distinction is said to be observed if its resolution
is known. An observation available to a decision is a
set of distinctions observed at the time of making the
decision. A strategy for a decision is a contingent plan
of choices for the decision given its available observa-
tion, and we represent the decision maker’s possible
choices for the decision with the set of all possible
strategies.

Denote by Y a set of all distinctions in a decision
situation where the sets of decisions and uncertainties
are denoted by D C Y and U =Y — D, respectively. A
distinction #; € Y is said to be irrelevant to a distinc-
tion n, € Y if the observation of n; does not change
the decision maker’s belief about the resolution of 1,
regardless of the strategies prescribed for every deci-
sion in D. It follows that n, is irrelevant to n, if and
only if n, is also irrelevant to n;. A distinction n, € Y
is said to be irrelevant to a distinction 1, € Y, given a
distinction n; € Y, if n, is irrelevant to n,, given that
13 has already been observed.

Each n € Y is assumed to be finite, and thus we can
represent its possibility set by a finite set X, with x,
as its generic element. Similarly, we represent a possi-
bility set of the subset of distinctions N C Y by X, =
X,en X, with xy as its generic element. An element
in Xy is called a scenario. A prospect is how the deci-
sion maker views the future given a scenario, and
we represent the decision maker’s preference among
prospects with a utility function (von Neumann and
Morgenstern 1947).

A decision d € D is said to have complete sharing of
information from (perfect recall on) the set of decisions
F € D if the observation available to d includes F as
well as the observation available to each decision in F.
A decision always has complete sharing of informa-
tion from itself by this definition. We refer to com-
plete sharing of information and perfect recall syn-
onymously. A set of decisions is said to have complete
sharing of information if there exists an ordering of
those decisions such that each decision has complete

sharing of information from all earlier decisions in the
set. A set of decisions is said to have incomplete shar-
ing of information otherwise. A decision situation is
said to have complete sharing of information if the
set of all decisions has complete sharing of informa-
tion. A decision situation is said to have incomplete
sharing of information otherwise.

Finally, a team is a set of decision makers, called
team members, who agree on common preferences
among prospects and beliefs about uncertainties, but
are, in general, responsible for making different deci-
sions in the decision situation. As a consequence, the
terminologies presented above are equally applicable
to individual decision makers and teams.

2.2. Influence Diagram

A directed graph is defined as a set of nodes Z and a
set of directed arcs A between ordered pairs of nodes
such that there is at most one arc for each pair. A node
n, € Z is a parent of a node n, € Z (n, is a child of n;)
if there is an arc directed from n; toward n,. For any
n € Z, denote by pa(n), ch(n), nb(n) = pa(n) Uch(n),
and fa(n) = pa(n)Un the sets of nodes that are parents,
children, neighbors, and family of n, respectively. For
any N C Z, denote by fa(N) =,y fa(n) and pa(N) =
fa(N) — N the sets of nodes that are family and strict
parents of N, respectively. A subgraph of Z induced
by N is a set of nodes N and those arcs in A that are
between pairs of nodes in N.

A path of length k between 7, and 7, is a sequence
(n,)§ of distinct nodes such that n; € nb(n,_;), i =
1,..., k. A node n; on the path between n, and #, is
a head-to-head node if n;_;, n;,, e pa(n;), iefl,...,
k —1}. A path is directed from n, to n; if n; € ch(n;_,),
i=1,...,k. A node n; is an ancestor of a node n,
(n is a descendant of n,) if there is a directed path
from n, to n,. Denote by an(n) and de(n) the sets
of nodes that are ancestors and descendants of n,
respectively. A cycle is a path between n, and 1, with
ny =n,. It is a directed cycle if the path comprising the
cycle is directed. A directed acyclic graph is a directed
graph with no directed cycle.

An influence diagram is a compact graphical repre-
sentation of a decision situation. It is a directed acyclic
graph with three types of nodes. A decision node cor-
responding to a decision distinction is drawn as a
rectangle. An uncertainty node corresponding to an
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uncertainty distinction is drawn as an oval. Finally,
a value node corresponding to a component of an
additively separable utility function is drawn as an
octagon. We refer to the distinction and its corre-
sponding node interchangeably. Hence, D is the set
of all decision nodes, U is the set of all uncertainty
nodes, and V is the set of all value nodes. The set
of all distinction (nonvalue) nodes is denoted by Y =
DU U, and the set of all nodes is denoted by Z =
Y U V. Note that an influence diagram is also called a
Bayesian network or belief network if D =@ and V = @.

The arcs take on different meanings depending on
the types of node they are directed toward. For any
v € V, the arcs directed from pa(v) into v are called
functional arcs, and pa(v) represents the domain of
some function v which is itself a component of the
additively separable utility function. For any u € U,
the arcs directed from pa(u) into u are called condi-
tional arcs and pa(u) represents the distinctions being
conditioned on when assessing the belief about u. In
other words, the probability distribution of u is con-
ditioned on the resolution of pa(u). A special case is
when u € U is a deterministic function of pa(u), i.e.,
the distribution of u conditioned on the resolution of
pa(u) is degenerate. Such a u is also called determinis-
tic uncertainty, drawn as a double-oval node, and the
arcs directed from pa(u) into u are also called func-
tional arcs. Finally, for any d € D, the arcs directed
from pa(d) into d are called informational arcs and
pa(d) represents the observation available to 4. In
other words, the choice of d can be conditioned on
the resolution of pa(d).

In addition to the acyclicity of the influence dia-
gram, it is generally assumed that value nodes have
no children (Shachter 1986). Tatman and Shachter
(1990) relax this assumption by introducing the notion
of supervalue nodes to represent sums and products
of other value and supervalue nodes. In fact, our
framework is equivalent to having a sum supervalue
node, although it is not shown explicitly. Together
with these restrictions, it follows semantically that
every distinction node is irrelevant to its nonde-
scendant distinction nodes given its parental nodes
whenever the nodes in the influence diagram are con-
nected, such that every arc takes on its appropriate
meaning (Howard and Matheson 1984 /2005).

ExampLE 3. Consider an influence diagram repre-
senting our team decision situation from Example 1

Figure 2 An Influence Diagram for Example 1
West
decision
Dock
decision

East
decision

shown in Figure 2. In our terminology, the functional
arcs directed to Profit indicate that it is a function of
every distinction. The informational arcs directed to
West Decision indicate that the West manager will only
observe West Price and Dock Decision before making
her choice. Similarly, the informational arcs directed
to East Decision indicate that the East manager will
only observe East Price and Dock Decision before mak-
ing her choice. The only conditional arc indicates the
team’s belief that both prices can be relevant and their
relevance is represented by the distribution of West
Price conditioned on East Price. The semantic of the
influence diagram also indicates, for example, that
East Price is irrelevant to West Decision given West
Price. 0O

ExampLE 4. Consider a more complicated influence
diagram (shown in Figure 3) modified from Jensen
et al. (1994). It has four decision nodes, thirteen uncer-
tainty nodes (including two deterministic uncertainty

Figure 3

A Complicated Influence Diagram
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nodes), and four value nodes. It indicates, for exam-
ple, that the team can observe u; and u, at the
time of d;. The team’s belief about u;; is a probabil-
ity distribution conditioned on d, and u,, while the
team’s belief about u, is a deterministic function of
d; and ug. The team’s preference under uncertainty is
an additively separable utility function of four com-
ponents, one of which is a function of u,, and u;;. We
can also conclude, for example, that d, is irrelevant
to Y —de(dy) =Y — {uyy, vy}, given pa(d,) = ug; and
that u, is irrelevant to Y — de(uy) =Y — {uyy, U3, 03},
given pa(u,y) =u;. O

2.3. Completely Specified Influence Diagram

For any d € D, a strategy 6,(x;() is a conditional
probability distribution over X, representing the
choice made at d, given ., € X5, representing
the observation available to d. Two notable cases are
the pure strategy, which is a degenerate distribution
over X, given X, € Xpa(); and the uniform strategy,
which is a uniform distribution over X, given x,, €
Xpa()- We represent the set of all possible pure strate-
gies by Al and the set of all possible strategies by A,.
For any F € D, a strategy set o is the set {0,: d € F},
and we represent the set of all possible pure-strategy
sets by AL = X, Al and the set of all possible strat-
egy sets by Ap.

For any u € U, a distribution ¢,(x,,) is a condi-
tional probability distribution over X,, representing
the team’s belief about u, given X, € Xy, repre-
senting the distinctions being conditioned on when
assessing such belief. We represent the set of all possi-
ble distributions by ®,. For any R C U, a distribution
set ¢y is the set {¢,: u € R}, and we represent the set
of all possible distribution sets by ®y.

For any v eV, a utility ,(x,,)) is a function, rep-
resenting a single component of the additively sepa-
rable utility function, that assigns one real number to
each x,,,) € X.)- We represent the set of all possi-
ble utilities by ¥,. For any W C V, a utility set ¢y
is the set {,: v € W}, and we represent the set of all
possible utility sets by ¥y,.

A completely specified influence diagram includes the
set of all possible strategy sets Ap, the distribution
set ¢y such that [Tcp 6,4 (Xta@) [ucu Pu(Xsa() is a joint
probability distribution representing the team'’s belief
over X, for every 6, € Ap, and the utility set ¢,

such that 3.y ¥/, (x,4()) is a utility function represent-
ing the team’s preference over X, under uncertainty.
These three elements (A, ¢, and i) are known
as the decision basis, a quantitative specification of a
decision situation in terms of the alternatives, the
information, and the preferences of the team (Howard
1984).

2.4. Algebra in an Influence Diagram
For any N C Z, a probability potential for the influence
diagram is defined as

g)N(xfa(NmY)) = 1_[ 5d(xfa(d)) 1_[ ‘l"u(xfa(u))r 1)
deNND ueNNU
and for any M C N, a uniformly extended probability
potential is defined as

97”N*zxxf(xfaa\lrm) = ‘@N—M(xfa([N—M}m/)) H ad(xfa(d))
deMND

: H d;u (xfa(u))/ (2)

ueMnU

where §, and ¢, are the uniform strategy and the uni-
form distribution, respectively. A utility potential for
the influence diagram is defined as

OdN(xpa(NﬂV)) = Z %(xpa(v))- 3)
veNNV

A completely specified influence diagram includes A,
¢y, and ¢y. ¢y induces a utility function Uz (x40,
while a particular 6, € Ap and ¢;; induce a joint
probability distribution %, (xg,(y,). A joint probabil-
ity distribution over N C Y is defined as %,(xy) =
2ty P7(Xtav))- For any N;, N, € Y such that
Pz(xy,) > 0, a conditional probability distribution is
determined according to %;(xy, |xy,) = Pz (xn,un,)/
P7(xy,). Finally, the expected utility is written as
EU(8p, du, ¥v) = 2 v Py (Xgav)) Uz (Xpa()), OF simply
EU(6,), whenever it is clear in the context. In our
framework, we do not need to marginalize over any
value nodes.

2.5. Complete Sharing of Information in

an Influence Diagram
For any d € D, denote by cs(d) = {n € D: fa(n) C fa(d)}
a set of decision nodes from which d has complete
sharing of information. A subset F € D has complete
sharing of information when there exists an ordering
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Figure 4 Additional Influence Diagrams

of {d,...,d} =F such that {d,,...,d;} Ccs(d,), i =
1,..., k. By this definition, every subset of decisions
that have complete sharing of information also has
complete sharing of information, and so does every
decision. An influence diagram in which D has com-
plete sharing of information (perfect recall) is called a
decision network (Howard and Matheson 1984 /2005).
ExampLE 5. Each decision in the influence diagram
shown in Figure 3 only has complete sharing of infor-
mation from itself. Note that additional observations
do not imply additional complete sharing of infor-
mation. The influence diagram shown in Figure 4a
illustrates that 4, only has complete sharing of infor-
mation from d,, but not d,, because fa(d,) = d,, but
not fa(d;) = {d;, u,, u,} are observed at the time of d,.
The influence diagram shown in Figure 4b illustrates

that d, now has complete sharing of information from
d; because fa(d;) is now observed at the time of d,.
Although the influence diagram shown in Figure 4c
illustrates that each decision has complete sharing of
information from itself and the preceding decision,
D does not have complete sharing of information
by definition. Finally, the influence diagram shown
in Figure 4d illustrates the influence diagram of a
decision situation with complete sharing of informa-
tion, i.e., every set of decisions has complete sharing
of information. O

2.6. General Solution Concepts
According to the standard criterion in decision mak-
ing under uncertainty, the team should commit to an
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optimal strategy set 0p, one that maximizes the
expected utility.
DEFINITION 1. A strategy set & is optimal when

EU(8p) > EU(6p) for V&, € Ap.

The following proposition proves the existence of
an optimal strategy set that is pure.

ProrosITION 1. There exists an optimal strategy set 6
that is a pure-strategy set.

Proor. With the utility function over the finite set
Xoa(v), the expected utility of any pure-strategy set is
an expected value of finitely many numbers, which is
finite. Thus, there exists at least one maximal expected
utility pure-strategy set 6, € AD. As any strategy set
is defined as a set of conditional probability distribu-
tions, its expected utility cannot be greater than the
expected utility of 8y, a set of degenerate conditional
probability distributions attaining maximum expected
utility. O

Analogous to the concepts of global and local opti-
mality in optimization, we introduce the notion of
stability that precisely characterizes the scope of any
local optimality.

DEFINITION 2. A strategy set 6y, F € D, is k-stable,
ke{1,...,|F|}, with respect to strategy set &y, or o, is
k-stable at F when

6, = arg max EU(Sf, dp_f)
of

for V f C F such that |f| =k. When k = |F|, 6, is also
said to be maximally stable with respect to 5.

Because a maximally stable §; with respect to &
can be viewed as the optimal 6, with fixed &6,_f,
its existence also follows from the proof in Proposi-
tion 1. A special case of this definition is when F =D
in which optimality coincides with maximal stability
of 8. Another special case is when there are j team
members responsible for distinct sets of decisions in
a team decision situation. When each team member’s
strategy set BD‘,, i=1,...,]j, is maximally stable with
respect to Op, the team strategy set 6y, is said to be a
Person-by-Person Satisfactory (PBPS) team decision rule
in team theory (Marschak and Radner 1972). It is also
equivalent to a Nash Equilibrium (NE) obtained when
we approach team decision making as a game where
every player has identical payoffs (Nash 1951). There
are two properties of stability worth mentioning.

ProPOSITION 2. If a strategy set &y, F € D, is k-stable,
ke{l,...,|F|}, with respect to strategy set 8y, 8y is also
m-stable, m € {1, ..., k}, with respect to &p.

PrOOF. Let 6y = 6, US;_; for any f C F such that
|fl=k.Let 6, =06,Ud;_ for any f; € f. According to
the definition of k-stability, we have

EU(5f_ﬂ, 8fz’ 5D_f) = Sga)s(f EU(af_fl, 6)(’, 8D—f)
Z maXEU(Sf—fi/ 5}‘]1 6D—f)
O
= EU(Sf*fl’ 8f1’ 8D7f)’

As this is true for V f; € f and ¥ f C F by the definition
of k-stability, 0y is (k — 1)-stable with respect to op.
The result follows by induction. O

ProrosITION 3. If a strateqy set 6p, F € D, is the
unique m-stable strategy set with respect to strategy set &p,
me{l,...,|F|}, 8¢ is also maximally stable with respect
to op.

Proor. There exists some &} that is maximally sta-
ble that must also be m-stable by Proposition 2. If there
is a unique m-stable strategy set, then 6y =8;. O

2.7. General Solution Methods

Although an optimal strategy set can always be found
through the BI given any decision situation with com-
plete sharing of information (perfect recall), it might
not be applicable to a decision situation with incom-
plete sharing of information (imperfect recall). An
approach that always guarantees an optimal &, is the
Exhaustive Enumeration of all pure-strategy sets in the
enumeration set A}, based on the results of Proposi-
tion 1 and the finiteness of A}. Unfortunately, it is
usually impractical because of the size of AY, which
is equal to [];cp |AY|, where |AL] = |X,|leera@ Xl guch
that [Tecpa) |Xc| =1 if pa(d) = 2.

To reduce the computation of exhaustive enu-
meration, we can generalize the above method by
enumerating the strategy sets in multiple smaller
enumeration sets associated with a partition of the
decisions. This results in an iterative process, called
Strategy Improvement (SI).

ALGORITHM 1. Strategy Improvement.
Input: A completely specified influence diagram
with a partition G of a subset F C D.
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Output: A pure-strategy set 6, that is maximally
stable at g, Vg € G.

Initialization

1. Assign some initial strategy set op.

Iteration

1. Assign 6} = 6;.

2. For each enumeration set ¢ € G, do:

(a) If & # arg max;_ EU(Sg, 8p_g), update &, =

arg max; EU(8,, 8p_g)-

3. Repeat the iteration until 6; = 0.

The following proposition proves that the algorithm
converges to a 8, that is maximally stable at every
subset of decisions that has an associated enumera-
tion set.

ProrosITION 4. A pure-strategy set &, obtained with
the SI algorithm is maximally stable at every subset of
decisions that has an associated enumeration set.

ProOF. At each iteration of the algorithm, we al-
ways update §, to the one that is maximally stable
with respect to &, unless it is already so. If the
algorithm stops, 6, must be maximally stable at g,
V g € G. As the expected utility is either increasing or
unchanged during the algorithm, and there is only a
finite number of pure-strategy sets that will not be
repeated unless they have the same expected utility,
0r = Op eventually holds and the algorithm stops suc-
cessfully. O

Exhaustive enumeration can be viewed as a spe-
cial case of this algorithm when there is a single enu-
meration set associated with D. Another special case
in which each enumeration set is associated with a
distinct decision is called Single Strategy Improvement
(SSI), and when F =D Single Policy Updating (SPU)
(Lauritzen and Nilsson 2001). By enumerating only
one decision at a time, Proposition 4 only guarantees
that the resulting strategy set from the SSI (or SPU)
algorithm is 1-stable. However, for a decision situ-
ation with complete sharing of information (perfect
recall), it is well known that the BI algorithm can find
the optimal strategy set by enumerating each decision
exactly once. In fact, it is even possible to have an
incomplete sharing of information (imperfect recall)
and yet ensures that BI will find an optimal strategy
set, also by enumerating each decision exactly once.

3. Exploitation of Influence

Diagram Structure
This section introduces some important semantic
implications of the influence diagram that can be
verified from its graphical structure and will lead to
simplifying transformations.

3.1. Irrelevant Sets and Requisite Sets

We have earlier defined the notion of irrelevance with
respect to a particular distribution set for the team.
We now enrich this notion by defining it with respect
to any distribution set representable by the graphical
structure of the influence diagram.

DEerINtTION 3. For any N;, N,, N; C Y, N; is said to
be an irrelevant set for N; given N,, denoted by N; L
N; | Ny, if P (xy, |xn,) = Pz (X, [ Xn0n,), ¥ Op € Ap, and
Vo, e dy.

The following notions of requisite distinctions,
observations, and values build on the notion of irrel-
evance. For any N C Z, denote by N'=Z7 — N a set of
nodes that are not in N.

DEerINITION 4. For any N;, N,, N; C Y, N; is said to
be a requisite distinction set for N; given N, if it is a
minimal set, such that &,(xy [xy,) = Pz (X, [ Xn,),
Vép€Ap, and Vo € Oy

In other words, a requisite distinction set Nj; is a
minimal subset of Y such that its potential is required
in order to properly compute %, (xy, [xy,), Y8p € Ap,
and V¢, € ;. An immediate consequence of this
definition is that %, (xy, |xy,) is invariant to Sy;np
and ¢y;qy, and thus can also be determined with
Pz.n;(Xy,) > 0 in the case that 9, (xy,) =0.

DEerFINITION 5. For any N;, N,, N; € Y such that
N; © N,, N; is said to be a requisite observation set for N,
given N, if it is a minimal set such that %, (xy, |xy,) =
Py (xn, | 2n,), YOp € Ap, and V ¢, € Py

In other words, a requisite observation set N; is a
minimal subset of N, that is required to be observed
in order to properly compute %;(xy, |xy,), Y8p € Ap,
and V ¢ € @y,. It follows that N, is an irrelevant set
for N; given N;. We establish the following proposi-
tion that relates the requisite distinction set with the
requisite observation set for later use.

ProrosITION 5. For any N;,N,,N; € Y such that
N; © N, contains a requisite observation set for N, given
N,, a requisite distinction set for N; given N, is equal to a
requisite distinction set for N; given Nj.
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Proor. Denote by N and N'=Z — N a requisite
distinction set for N; given N, and its complement,
respectively. We have that %, (xy, [xy,) = Pz (Xy, |
Xn,) = Prane (X, [ Xn,) = P2 (xy, [ Xy,), VOp € Ap, and
Y ¢y € @y, by Definitions 4 and 5. This implies that
N is also a requisite distinction set for N; given Nj.
The result follows, as the proof can also be established
in the other direction. [

We can further enrich the notion of requisiteness to
include the value nodes. This is accomplished by
defining it with respect to any strategy set, distribu-
tion set, as well as utility set the team might have as
long as they are representable by the graphical struc-
ture of the influence diagram. For any W C V, denote
by W' =V — W a set of value nodes that are not in W.

DEFINITION 6. Forany N, N, CYand WCV, Wis
said to be a requisite value set for N, given N, if it is a
minimal set such that %, (Xp,w) | Xn,un,) U (Xpawr)) =
Pz (Xpawry | X3,) Uy (Xpaqwry), ¥ 8p € Ap, ¥V € Py, and
Vi, € Py

As iy can be an arbitrary set of real numbers,
the above definition can also be stated as %;(x . |
XnuNy) = Pz (Xpawry [ Xn,), Y8p € Ap, and Ve € Py,
This is equivalent to N; being an irrelevant set for
pa(W’) given N,. In other words, a nonrequisite value
set W’ is a maximal subset of V such that its parental
set pa(W’) is irrelevant to N; given N,.

3.2. Bayes-Ball

Based on the semantic relationships among the nodes
in the influence diagram, the concept of d-separation
and its deterministic generalization, D-separation,
can express the existing irrelevance among any sets
of nodes (Pearl 1988, Geiger et al. 1990). For any
N;, N,, N; € Y, an active path between N; and N, given
N, is a path between n; € N; and n; € N; such that
every head-to-head node on the path is or has a
descendant in N,, and every other node on the path
is not functionally determined by N,. N, is said to
D-separate N; and N if there is no active path between
N; and N; given N,. We establish the following propo-
sition by Shachter (1998), which relates the notions of
D-separation and irrelevance for later use.

ProrosiTiON 6. For any N;, N,, N; €Y, N, D-sepa-
rates N; and Nj if and only if N; L Ny | N,.

For any N;,N, € Y, the Bayes-Ball algorithm
(Shachter 1998, 1999) applies the above concepts to

determine the irrelevant, requisite observation, and
requisite distinction sets for N; given N, (with respect
to Pz(xy, | xy,)) in linear time in the size of the
influence diagram, treating decisions as uncertainties.
The irrelevant set is a set of nodes in Y that are not
marked on the bottom, the requisite observation set
is a set of nodes that are checked, and the requisite
distinction set is a set of nodes that are marked on the
top. See Figure 5 for illustration.

4. Implications on Decision Making
This section applies the semantic implications in the
previous section to develop the insights for decision
making at any individual decision in the influence
diagram.

4.1. Key Perspective

According to the SI algorithm, a strategy set 6, that
is 1-stable is computed by iteratively finding a pure
strategy 8,, Vd € D, that is 1-stable with respect to .
In other words, each 6, is a degenerate conditional
probability distribution that satisfies the following
lemma by Nilsson and Lauritzen (1999).

LemmMAa 1. A strategy 84, d € D, is 1-stable with respect
to strategy set Op if and only if for each X, € Xpa),
0, assigns positive mass only to x; € X, that satisfies

Xy =argmax 7 (¥4, Xpa(a))
Xd

where o1/1(:)Cfa(d)) = foa(z),fa(d) g)Z*d (xfa(Y))%Z (xpa(V))‘

We will state a set of related lemmas that build on
the above lemma. Each of them applies the results
from the earlier section to exploit the graphical struc-
ture of the influence diagram and yields additional
insights in the choice of §, that is 1-stable with respect
to 8p. An example based on the influence diagram
shown in Figure 4b will be provided.

4.2. Requisite Values

The first insight comes from the fact that certain deci-
sions might have no influence on some aspects of
prospect valuation. In other words, some value nodes
might be nonrequisite to some decision nodes. For
any d € D, denote by rqv(d) a requisite value set for d
given pa(d) as defined in Definition 6.
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LEmMA 2. A strategy 04, d € D, is 1-stable with respect
to strategy set Op if and only if for each X, € Xpa),
0, assigns positive mass only to x; € X, that satisfies

X4 = arg max Vo (X4, xpa(d))
X4

where

O[/Z(xfa(d)): Z @z*d(xfa(y))ouw(xpa(NmV))

Xfa(Z)—fa(d)
and N D rqv(d).

PrROOF. See the appendix. O

Lemma 2 implies that the choice of §, that is
1-stable with respect to 8, is invariant to the utility
set y_qu@- In other words, the team can properly
make the choice of §,; by considering only value nodes
in rqv(d). An immediate consequence of Lemma 2 is
that every 6, € A, is 1-stable with respect to &, if
rqv(d) = @. According to Proposition 6, the requisite
value set for d given pa(d) is equal to de(d)N V.

4.3. Requisite Observations

The second insight comes from the fact that some
observations might be redundant for the purpose of
finding o, that is 1-stable with respect to 6,. For any
d € D, denote by rqo(d) a requisite observation set for
pa(rqv(d)) given fa(d), excluding d itself, as defined
in Definition 5. Because Lemma 2 implies that every
0,4 € A, is 1-stable with respect to o, if rqv(d) = @, we
only need to consider the case that rqv(d) # @ in the
following lemma.

LemMma 3. A strategy 6,4, d € D, is 1-stable with respect
to strategy set Op if for each X, € Xpa@), 04 ASSIgNS
positive mass only to x; € X, that satisfies

Xy = argmax 75(%4, Xpa(a)
Xd

where

Vs (xfa(d)) = Z

Xpa(rqv(d))—fa(d)

P7a (xpa(rqv(d)) | xN)(urqv(d) (xpa(rqv(d)))

and
fa(d) 2 N 2 rqo(d)ud.

Proor. See the appendix. O

Lemma 3 implies that the choice of o, that is
1-stable with respect to 6, does not need to condition
on any nonrequisite observations in pa(d) — rqo(d).
In other words, the informational arcs from pa(d) —
rqo(d) to d can be removed without changing the
team’s choice of §,. In the case that rqv(d) = @, we
assign rqo(d) = @ without loss of generality.

4.4. Requisite Distinctions

The third insight comes from the fact that the strat-
egy set of some decisions, distribution set of some
uncertainties, and utility set of some values might
be redundant for the purpose of finding a 6, that is
1-stable with respect to 6,. For any d € D, denote by
rqd(d) a requisite distinction set for pa(rqv(d)) given
fa(d) as defined in Definition 4. Note that fa(d) can
be derived from the influence diagram before or after
the removal of the nonrequisite informational arcs
to d. This is because Proposition 5 implies that rqd(d)
is invariant to the given (observed) N, fa(d) > N 2
rqo(d) Ud. Again, we only need to consider the case
that rqv(d) # @ in the following lemma.

LEmMMA 4. A strategy 04, d € D, is 1-stable with respect
to strategy set dp if for each X, € Xpa@), O4 ASSIgNS
positive mass only to x,; € X, that satisfies

X4 = arg max Va(Xgs Xpaa))
X4

where

%(xfa(d)) = Z

Xfa(N7UN,)—fa(d)

N, 2rqd(d)ud and N, Drqv(d).

p]le*d (xfa(NlﬂY))chz (xpa(NzﬂV)) ’

Proor. See the appendix. O

Lemma 4 implies that the choice of §,; that is
1-stable with respect to 6, can be found once at least
Siqd@yrDr Prqaynus and gy are given. In the case
that rqv(d) = @, we assign rqd(d) = @ without loss of
generality.

Note that Lemma 4 in no way implies that the J,
that is 1-stable with respect to 0, is invariant
to 8p_rqa@ and @y_rqq@)- A simple counterexample
is with distinct N;, N, 2 rqd(d) U d such that
Pryrd(Xga@y) = 0 but Py, (X)) > 0, for some x,4 €
Xpa@- Lemma 4 implies that Py ,(xpq) induces
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Figure 5

Irrelevant, Requisite Value, Requisite Observation, and Requisite Distinction Sets in Influence Diagrams

(b)

Vy(Xta(a) =0 and every x, € X, is equally preferred.
However, Py, ,4(X¢s) might induce 7 (xg, ) # 0 and
each x, € X; might be valued differently.

ExampPLE 6. Consider the influence diagrams
shown in Figure 5. For the purpose of decision mak-
ing atd;,, i=1,...,4, fa(d;) are shaded (observed) to
signify the fact that d; has complete sharing of infor-
mation from itself. From the Bayes-Ball algorithm and
Lemmas 2 to 4, we have that rqv(d;) =de(d)) NV
is the set of value nodes that are shaded, rqo(d;)
is the subset of nodes in pa(d;) that are checked,
and rqd(d;) is the set of nodes that are marked on
the top. The influence diagram shown in Figure 5a
illustrates that rqv(d,) = V — v,, rqo(d,) = pa(d;) =
u,, and rqd(d;,) =Y — {d;, u,, us}. The influence dia-
gram shown in Figure 5b illustrates that rqv(d,) =

V — v, rqo(d,) = pa(d,) = @, and rqd(d,) = Y —
{d,, us}. The influence diagram shown in Figure 5c
illustrates that rqv(d;) = v,, rqo(d;) = pa(ds) = {ug, u,},
and rqd(d;) = {d,, d,, ug, uy, uy, }. Finally, the influence
diagram shown in Figure 5d illustrates that rqv(d,) =
vy, 1qo(d,) = {d;, ug} # pa(d,), and rqd(d,) = {uy, uy}.
(]

The notions of requisite value and requisite obser-
vation sets for decision making have been studied
earlier under different names for both the influence
diagram with a single value node (Shachter 1988,
Fagiuoli and Zaffalon 1998) and with multiple value
nodes (Shachter 1998, 1999; Zhang 1998; Nielsen and
Jensen 1999). However, their definitions are order
dependent, i.e., the requisite value and the requisite
observation sets for a decision are derived after the



Detwarasiti and Shachter: Influence Diagrams for Team Decision Analysis

Decision Analysis 2(4), pp. 207-228, ©2005 INFORMS

219

graphical structure of the influence diagram has been
modified to reflect the requisite value and the requi-
site observation sets of later decisions. Our notions
are similar to those used in LIMID (Nilsson and
Lauritzen 2000, Lauritzen and Nilsson 2001), which
generalizes those used in Zhang and Poole (1992) as
well as Zhang et al. (1994). We further generalize
their notions by recognizing the distinction between
an uncertainty and a deterministic uncertainty, and
thus treating them differently. The notion of requisite
distinction set is related to that of barren nodes, a set
of distinction nodes that either have no children or
whose children are all barren (Shachter 1986).

5. Simplification of Influence

Diagram Structure
This section applies the insights developed in the pre-
vious section to simplify the graphical structure of
the influence diagram while maintaining the decision
quality supported by the original influence diagram.

5.1. Requisite Influence Diagram and Requisite
Decision Basis

One recommended structural change prior to the
evaluation is based on the result of Lemma 3, i.e., the
removal of the nonrequisite informational arcs from
pa(d) —rqo(d) to d, Vd € D. At any d € D, the immedi-
ate benefit is an increase in the efficiency of the solu-
tion methods once §; is conditioned on fewer nodes.
Additional benefits are the consequences of the fol-
lowing lemma.

LemMA 5. For any d € D, the requisite value set
rqv(d), the requisite observation set rqo(d), and the req-
uisite distinction set rqd(d) cannot get bigger with the
removal of the nonrequisite informational arcs.

Proor. There are two distinct cases to consider:

(1) The informational arcs are directed to d:
Because pa(d) N de(d) = @, we have that rqv(d) =
de(d) N V remains unchanged. We also have that
rqo(d) remains unchanged by Lemma 3. Finally, we
have that rqd(d), which are marked on the top,
remain unchanged because the Bayes-Ball algorithm
does not visit the nonrequisite observations when
determining rqd(d) in the first place.

(2) The informational arcs are directed to D —d: We
have that rqv(d) = de(d)NV cannot get bigger because
the removal of arcs can never increase de(d). We also
have that rqo(d) and rqd(d) cannot get bigger because
the removal of arcs reduces the number of possible
paths among the nodes and the Bayes-Ball algorithm
marks the node only if it can be visited from its neigh-
boring nodes.

Note that the result does not necessarily hold with
the removal of arbitrary arcs, e.g., the informational
arcs from requisite observation nodes. This is because
such a node will be marked on the top if it were not
marked in the first place according to the Bayes-Ball
algorithm. O

Lemma 5 implies that by removing the nonrequisite
informational arcs to d, there is a higher efficiency if
the strategy 6/, ' € D —d, also conditions on fewer
nodes. The highest efficiency is achieved when the
influence diagram does not contain any nonrequisite
informational arcs, i.e., every d € D conditions only
on rqo(d).

Given the influence diagram without any nonreq-
uisite informational arcs, there is also another rec-
ommended structural change based on the result of
Lemma 4, i.e., the choice of §, that is 1-stable with
respect to 8y requires the following information.

* A, the set of all possible strategies at d.

® O,qa@np- the strategy set associated with the req-
uisite distinction set rqd(d).

® ¢rqa@nu- the distribution set associated with the
requisite distinction set rqd(d).

* qv@) the utility set associated with the requisite

value set rqv(d).
The rest of the information provided in the influ-
ence diagram is redundant for the purpose of decision
making at d. Denote by rqn(d) = d Urqd(d) U rqv(d)
a requisite node set for d. A requisite influence diagram
for d is a subdiagram of Z induced by fa(rqn(d)). It is
said to be completely specified if it includes the above
information, i.e., Ay, 0,qa(@)nps Praa@nus AN Prgy(a), also
called the requisite decision basis for d. Because neither
S pa(rqn(@)nD NOT Ppairanaynu 18 part of the requisite deci-
sion basis for d, the nodes in pa(rqn(d)) are shaded
and have dotted borders to distinguish them from the
observed nodes in the standard influence diagram.

For any F € D, denote by rqd(F) = Uz rqd(d) —
F, rqv(F) = Ugerrqv(d), and rgn(F) = F U rqd(F) U
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rqv(F) the requisite distinction, the requisite value,
and the requisite node sets for F, respectively. A req-
uisite influence diagram for F is a subdiagram of Z
induced by fa(rqn(F)). It is said to be completely spec-
ified if it includes the requisite decision basis for F,
i.e., Ap, O,q4r)nDs Pradpnus AN Prgy(p)- Again, the nodes
in pa(rqn(F)) are shaded and have dotted borders
because neither 8, qn(r)np NOT Ppapan(rynu 1S part of
the requisite decision basis for F. The requisite influ-
ence diagram of any given influence diagram is the
requisite influence diagram for D of the given influ-
ence diagram.

5.2. Influence Diagram Reduction

We now present the algorithm, called Influence Dia-
gram Reduction (IDR). For any F C D, it determines the
requisite influence diagram for F of any given influ-
ence diagram.

ALGORITHM 2. Influence Diagram Reduction.
Input: An influence diagram with a subset F C D.
Output: A set of requisite influence diagrams for d,
VdeD, and for F.
Iteration
1. For each decision d € D, do:
(a) Determine pa(d) and rqv(d).
(b) Assign pa’(d) =pa(d).
(c) If rqv(d) = @, assign rqo(d) = @ and rqd(d) =
@; else, find rqo(d) and rqd(d) with the Bayes-Ball
algorithm.
(d) Update pa(d) =rqo(d) by removing the infor-
mational arcs from pa(d) — rqo(d) to d.
2. Repeat the iteration until pa’(d) =pa(d), Vd € D.
3. The requisite influence diagram for each d € D is
the subdiagram of Z induced by fa(rqn(d)), rqn(d) =
dUrqd(d) Urqv(d).
4. The requisite influence diagram for F is the
subdiagram of Z induced by fa(rqn(F)), rqn(F) =
User rqn(d).

The following proposition proves that the algorithm
converges to a set of requisite influence diagrams
for d,vd eD, and for F.

ProrosITION 7. A set of influence diagrams obtained
with the IDR algorithm are requisite for d, Vd € D, and
for F.

Proor. The correctness of the algorithm is based on
the correctness of the Bayes-Ball algorithm and the

results of Lemmas 1 to 5. The convergence follows
because there is a finite number of informational arcs
in the influence diagram, and at least one of them is
removed in each iteration (except the last). O

A special case of this algorithm that determines the
requisite influence diagram for each decision when
the given influence diagram has complete sharing
of information is called the Decomposition of Influence
Diagram (Nielsen 2001). In such a case, the IDR algo-
rithm can be completed in one cycle by applying it
in reverse order of decisions having complete shar-
ing of information. In the case of incomplete sharing
of information, the IDR algorithm should be applied
iteratively following the reverse order of subset of
decisions having complete sharing of information.

ExampLE 7. Consider applying the IDR algorithm
to the influence diagrams shown in Figure 5, which
results in the influence diagrams shown in Figures 6
and 7. For each d;,, i =1,...,4, the nodes in Z —
fa(rqn(d;)) are masked for the purpose of compar-
ison between the original and the requisite influ-
ence diagrams. The requisite influence diagram for
d; shown in Figure 6a is the subdiagram induced by
fa(rqn(d,)) = Z — us — v, with pa(rqn(d,)) = u, shaded.
The requisite influence diagram for d, shown in Fig-
ure 6b is the subdiagram induced by fa(rqn(d,)) =
{dy, dy, uy, Uy, Uy, Uy, Uy, Uqz, Uy, U3}, none of which is
shaded because pa(rqn(d,)) = @. The requisite influ-
ence diagram for d; shown in Figure 6c is the sub-
diagram induced by fa(rqn(d,)) = {d;, dy, ug, ug, o,
uy,, vy} with pa(rqn(d;)) = u, shaded. Finally, the reqg-
uisite influence diagram for d, shown in Figure 6d
is the subdiagram induced by fa(rqn(d,)) = {d;, d,,
ug, Uy, Uyy, vy} with pa(rqn(d,)) = {d;, us} shaded. The
final step of the IDR algorithm concludes with the
requisite influence diagram (for D), the subdiagram
induced by fa(rqn(D)) = Z — us, none of which is
shaded, as shown in Figure 7. O

There is a distinction between decision making
at D versus computing the expected utility for 6.
Although a completely specified requisite influence
diagram for D provides sufficient information to find
a 1-stable 6, the information can be insufficient for
the purpose of computing the expected utility of
that 6,,. To compute the expected utility, the informa-
tion must include the utility set ¢, the distribution
set ¢y, and the strategy set dy.p, where N is the
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Figure 6 A Set of Requisite Influence Diagrams for d

......

()

requisite distinction set for pa(V) derived from the
influence diagram without nonrequisite informational
arcs. Note that the nodes in ¥ — N are exactly the
barren nodes.

Figure 7 A Requisite Influence Diagram

(b)

(@

6. Diagram-Based Solution Concept
and Method

This section develops the diagram-based solution con-

cept and method based on the insights exploited in

the earlier sections.

6.1. Strategic Irrelevance in an Influence Diagram

A decision d € D is said to be strategically irrelevant to
the set of decisions F C D if, with respect to any strat-
egy set Op_r, there exists a strategy 6, that is 1-stable
with respect to every possible strategy set 6 € Ar.
A decision is always strategically irrelevant to itself
by this definition. A set of decisions is said to have a
strategic irrelevance if there exists a complete order-
ing of those decisions such that each decision is strate-
gically irrelevant to all earlier decisions in the set.
A set of decisions is a strategically irrelevant set if it
has strategic irrelevance, and a strategically relevant
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set otherwise. A decision situation is said to have a
strategic irrelevance if there exists a strategically irrel-
evant set that includes all decisions in the decision
situation. A decision situation is said to have a strate-
gic relevance otherwise.

To search for strategically irrelevant sets, we recon-
sider the remark at the end of Lemma 4. Although the
choice of §, that is 1-stable with respect to 8, can be
found once at least 8,44()ps Prqa@nus aNd Py are
given, it does not imply that such a 8, is invariant
t0 8p_rqa(@) and Py _rqq(e)- Fortunately, there exists a §,
that is both 1-stable with respect to 6, and invariant
t0 8p_rqa@) and Pyy_rqq(a)- For the purpose of determin-
ing the strategically irrelevant sets, we only prove the
existence of such §, that is invariant to 8p_,q4(). For
notational convenience, denote si(d) = D — rqd(d).

THEOREM 1. A strategy 8,, d € D, is 1-stable with
respect to strategy set Og4) U Op_gia), ¥ Osa € Asiay
if and only if &, is 1-stable with respect to any strategy
set 8py U 8p_gi(a) that induces Py, (Xgp(q)) > 0 whenever

P 4si(d) (xfa(d)) > 0.

Proor. For an arbitrary 8 U 0p_g), there are
three distinct cases for eac.h ?cfa(d) .e Xia(a)-

(1) Pz.si@)(Xtaqa)) = 0: This implies that &, (xX¢4)) =
0 when induced by either &4, U dp_g@) O 0} U
Op_si@- Lemma 1 implies that every x, € X, is
equally preferred, and the proof for this case follows
immediately.

() Pusiy(Xa@) # 0, but 644 U 8p_g(y induces
P.d(Xgaa)) = 0: Lemma 1 implies that every x, € X, is
equally preferred with &, U8p_), but not necessar-
ily with &, U 6p_g)- Hence, 9, that is 1-stable with
respect to the latter is always 1-stable with respect to
the former.

) Prusitay(Xta@)) # 0 and O U 8p_g(y induces
Pz (K@) # 00 Prq(Xp@) # 0 ensures  that
P21d(Xpaiequ(@y | Xra(@)) 1S determinable and does not
vary with either &y, U 6p_gw Or 0, U 8p_gu)
according to the definition of rqd(d) in Lemma 4.
Hence, Lemma 3 implies that §, that is 1-stable with
respect to the former is also 1-stable with respect to
the latter, and vice versa.

The “if” part follows because the above cases hold
for any &) U 8p_ga) ¥ Osw € Ayiq)- Note that the
“only if” part follows trivially because 6, € Ay O

For any d € D, Theorem 1 implies that si(d) is a
set of decision nodes to which d is strategically irrel-
evant. A subset F C D has strategic irrelevance when
there exists an ordering of {d;, d,,...,d;} =F such
that {d,, ..., d;} Csi(d;),i=1, ..., k. Note that the sets
si(d), Vd € D, can and should be derived from the req-
uisite influence diagram. This is because si(d) (defined
through rqd(d)) is never smaller in the requisite influ-
ence diagram than in the original influence diagram
according to Lemma 5.

ExaMpLE 8. Consider the requisite influence dia-
grams shown in Figure 8. For each d;, i=1,...,4,
si(d;) is the set of nodes in D that are not marked on the
top. The influence diagram shown in Figure 8a illus-
trates that d; is strategically irrelevant only to itself
because si(d,) = d;. The influence diagram shown in
Figure 8b illustrates that d, is strategically irrelevant to
D —d, because si(d,) = D — d;. The influence diagram
shown in Figure 8c illustrates that d; is strategically
irrelevant to D —d, because si(d;) = D — d,. Finally, the
influence diagram shown in Figure 8d illustrates the
best situation, i.e., d, is strategically irrelevant to all
decisions because si(d,) =D. O

The notion of strategic irrelevance is similar to that
defined in Koller and Milch (2001, 2003), when we
approach team decision making as a game where
every player has identical payoffs. The strategically
irrelevant sets are, however, never smaller in our
case because we work with the requisite influence
diagram. Note that although the notions of stepwise-
decomposability candidate node (Zhang and Poole 1992,
Zhang et al. 1994) and extremal decision (Nilsson and
Lauritzen 2000, Lauritzen and Nilsson 2001) have a
similar motivation, they are special cases of strategic
irrelevance because the formers are defined indirectly
through the irrelevant set while the latter is defined
through the requisite distinction set. As a result, a
decision that satisfies either of the former notions
always satisfies the latter notion, while the converse
is not true. Consider the requisite influence diagram
shown in Figure 7. If d; were an uncertainty, we
would have that si(d,) = D, and d, would be strate-
gically irrelevant to {d,, d;, d,}. Consequently, there
exists 0,, that is 1-stable with respect to every d,,,, €
A4,u4,- Such a d,, however, is not an extremal decision
because neither rqv(d,) L fa(d;) | fa(d,) nor rqv(d,) L
fa(d,) | fa(d,) holds. Note also that the former notions
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Figure 8

Irrelevant, Requisite Value, Requisite Observation, and Requisite Distinction Sets in Requisite Influence Diagrams

(b)

are only defined with respect to all decisions (exclud-
ing those already converted to uncertainties), while
the latter notion is defined with respect to any subset
of decisions.

6.2. Strategic Stability in an Influence Diagram
The above property of the strategic irrelevance yields
a new perspective in finding a §, that is 1-stable to 6.
We first introduce the notion of uniform stability that
satisfies the condition given in Theorem 1.

DEFINITION 7. A strategy set 6, F C D, is uniformly
stable with respect to strategy set 6, when

6, = arg max EU(5,, Ssi(d)—d/ 8D si(a))

04

for Vd € F where Ssi(d)_d is a uniform strategy set.
The following corollary restates Theorem 1 with the
above definition of uniform stability.

CoOROLLARY 1. A strategy 0,4, d € D, is 1-stable with
respect to strategy set 04U Sp_gay, ¥ Osi(a) € Asi(a), if and
only if 8, is uniformly stable with respect to strategy
set Op.

Proor. Note that “§, is uniformly stable with
respect to strategy set 6, ”is equivalent to” §, is
1-stable with respect to strategy set Ssi(d) U 8p_sigay-”
The result follows immediately because 85 U 8p_ga
induces P,;(Xta) = Prasia)(Xay), the condition
given in Theorem 1. O

A consequence of Theorem 1 and Corollary 1 is that
with respect to 8p, if 8, does not vary with 8, it
always constitutes a part of maximally stable strategy
set with 6,, Ve esi(d) —d.

THEOREM 2. Given a strateqy 6;, d € D, that is uni-
formly stable with respect to strategy set dp, {64, 6.}, e €
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si(d) — d, is maximally stable with respect to 8p if and
only if 0, is 1-stable with respect to &p.

Proor. According to the definition of maximal sta-
bility and Theorem 1, we have

EU((Se/ 5dr BDf{eudl) = IénaSX EU(SE/ Sd! 8D7{eudl)
er 9Od
= maxEU(3,, 8,, Op—(eud))
3{'
= EU(5,, 6,, 8D—{eud])'

With a uniformly stable 8, with respect to 6, {§,, 6,}
is maximally stable with respect to 6, if §, is 1-stable
with respect to 6p. The reverse is always true by
Proposition 2. O

A corollary of Theorem 2 applies to any strategi-
cally irrelevant set.

COROLLARY 2. For any F € D that has strategic irrel-
evance, a strategy set &p is maximally stable with respect
to strategqy set Op if 8y is uniformly stable with respect
to op.

Proor. Without loss of generality, assume that F =
{d, d,, ..., d,} with the index representing an order-
ing of the decisions. According to the definition of
maximal stability and Theorem 2, we have

EU(8¢, 6p_) = max EU(SF/ 8p_F)
8¢

= _max EU(SF—dk’ Sdk/ 8D—F)

Op_gy Oa,

= maX EU(SF,dk 7 adk 7 6D*F)‘

Op_g;

Hence, maximal stability of 6 with respect to &
requires maximal stability of §;_, and uniform stabil-
ity of 6, with respect to dp. By induction, it requires
uniform stability of 6, with respect to 6. O

We now introduce the algorithm, called Uniform
Strategy Improvement (USI), that combines the bene-
fits of the SSI algorithm with the uniform stability.
Although it can exploit any strategically irrelevant set
when present, it is applicable to any set of decisions.
Each enumeration set is still associated with a single
decision, yet the resulting strategy set is maximally
stable at every subset of decisions (within the union
of all enumeration sets) that has strategic irrelevance.
We call this Strategic Stability (within the union of all

enumeration sets) where the modifier is omitted in
the case that the union of all enumeration sets is the
set of decisions represented by the strategy set.

AvrcoriTEM 3. Uniform Strategy Improvement.

Input: A completely specified influence diagram
with a subset F C D.

Output: A pure-strategy set 6, that is strategically
stable within F.

Initialization

1. Assign some initial strategy set &p,.

Iteration

1. Assign 6} = 6;.

2. For each decision d € F, do:

(a) If 6, # argmaxz EU(6, 8g)—a, Sp—sia)), UP-

date o, based on Lemma 4 with respect to d U

Op_si(a)-
3. Repeat the iteration until 6; = o;.

Note that if we replace Ssi(d) in the above algorithm
with some &, that satisfies the condition given in
Theorem 1, we have another variation of the algo-
rithm even though it is not necessarily more efficient
due to the additional work required to verify such a
condition. The following proposition proves that the
algorithm converges to a 6, that is strategically stable
within F, the union of all enumeration sets.

PrOPOSITION 8. A pure-strategy set &y obtained with
the USI algorithm is strategically stable within the union
of all enumeration sets.

Proor. Lemma 4 ensures that at each iteration, we
always update 0, to the one that is uniformly sta-
ble with respect to 8, unless it is already so. If the
algorithm converges, 6, must be strategically stable
within F according to Corollary 2. The proof of con-
vergence then follows from that in Proposition 4. O

ExampLE 9. Consider the influence diagrams
shown in Figure 8. Applying the above algorithm
yields a & that is maximally stable at {d;, d;, d,} and
{d,, d;, d,}. This is because si(d,) = D and si(d;) =
D —d,, but d, ¢ si(d,) and d, ¢ si(d,) according to the
derivation in Example 8. O

The USI algorithm is identical to the SSI (or SPU)
algorithm if properly applied to a soluble influence
diagram, one with an exact solution ordering of
extremal decisions (Lauritzen and Nilsson 2001). Both
algorithms are initialized with the uniform strategy
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set 8, and applied in reverse order of the solution
ordering, although any order is allowed with the
USI algorithm. The key difference between both algo-
rithms arises when applied to a nonsoluble influence
diagram. The USI algorithm always finds a strategi-
cally stable strategy set, while the SSI (or SPU) algo-
rithm only finds a 1-stable strategy set although it
might find a strategically stable one. An extreme case
is when the influence diagram is nonsoluble but has
strategic irrelevance, i.e., the USI algorithm guaran-
tees a maximally stable (optimal) strategy set, while
the SSI (or SPU) algorithm only guarantees a 1-stable
strategy set.

7. Solution Example

There are three decisions in Example 1. The super-
visor’s decision has two pure strategies, while each
manager’s decision has 22 =16 pure strategies. This
brings the total number of pure-strategy sets to 2 x
16 x 16 = 512. Based on the numerical specifications
provided in the augmented decision tree as shown in
Figure 1, the exhaustive enumeration algorithm finds
16 different strategy sets to be maximally stable (opti-
mal) with the expected utility of 11.3.

Applying the IDR algorithm to the influence dia-
gram shown in Figure 2 results in the influence dia-
grams shown in Figure 9. The resulting influence
diagrams illustrate that they are already requisite
for their respective decisions, and no reduction is
possible. They also illustrate that the supervisor’s
decision is only strategically irrelevant to itself, while
each manager’s decision is strategically irrelevant to
itself and the supervisor’s decision. Applying the USI
algorithm guarantees that the resulting strategy set is
strategically stable, i.e., maximally stable at DD U WD
and DDUED.

Note that the influence diagram shown in Figure 2
is nonsoluble, i.e.,, without exact solution ordering,
because there is no extremal decision. Table 1 thus
compares the results obtained from applying the SSI
(or SPU) algorithm and the USI algorithm follow-
ing all 3! = 6 possible solution orderings. By initial-
izing both algorithms with the uniform strategy set,
the strategically stable solutions guaranteed by the
USI algorithm happen to be optimal in every possible
solution ordering while the 1-stable solutions guar-
anteed by the SSI (or SPU) algorithm happen to be
optimal in two solution orderings.

Figure 9

Irrelevant, Requisite Value, Requisite Observation, and
Requisite Distinction Sets in Requisite Influence Diagrams
for Example 1

(a)

West
decision

v T
Dock
decision

East
decision

(d)

v

West
price decision

v
Dock
decision Profit
1

East East

price decision

©

West
decision

v
Dock
decision

v
East
decision

8. Conclusions

We have shown how to represent and evaluate the
team decision situation with an influence diagram.
The solution concept of k-stability and the corre-
sponding solution method of strategy improvement
allow us to properly evaluate the team decision
situation having incomplete sharing of information.
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Table 1 Results of SSI (SPU) and USI Algorithms on
Example 1
Ordering SSI (SPU) usl
DD.—W.D.—E.D. 10.8 11.3
D.D.— ED.—W.D. 10.8 1.3
W.D.— D.D.— E.D. 10.8 11.3
W.D.—ED.— D.D. 10.8 11.3
ED.—D.D.— W.D. 1.3 11.3
ED.—-W.D.— D.D. 1.3 11.3

The notions of strategic irrelevance and requisite
influence diagram, resulting from exploiting and sim-
plifying the graphical structure of the influence dia-
gram, allow the use of all available information to
improve the decision quality. These in turn enable
us to find the joint strategy that is maximally stable
over the largest sets of decisions possible with the USI
algorithm.

The proofs of Theorem 2 and Corollary 2 imply
that no reevaluation is needed for a decision if the
remaining evaluations are on the set of the decisions
to which it is strategically irrelevant. This insight
suggests that some solution orderings can be more
efficient than others, although the USI algorithm is
applicable to any solution ordering. Koller and Milch
(2001, 2003) suggest a partial solution ordering based
on the notion of a relevance graph, which allows the
BI algorithm to be performed over a subset of deci-
sions instead of a single decision. Detwarasiti (2005)
further applies this insight to organize a collection
of the enumeration sets such that the SI algorithm
always converges to the optimal strategy set, and also
proposes an improved solution ordering for the USI
algorithm that includes an efficient ordering within
the subset of decisions not addressed by the relevance
graph.

Because most efficient evaluation techniques for an
influence diagram convert the diagram into an auxil-
iary graphical structure called a junction tree (Jensen
et al. 1994, Lauritzen and Nilsson 2001), the refine-
ment of the USI algorithm should not only improve
its efficiency, but also address its applicability within
the junction-tree propagation techniques (Detwarasiti
2005).

The information structure that supports the highest
decision quality is the one represented by an influence

diagram having complete sharing of information. This
opens the possibility of quantifying the value of an
information structure through the decision quality
supported by it. Additional exploitation of the graph-
ical structure of the influence diagram can determine
whether an information structure represents sufficient
sharing of information, one that yields the decision
quality equivalent to that representing complete shar-
ing of information but with reduced assessment and
computational effort (Detwarasiti 2005).
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Appendix
Proor oF LEmma 2. We can expand 7 (X)), defined in
Lemma 1 as

i (xfa(d))
= Z @Z*d(xfa(Y))%Z(xpa(V))

Xfa(Z)—fa(d)

> Pd Xy {UN Cpavnvy) + Uz-n (Xpaqr—ny)}-

Xfa(2)—fa(d)

We can premarginalize the second summation over fa(Z) —
{pa(V —N)Ufa(d)} as

T (xfa(d))
= Z @Z*d(xfa()())ouN(xpa(NﬁV))
Xfa(Z)—fa(d)
+ > > Pzud Xar) Uz—n Xpaqv—ny)

Xpa(V—N)—fa(d) *fa(Z)—(pa(V—N)Ufa(d)}

=Txuw) + 2

Xpa(V—N)—fa(d)

Psd (xpa(V—N)Ufa(d))%Z—N(xpa(V—N))'
(A1)

Equation (A1) follows from substituting the first summation
with 7 (Xgq))- In the case that P, (X0 —n) | X)) can be
determined, we can rewrite the summation as

2 (xfa(d))
=T (@) + D

*pa(V—N)—fa(d)
: OMZ—N(xpa(VfN)) (A2)

=15 (Xta(a)) + Pzsa (Xta(a))
Z @Z*d(xpa(v—l\/) |xpa(d))OuZ—N (xpa(VfN)) (A3)

Xpa(V—N)—fa(d)

= %(xfa(d)) + @z*d(xfa(d))%l (xfa(d))' (A4)

Psd (xfa(d))@zm (xpa(VfN) | xfa(d))
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Note that we can replace &, ;(Xpa—n) | X)) in Equa-
tion (A2) with P74 (Xpav-n) | Xpa()) in Equation (A3) because
pa(V — N) Ld|pa(d) by Definitions 3 and 6. Equation (A4)
follows from the fact that we can always substitute the
result of marginalization with some appropriate function
H1(Xga())- The next step is to replace F; (Xpy(4)) with Hy (Xpa(a))
because Equations (A2) and (A3) imply that ; (x}, Xpa) =
T (X}, Xpaqay), Xy, Xy € X, Finally, we can factor |X,47! out of
P21 (Xga(a)) aS

T (Xaga)) = Vo (Xa(a)) + |Xd|71‘O]>Z*d(xpa(d))%l(xpa(d))'

The result follows because for each X, € Xpa@), 72(¥fa(a))
is simply a linear transformation of 7 (xXgy(a))-
Proor or LEmmA 3. We can define

%(xfa(d))= Z gj}Z*d(xfa(Y))cdrqv(d)(xpa(rqv(d)))

Xfa(2)—fa(d)

according to Lemma 2 without loss of generality. This al-
lows us to premarginalize it over fa(Z) — {pa(rqv(d)) Ufa(d)}
as

Olfz(xfa(d))

= X 2

pa(rqy(d)) ~fa(d) Xfa(Z)~(pa(rq(d))Ufa(d))

Prd (xfa(Y))(urqv(d) (xpa(rqv(d)))

Z P (xpa(rqv(d))ufa(d) )curqv(d) (xpa(rqv(d))) .
Ypa(rqv(d))—fa(d)

In the case that g’z*d(xpa.(rqv(d)) | Xta(a)) can be determined, we
can rewrite the summation as

OVZ(xfa(d))

= X

Xpa(rqv(d))—fa(d)

=P2.4(Xn@) 2
¥pa(rqv(d))—fa(d)

Pid (xfa(d) )7 (xpa(rqv(d)) | xfa(d))cdrqv(d) (xpa(rqv(d)))

@zm(xpa(rqv(d)) | xl\l)cdrqv(d) (xpa(rqv(d)))'
(A5)

Equation (A5) follows from the fact that fa(d) L pa(rqv(d)) |
N by Definitions 3 and 5. As in Lemma 2, we can factor
|X47" out of 9,4 (Xg(a)), and substitute the summation with
V3(Xea(a)) as

%(xfa(d)) = |Xd|71‘@2*d(xpa(d))olf3(xfa(d))'

The result follows because for each X, € Xpa@), 73(¥fa(a))
is simply a linear transformation of 7;(x,4). The impli-
cation is in one direction because Pz, ;(Xparqv(y | ¥n) and
V3(Xga(q)) might be determinable when %,,(x¢,4) = 0, and
thus %(xfa(d)) =0. O

ProoOF oF LEMMA 4. Denote by N =Z — N, a set of nodes
that are not in N;. Lemma 3 implies that we can define

OVZ(xfa(d))

Z @Z*d(xfa(y))%rqv(d)(xpa(rqv(d)))
Xfa(Z)—fa(d)

Xl ™' P (Xpaq))

Z L@Z*d(xpa(rqv(d)) | xN)Oquv(d) (xpa(rqv(d)))
*pa(rqv(d))—fa(d)

=X, |71‘O}Z*d(xpa(d))% (Xta@) (A6)

and

OVZ/(xfa(d))

= Z @Z*(N{Ud](xfa(Y))ourqv(d)(xpa(rqv(d)))
Xfa(Z)—fa(d)

1
=1Xal™ Pzenoay (Xpacay)

Z @Z*{Nl’ud} (xpa(rqv(d)) | xN)Ourqv(d) (xpa(rqv(d)))
*pa(rqu(d))—fa(d)

= |Xd|_192*{N{ud} (Xpa(@) 73 (Xga(a))- (A7)

Definition 4 implies that

@Z*d (xpa(rqv(d)) | xN) = @Z*[N{ud] (xpa(rqv(d)) | xN)

because they are both invariant to Sninp and Pnyou- We thus
have V3(xg ) = V5 (Xgaa)), Which 1mp11es that Vo (Xa(a) =
%z(xpa(d))% (xfa(d ) %2(xpa(d)) =Pz (xpa(d))/ Py N’Ud](xpa(d))
Because QPZ*[N Ud}(xpa(d ) =0 implies Qz*d(x d)) = 0 we have
that %Z(xpa(d)) = 0 whenever QJZ*d(xpa(d)) = 0. This allows
us to expand 7;(xg() in BEquation (A6) with respect to
V5 (Xga()) in Equation (A7) as

O[/Z(xfa(d)) :‘C]{Z(xpa(d)) Z @Z*(Nl’ud](xfa(Y))Ourqv(d)(xpa(rqv(d)))

Xfa(Z)—fa(d)

:%Z(Xpa(d)) Z @Nl*d(xfa(NlﬂY))g)Nl’*Nl’(xfa(Nl’ﬁY))

Xfa(2)—fa(d)
Uqu(d) patequ(ay)-

We can premarginalize the second probability potential over
fa(Z) —fa(N; UN,) as

%(xfa(d)) = 5752(xpa(d)) Z

Xfa(NyUNy)—fa(d)

“UngetyFpaaviay) 22

Xfa(Z)—fa(Nq UNy)

Pryxd Ctavyny))
Pryany Xravgoy))

= %Z(Jcpa(d)) Z

Xfa(NjUNy)—fa(d)

PN, sd (xfa(Nl m())

: Ourqv(d)(xpa(rqv(d)))%S(xfa(NluNz)ﬁfa(Nl’ﬂY))

=K %, (xpa(d)) Z

Xfa(NyUN,)—fa(d)

: Gurqv(d) (xpa(rqv(d))) . (A8)

Py Xagg )

Equation (A8) follows because 7{3(xfa(N1UNz)mfa(Nlrw))
by construction, a strictly positive constant over
Xia(NyUNy) fa(N] 1Y)/ which allows us to factor it out as some
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constant K. Denote by N; =N, —rqv(d) a set of nodes that
are in N,, but not rqv(d). We can rewrite the summation as

OVZ(xfa(d)) = K‘%z(xpa(d)) {%(xfa(d))_ Z g’Nl*d(xfa(Nlmy))

Xfa(NqUNy)—fa(d)

: %Nz’ (xpa(Nz’ﬁV)) }
= K- 7{2(xpa(d)){%(xfa(d)) - 3{4(xpa(d))}- (A9)

Equation (A9) follows because Ny NV € V — rqv(d), a
nonrequisite value set for d given pa(d), and Lemma 2
implies that we can substitute the summation with some
function H4(xpa())- The result follows because for each
Xpa(d) € Xpa@)r Va(Xfa@)) is simply a linear transformation
of 75(xgg). Finally, the implication is in one direction
because we might have Py, ,q(Xp@) 92*{Nfudl(xfa(d)) >0
when %z, (X)) =0.

References

Bellman, R. E. 1957. Dynamic Programming. Princeton University
Press, Princeton, NJ.

Detwarasiti, A. 2005. Team decision analysis and influence dia-
grams. Ph.D. dissertation, Department of Management Science
and Engineering, Stanford University, Stanford, CA.

Fagiuoli, E., M. Zaffalon. 1998. A note about redundancy in influ-
ence diagrams. Internat. |. Approximate Reasoning 19 351-365.

Geiger, D., T. Verma, ]. Pearl. 1990. Identifying independence in
Bayesian networks. Networks 20 507-534.

Howard, R. A. 1966a. Decision analysis: Applied decision theory.
D. B. Hertz, J. Melese, eds. Proc. 4th Internat. Conf. Oper. Res.
Wiley-Interscience, New York, 55-71.

Howard, R. A. 1966b. Information value theory. IEEE Trans. Systems
Sci. Cybernetics SSC-2 22-26.

Howard, R. A. 1984. The evolution of decision analysis.
R. A. Howard, J. E. Matheson, eds. Readings on the Principles
and Applications of Decision Analysis I. Strategic Decision Group,
Menlo Park, CA, 6-16.

Howard, R. A., J. E. Matheson. 1984/2005. Influence diagrams.
R. A. Howard, J. E. Matheson, eds. Readings on the Princi-
ples and Applications of Decision Analysis II. Strategic Decision
Group, Menlo Park, CA, 719-762. Reprinted, Decision Anal. 2(3)
127-143.

Jensen, E, E. V. Jensen, S. L. Dittmer. 1994. From influence diagrams
to junction trees. R. L. de Mantaras, D. Poole, eds. Proc. 10th
Conf. Uncertainty in Artificial Intelligence. Morgan Kaufmann,
San Francisco, CA, 367-373.

Koller, D., B. Milch. 2001. Multi-agent influence diagrams for rep-
resenting and solving games. B. Nebel, ed. Proc. 17th Inter-
nat. Joint Conf. Artificial Intelligence. Morgan Kaufmann, San
Francisco, CA, 1027-1034.

Koller, D., B. Milch. 2003. Multi-agent influence diagrams for repre-
senting and solving games. Games Econom. Behavior 45 181-221.

Kuhn, H. W. 1953. Extensive games and the problem of infor-
mation. H. W. Kuhn, A. W. Tucker, eds. Contributions to the
Theory of Games II. Princeton University Press, Princeton, NJ,
193-216.

Lauritzen, S. L., D. Nilsson. 2001. Representing and solving deci-
sion problems with limited information. Management Sci. 47
1235-1251.

Marschak, J., R. Radner. 1972. Economic Theory of Teams. Yale Uni-
versity Press, New Haven, CT.

McKelvey, R. D., A. McLennan. 1996. Computation of equilibria in
finite games. H. M. Amman, D. A. Kendrick, J. Rust, eds. Hand-
book of Computational Economics I. Elsevier Science, Amsterdam,
Netherlands, 87-142.

McKelvey, R. D., A. M. McLennan, T. L. Turocy. 2004. GAMBIT: Soft-
ware Tools for Game Theory. http://econweb.tamu.edu/gambit.

Nash, J. F. 1951. Non-cooperative games. Ann. Math. 54 286-295.

Nielsen, T. D. 2001. Decomposition of influence diagrams.
S. Benferhat, P. Besnard, eds. Proc. 6th Eur. Conf. Symbolic and
Quantitative Approaches to Reasoning with Uncertainty. Springer-
Verlag, Berlin, Germany, 144-155.

Nielsen, T. D., F. V. Jensen. 1999. Well defined decision scenarios.
K. B. Laskey, H. Prade, eds. Proc. 15th Conf. Uncertainty in Artifi-
cial Intelligence. Morgan Kaufmann, San Francisco, CA, 502-511.

Nilsson, D., S. L. Lauritzen. 2000. Evaluating influence diagrams
using LIMIDs. C. Boutilier, M. Goldszmidt, eds. Proc. 16th
Conf. Uncertainty in Artificial Intelligence. Morgan Kaufmann,
San Francisco, CA, 436-445.

Olmsted, S. M. 1983. On representing and solving decision prob-
lems. Ph.D. dissertation, Department of Engineering-Economic
Systems, Stanford University, Stanford, CA.

Pearl, J. 1988. Probabilistic Reasoning in Intelligent Systems: Networks
of Plausible Inference. Morgan Kaufmann, San Mateo, CA.

Raiffa, H. 1968. Decision Analysis: Introductory Lectures on Choices
Under Uncertainty. Addison-Wesley, Reading, MA.

Shachter, R. D. 1986. Evaluating influence diagrams. Oper. Res. 34
871-882.

Shachter, R. D. 1988. Probabilistic inference and influence diagrams.
Oper. Res. 36 589-604.

Shachter, R. D. 1998. Bayes-Ball: The rational pastime. G. F. Cooper,
S. Moral, eds. Proc. 14th Conf. Uncertainty in Artificial Intelli-
gence. Morgan Kaufmann, San Francisco, CA, 480-487.

Shachter, R. D. 1999. Efficient value of information computation.
K. B. Laskey, H. Prade, eds. Proc. 15th Conf. Uncertainty in
Artificial Intelligence. Morgan Kaufmann, San Francisco, CA,
594-601.

Shachter, R. D., M. A. Peot. 1992. Decision making using
probabilistic inference methods. D. Dubois, M. P. Wellman,
B. D’Ambrosio, P. Smets, eds. Proc. 8th Conf. Uncertainty in Arti-
ficial Intelligence. Morgan Kaufmann, San Mateo, CA, 276-283.

Shenoy, P. P. 1992. Valuation-based systems for Bayesian decision
analysis. Oper. Res. 40 463-484.

Tatman, J. A., R. D. Shachter. 1990. Dynamic programming and
influence diagrams. IEEE Trans. Systems, Man, Cybernetics 20
365-379.

von Neumann, J., O. Morgenstern. 1947. Theory of Games and Eco-
nomic Behavior. Princeton University Press, Princeton, NJ.

Zhang, N. L. 1998. Probabilistic inference in influence diagrams.
G. E Cooper, S. Moral, eds. Proc. 14th Conf. Uncertainty in
Artificial Intelligence. Morgan Kaufmann, San Francisco, CA,
514-522.

Zhang, N. L., D. Poole. 1992. Stepwise-decomposable influence dia-
grams. B. Nebel, C. Rich, W. R. Swartout, eds. Proc. 3rd Internat.
Conf. Principles Knowledge Representation and Reasoning. Morgan
Kaufmann, San Mateo, CA, 141-152.

Zhang, N. L., R. Qi, D. Poole. 1994. A computational theory of
decision networks. Internat. |. Approximate Reasoning 11 83-158.



