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Abstract 
Multiagent decision making is a typical decision problem in 
the changing world. We propose a new framework, 
including multiply sectioned influence diagrams (MSID) 
and hyper relevance graph (HRG), to represent this large 
and complex decision problem involving multiple agents. 
An MSID is an agency graphical language for representing 
decision problems in a distributed fashion while an HRG 
expresses the organizational relationships in multiagent 
systems. MSID, together with HRG, is partly adaptive to 
the changing world. Extended from basic evaluation 
algorithms in influence diagrams, three evaluation 
algorithms for solving MSID are discussed and compared. 
Based on MSID methodologies, an evolutionary decision 
model and a strategy for evaluation algorithm selection are 
proposed to address decision problems in the changing 
world. An evolutionary decision model facilitates the 
communication between domain experts and decision 
engineers while the evaluation algorithm selection method 
enriches the strategy to solve decision models. These 
promising methods aid the representing and solving of 
decision problems in the changing world, however, much 
challenging work still exists. 

Introduction   
In the real world, decision making often involves multiple 
agents in a complex, uncertain and dynamic environment. 
This is often referred to as a multiagent decision problem. 
In practice, the unpredictable environment, the large 
number of variables, and the agency features make it hard 
to solve the multiagent decision problem.  

 In the past two decades, lots of approaches for 
representing and solving decision problems have appeared, 
such as influence diagrams (Howard & Matheson 1984, 
Shachter 1986) dynamic influence diagrams (Tatman & 
Shachter 1990) multilevel influence diagrams (Wu & Poh 
1998), multiagent influence diagrams (Koller & Milch 
2001) unconstrained influence diagrams (Jensen& 
Vomlelova 2002) and so on. However, most of these 
methods center towards the single-agent paradigm and do 
not fully consider properties of multiple agents in practice. 
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Moreover, the growing states and actions in a decision 
scenario frustrate the existing methodologies of model 
representation and model evaluation. Hence, the issue of 
multiagent decision making challenges current research in 
the field of uncertainty in artificial intelligence. 

To address multiagent decision problems, we examined 
some novel approaches on probabilistic graphical models 
in consideration of concepts of multiple agents. In this 
paper, a new framework, including Multiply Sectioned 
Influence Diagrams (MSID) and Hyper Relevance Graph 
(HRG), is introduced to describe multiagent decision 
problems. This agency model is developed in a distributed 
fashion and is justified to be partly adaptive to the 
changing world. We also present three evaluation 
algorithms to solve MSID. They are categorized into two 
groups: one is a direct approach that includes a distributed 
reduction algorithm and multiple evaluation networks; the 
other is an indirect approach based on junction tree 
algorithms. These algorithms designed in a distributed 
fashion adopt some optimization strategies to solve the 
models effectively and efficiently. Although our proposed 
approaches are able to address multiagent decision 
problems, much challenging work is still required to shape 
these methodologies to help the building of real adaptive 
decision systems.  

This paper is organized as follows. In Section 2, we 
propose graphical multiagent decision models and study 
their adaptability. In Section 3, we discuss three evaluation 
algorithms and investigate their relevant strategies. In 
Section 4, we present some challenging work to build 
adaptive decision models based on MSID methodologies. 
It includes an evolutionary decision model and a strategy 
of evaluation algorithm selection. Finally, in Section 5, we 
conclude the paper. 

Graphical Multiagent Decision Model 
A multiagent decision problem is an agency decision 
scenario in a complex and unpredictable environment. A 
group of agents collaborate around a common goal in the 
changing world. Their actions not only are affected by 
environment states, but also are influenced by other 
agents’ behavior. The existing methods lack the ability to 



describe such a dynamic and cooperative decision problem 
with increasing dimensions. Hence, a new probabilistic 
graphical model is required. 

Multiply Sectioned Influence Diagrams  
Influence diagram (Howard & Matheson 1984, Shachter 
1986) is a basic probabilistic graphical model for 
representing single agent decision making in an uncertain 
environment. In influence diagrams, chance nodes describe 
the agent’s observations, including both the agent’s 
knowledge on its environments and the agent’s beliefs on 
its interacting entities, decision nodes represent the 
variables whose values the agent chooses and value nodes 
specify the agent’s utility function. In a multiagent 
decision making setting, multiple agents cooperate with 
each other to obtain desirable decisions while they share 
some common information. Here, it is assumed that the 
agent could release information only on its observations to 
other agents so that only chance nodes are shared among 
adjacent agents.  These common chance nodes are called 
D-Sepnodes (Xiang 2002) defined in MSBN. D-Sepnode 
is a kind of chance node all of whose parents should 
belong to the same diagram. A set of D-Sepnodes 
constitute a D-Sepset (Xiang 2002) which encodes all of 
the common observations among adjacent agents. 
Consequently, an MSID is defined as follows. 

Definition 1: A MSID I  is a set of influence diagrams 
jI  (Howard & Matheson 1984, Shachter 1986) such that 

each diagram jI  represents an agent j  and the shared 
chance nodes among adjacent diagrams kji III ,,, L  
comprise an irreducible D-Sepset  kijS L  (Xiang 2002). 

 For instance, for two agents i  and j , the MSID is 
denoted by 21 III U= . The D-Sepset between influence 
diagram iI  and influence diagram jI  is denoted 
by ijS ( ji ≠ ).  It can be seen that MSID U

j
jII =   

involves two concepts: agent-based influence diagrams jI   
that is a kind of influence diagrams and an irreducible D-
Sepset kijS L  that is also called the agent interface. 

It can be seen that an MSID represents multiagent 
decision problems in a distributed fashion. Local influence 
diagrams in MSID encode individual agent’s knowledge, 
actions and preferences.  The D-Sepsets correspond to 
overlaps of adjacent influence diagrams in MSID and they 
represent public information shared among multiple 
agents. With knowledge of D-Sepsets, agents can make 
their decisions only using local information thereby 
protecting the privacy of the agents. Furthermore, 
information in D-Sepset is just what the agents want to 
share with the others. Any redundant public information 
among them is removed to ensure a compact 
representation.  

In Figure 1, the MSID includes three local influence 
diagrams. Each of them describes an individual agent, 
denoted by A1, A2 and A3. Their public information is 
indicated in grey color nodes, like node {g} and {e} for 
agents A1 and A2, that compose D-Sepset 12I  in the 
MSID. Their privacy is protected since information like 
{a, c, D1} in A1, {i, m, D1} in A2 and {h} in A3 are 

excluded from the D-Sepsets. However, the agents are able 
to influence the shared information if agents so desired. 

 
 

 
 
Figure 1: MSID for Agent A1, A2 and A3 
 

Hyper Relevance Diagrams 
In the changing world, multiagent systems are always 
reconstructed when their aims or environment states vary. 
Any agent may enter or leave the current system at any 
time. However, all of them are still tied by updated 
organizational relationships that exist in the current setting. 
In (Zambonelli et al. 2001), five types of organizational 
relationships were discussed in multiagent systems. 
However, from the point of view of decision objective and 
information flow in multiagent systems, these relationships 
can be categorized into only two types: Communication 
and Control. To represent the information and support the 
building of MSID, the concept of Hyper Relevance Graph 
(HRG) is introduced. 

Definition 2: A Hyper Relevance Graph (HRG) Η is 
composed of three types of nodes: rectangular, triangular 
and oval nodes, and arcs between them. A rectangular 
node denotes an individual agent jA  associated with local 
influence diagram jI   in a MSID. A triangular node 
denotes the shared information C  in the D-Sepset S  that 
is required for an agent’s decision D . An oval node 
denotes the shared information C  in the D-Sepset S  that 
is not required for any agent’s decision D .   

With the elements in an HRG, two kinds of basic 
relevance graph, called Control Relevance Graph and 
Communication Relevance Graph, can be built in Figure 2. 
Each is associated with a function that implicates an 
organizational relationship in multiagent systems. 
(1) Control Relevance Graph is associated with a 
function },,{),,(Re 1 kmkkji CCDAAq L= , which 
indicates that the set of information },,{ 1 kmk CC L  
agent iA  provides is required by agent jA ’s decision 

kD . It signifies the Control relationship.  
(2) Communication Relevance Graph is associated with a 
function },,{),( 1 nji CCAAUa L=  which indicates 
that the set of information },,{ 1 nCC L  flows between 

A1
g 

e

D1 

i l

m V1

A2a

b

D1

V1

c

d

g

e

f

D1 
f

j

h

k V1 

A3



agent iA  and agent jA , but is not the requisite for any of 
their decisions. It signifies the Communication relationship 
between them. 
 
 

 
 
Figure 2: Two Basic Relevance Graphs 
 
 

 
 

Figure 3: HRG for the MSID in Figure 1 
 

In a control relevance graph, the set of information 
},,{ 1 kmk CC L  flows from agent iA  to agent jA by the 

direction of the triangular node in Figure 2(a). This 
information is required for optimal decision making in 
agent jA . It is a subset of both required observation nodes 
(Shachter 1998) and required probability nodes (Shachter 
1998) for decision kD  in influence diagram jI . Hence, it 

is said that agent iA  controls agent jA , but not vice versa. 
In a communication relevance graph, the information 

},,{ 1 nCC L  implies common beliefs from agent iA  and 

agent jA and is not required for their decision making. 
It is evident that elements of triangular and oval nodes in 

an HRG include the exact chance nodes that can be 
obtained from a well-built MSID using Decision Bayes-
Ball (Shachter 1998) and refined Decision Bayes-Ball 
algorithms (Nielsen 2001). Hence, an HRG can be driven 
and established by combining the knowledge in a MSID 
and the organizational relationships in multiagent systems. 
For example, the HRG based on the MSID in Figure 1 is 

shown in Figure 3. The HRG in Figure 3 clearly shows 
that agent A1 controls agent A2’s decision D1 with the 
information }{g  while it communicates with agent A2 
with the information }{e . Here, the information }{g that 
is agent A1’s belief on uncertain environments does not 
depend on any of agent A1’s decisions. Hence, it is agent 
A1’s judgment, not its decisions, that affects agent A2’s 
decision D1. It also shows that agent A1 controls agent 
A3’s decision D1 with the information }{ f . It is noticed 
that information }{ f  depends on agent A1’s decision D1. 
Hence, it is said that agent A1’s decision D1 exerts its 
influence on agent A3’s decision D1.  In other words, an 
HRG gives a full picture of the relationships between 
agents. For example, the HRG in Figure 3 indicates a 
hierarchical organization in which agent A1 controls the 
actions of agents A2 and A3. 

MSID and HRG 
MSID and HRG provide a new framework for representing 
multiagent decision problems. An MSID represents both 
states of uncertain environments and properties of multiple 
agents in a distributed way. Agents are modeled as local 
influence diagrams individually so that a large decision 
problem can be addressed easily. This local strategy avoids 
huge reconstructions on decision models when only a 
small part of decision scenario varies in the changing 
world. Hence, it is flexible and reusable. For example, 
when one agent intends to update its own knowledge, what 
it is only required to do is just to modify its corresponding 
local influence diagrams without damaging other 
components in the MSID. On the other hand, an HRG 
quantifies the organizational relationships in a multiagent 
system. It ensures a matched MSID for decision problems 
because a well built HRG implies organizational 
relationships in a multiagent system and is able to verify a 
correct MSID. At the same time, any update in an HRG 
will be conveyed to an MSID.  

In summary, MSID, together with HRG, is a flexible 
and reliable decision model for representing multiagent 
decision problems. In the changing world, only a minor 
reconstruction of MSID is required in response to small 
changes in the decision problem situation. In addition, an 
updated HRG is able to verify a matched MSID to ensure a 
consistent representation.  

Three Evaluation Algorithms 
Evaluating a model is to determine the optimal policy and 
the maximal expected utility for its decisions. An MSID is 
made up of several local influence diagrams associated 
with cooperative agents that have their own preferences 
although they are organized around a common goal. 
Hence, it is an organizational relationship that coordinates 
and determines a global optimal solution in MSID. For 
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example, in the disease control involving multiple nations, 
full and honest information shared among the involved 
nations can avoid huge loss due to uncontrolled spreading 
of the disease.  A global optimal solution can be achieved 
for the benefit of both individual nations and the whole 
world by matching their common goal.  However, in some 
hierarchical organizations, a global optimal policy resides 
in the top level since all entities in the bottom level are 
only subordinates in this type of organization. Hence, a 
complex relation between local and global utility value 
depends on the problem domain and is difficult to spell out 
in evaluation algorithms.  

It is more useful and practical that an evaluation 
algorithm is designed in view of consistent information 
and efficient computation because it involves the 
computation of D-Sepset connecting local influence 
diagrams in an MSID. One simple strategy is to make D-
Sepnodes take the computation simultaneously in adjacent 
influence diagrams so as to ensure that the same 
probability value of D-Sepnodes is used in the 
computation. After that, D-Sepnodes are removed from the 
probability tables with the aim of reducing the computation 
storage as a heavy storage requirement often defers the 
practical applications of many evaluation algorithms. 
Hence, in our proposed evaluation algorithms (Zeng & Poh 
2004), much effort is put into the investigation on an 
elimination order for D-Sepnodes. 

Indirect Evaluation Method 
An indirect evaluation algorithm for solving an MSID 
extends the rooted cluster tree algorithms on single agent 
based influence diagrams (Jensen et al. 1994). It involves 
two steps: (1) Transform MSID into multiple rooted cluster 
trees; (2) Solve the multiple rooted cluster trees. In the first 
step, multiple rooted cluster trees consist of a set of local 
rooted cluster trees transformed from local influence 
diagrams through the same procedures in (Jensen et al. 
1994, Shachter 1999). In multiple rooted cluster trees, 
some linkage trees are built from D-Sepsets by the same 
methods in (Xiang 2002) and connect local rooted cluster 
trees. In the second step, a global optimal solution is to be 
found in the multiple rooted cluster trees. The challenging 
work is to determine an elimination order for D-Sepnodes 
in the linkage trees. This issue is settled by taking 
advantages of the clique index in the local rooted cluster 
trees. Since the clique index in a rooted cluster tree leads to 
a sequence of nodes removal in influence diagrams, an 
elimination order is able to be obtained when all these 
sequences are considered and adjusted.  

Distributed Reduction Algorithm 
A basic method for solving an influence diagram, called 
reduction algorithm, is to remove nodes one by one, which 
results in optimal policies for its decisions. It is natural that 
this algorithm can be extended to solve an MSID. The 
extended algorithm is called distributed reduction 

algorithm. Except D-Sepnodes, nodes in local influence 
diagrams can be removed independently in the 
computation without violating a valid MSID. Hence, two 
challenging tasks should be resolved in a distributed 
reduction algorithm. One is to identify an efficient 
elimination order for D-Sepnodes in an MSID; the other is 
to determine a legal sequence for basic operations, such as 
node removal and arc reversal, so as to ensure a valid 
MSID.  

For the first task, we proposed two procedures: GSL and 
GER Howard & Matheson 1984, Shachter 1986 (Zeng & 
Poh 2004). The procedure GSL generates a local 
elimination order for all nodes in each local influence 
diagram. This procedure is based on decision windows 
(Shachter 1998) and adopts some strategies to avoid the 
operation of arc reversal. Hence, it seems effective and 
efficient. The other procedure GER generates a global 
elimination order for D-Sepnodes in the operations. This 
procedure tries to find a consistent elimination order for D-
Sepnodes in adjacent influence diagrams. It ensures 
accurate computation in the evaluation algorithms.  

For the second task, we investigate basic operations, 
such as node removal and arc reversal, in the distributed 
reduction algorithm. To ensure a valid MSID 
representation, such as DAG structure, D-Sepset and 
irreducibility of D-Sepset, a legal sequence for these basic 
operations should be established. Detailed analysis shows 
that the operation of arc reversal often causes a violation of 
constraints in MSID. Hence, a distributed reduction 
algorithm based on the potential representation of 
influence diagrams (Ndilikikesha 1994) seems feasible as 
it avoids the arc reversal operation, while it is optional in 
the reduction algorithm of (Shachter 1986).  

Multiple Evaluation Networks 
An advanced approach for solving influence diagrams is 
the evalID algorithm in decision networks (Zhang 1998). It 
solves influence diagrams by computing a set of nodes, 
called tails, one at a time. The divide and conquer strategy 
allows efficient computations in evaluation algorithms. 
Hence, it is worthwhile to extend it to solve an MSID. The 
tails and a value network (Zhang 1998) identified in a local 
influence diagram compose an evaluation network that 
implies computation directions and transmitted values 
(Zeng & Poh 2004). A computation direction indicates the 
sequence in which tails are involved in the computation. It 
generates an elimination order for D-Sepnodes enclosed in 
an evaluation network. At the same time, a transmitted 
value indicates the probability required in the computation 
of subsequent tails. These evaluation networks constitute 
multiple evaluation networks at the joint of D-Sepnodes 
(Zeng & Poh 2004). Multiple evaluation networks provide 
full information on the computation of D-Sepnodes as well 
as other nodes, which reveals computational intelligence in 
evaluation algorithms. 



In general, all three evaluation algorithms can be 
utilized to solve an MSID. However, every method has its 
own advantages. For example, the distributed reduction 
algorithms have strong ability for solving an MSID 
composed of canonical influence diagrams, while multiple 
evaluation networks are capable of solvinge a larger 
MSID. For an MSID composed of Bayesian networks and 
influence diagrams, it is wiser to adopt the indirect 
evaluation method of multiple rooted cluster trees.  

Evolutionary Decision Model 
The discussion above shows that graphical multiagent 
decision models, comprising MSID and HRG, are able to 
address a large and complex decision problem in a 
distributed fashion. This model is flexible and reusable 
when a small reconstruction is required due to the 
changing setting of decision problems. In this sense, 
MSID, together with HRG, is adaptive. However, in the 
changing world, the updated domain knowledge sweeps 
over all aspects of model construction, which disenables 
MSID as well as its evaluation algorithms.  

Challenging work for MSID 
Multiagent decision problems in the changing world often 
vary due to two aspects. One factor comes from an updated 
organization that evolves over time. For example, the 
number of involved agents or the organizational 
relationship among multiple agents varies at any time. This 
changing concerns more on a structure combination of 
local influence diagrams. With HRG, MSID is able to 
address this case. The other factor comes from the 
changing beliefs, capabilities and preferences of agents in 
an uncertain environment. It involves huge and tedious 
work to reset relevant numerical values in a reconstructed 
model. Although an MSID is designed in a distributed 
fashion, huge amounts of work, such as reconstruction of 
the local influence diagrams with D-Sepset and building of 
the HRG, are still required to be completed from scratch. 
This case deteriorates seriously in the changing world 
because the heavy work has to be repeated. Hence, more 
effort is required to relieve this task.  

Evolutionary Decision Model 
The concept of MSID and HRG is based on an agency 
approach to deal with decision problems and is 
characterized by privacy protection in D-Sepset and 
sociality in HRG. In fact, some properties of intelligent 
agents, such as autonomy, reactivity, learning and 
adaptability, are stilled beyond MSID. It is evident that an 
MSID encoding all these features will become a real 
adaptive decision model that is able to address decision 
problems in the changing world. Hence, novel 
representations deserve further investigation.  

MSID is an agency language for modeling complex 
multiagent decision problems. It is able to produce a 

precise representation for large decision problems in a 
distributed fashion. However, as influence diagrams, 
MSID is still a kind of advanced representation language 
for modeling decision problems. The gap between decision 
scenario and model representation always prohibits a good 
communication between domain experts and decision 
analysts/engineers, which defers many practical 
applications of modeling language. This deficiency 
disables the existing approaches to address decision 
problems in the changing world in which a huge and 
frequent communication is disallowed. This phenomenon 
also exists in other representation language, such as 
Bayesian network. Much progress has been achieved to 
facilitate the modeling process. For example, a general 
paradigm has been proposed to support multiple 
perspective dynamic decision making in (Leong 1998). 
Recent work on ontology facilitates the building of 
Bayesian networks in a certain domain (Helsper et al. 
2003). Similarly, these techniques could be used in 
decision models building.  

Imagine that there is a model template, it provides a 
communication channel between domain experts and 
decision engineers. Through this template, domain experts 
are able to describe the domain knowledge precisely and 
easily. Any alteration to decision scenarios will be 
conveyed to the template promptly. On the other hand, 
decision engineers could build decision models on the 
basis of the model template. The modeling process must be 
more expedient. Any changing on a model template will 
result in various decision models automatically. The one 
that best fits the problem domain is chosen. Hence, the 
model template is called as Evolutionary Decision Model 
(EDM) for representing a decision scenario that evolves 
over time. In the changing world, an evolutionary decision 
model bridges domain knowledge and graphical decision 
models. It evolves over time and customizes the final 
decision model. This procedure can be described in Figure 
3. In Figure 3, the EDM lies in the layer that links 
knowledge domain and graphical decision models.  
 

 
Figure 3: EDM and Decision Models 
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It seems that an EDM is able to aid the construction of 
decision models in the changing world. However, the issue 
of building an EDM is still unsolved. An EDM should be a 
knowledge interchange that helps the building of decision 
models from knowledge domain. Domain experts should 
be able to describe domain knowledge with EDM easily 
and precisely. Decision engineers should be able to 
transform an EDM into decision models automatically and 
promptly. Hence, it is difficult to set the criteria for the 
formulation of an EDM. This work requires cooperation of 
domain experts and decision engineers. Lots of 
experiences on building Bayesian networks on the basis of 
ontology (Helsper et al. 2003) could be adapted for use in 
this area. Specifying an MSID that represents multiagent 
decision problems, the construction and maintenance of an 
EDM could take advantage of the architecture of BDI 
agent (Rao & Georgeff 1995). Accordingly, it has to take a 
lot of effort to investigate an agency EDM. 

In the final phase of modeling procedure in Figure 3, the 
issue of model selection is also unresolved. Various 
decision models are built based on an EDM because an 
EDM only includes basic elements that are abstracted from 
the same domain knowledge. It is hard to select the model 
that best represents a knowledge domain. Judgment of 
decision models largely depends on domain experts, which 
inevitably involves much subjectivity. Till now, no 
quantitative methods for model selection have appeared in 
the literature. Hence, this gap requires much research 
work.  

Evaluation Algorithm Selection 
An MSID is a distributed decision model that includes 
several local decision models. To solve a large decision 
model, it amounts to evaluating each local decision model 
respectively. In this mode, two advantages exist: one is to 
reduce the computation cost through a distributed 
evaluation; the other is to choose the most appropriate 
evaluation algorithm for a corresponding decision model. 
The first issue concerns more on the implementation of 
evaluation algorithms with computing technology. The 
second issue is related to the matching of algorithm 
selection and decision models. For example, three 
evaluation algorithms have been proposed to solve an 
MSID. However, each algorithm has its own advantages 
for solving a certain type of decision models. Hence, a 
local decision model in an MSID can choose the 
evaluation algorithm it prefers in consideration of its 
structure. This strategy definitely speeds up an evaluation 
process. To promote the algorithm selection, two pieces of 
relevant work should be taken into account. One is to 
enrich the algorithm library. Various evaluation algorithms 
have appeared in the past two decades. A collection and 
implementation of these algorithms requires much effort. 
The other is to establish criteria or heuristics for selecting 
evaluation algorithms. Features of the existing evaluation 
algorithms should be compared so as to highlight the 

advantages of each algorithm. In general, the structure of a 
decision model determines the most appropriate evaluation 
algorithm. However, it is difficult to define a certain 
structure on which an evaluation algorithm can most exert 
its advantages. For example, it is hard to quantify the shape 
of a sparse structure or a density structure. Probably, the 
model preference of evaluation algorithms could be 
learned from various tests on model evaluation.  

Conclusion 
This paper has introduced a distributed framework 

composed of MSID and HRG to address multiagent 
decision problems. An MSID is an agency approach to 
represent decision problems in a distributed fashion while 
an HRG expresses organizational relationships in 
multiagent systems. This framework with outstanding 
features, such as flexibility and reusability, is partly 
adaptive to the changing world. Extended from basic 
evaluation algorithms for influence diagrams, three 
evaluation algorithms are studied to solve an MSID. Some 
relevant strategies in evaluation algorithms are adopted to 
ensure consistent information in the computation process. 

This relevant work on MSID has provided a foundation 
to cope with decision problems in the changing world. To 
investigate some promising methods based on our research 
work, we proposed the evolutionary decision model and 
the evaluation algorithm selection method. An 
evolutionary decision model facilitates the communication 
between domain experts and decision engineers. It will 
promote the building of decision models in the changing 
world. On the other aspect, an evaluation algorithm 
selection method enriches the strategy for solving decision 
models. It will promptly provide evaluation results to 
decision makers. Methods of evolutionary decision model 
and evaluation algorithm selection seemingly have 
potential ability to address decision problems in the 
changing world. However, much challenging work, such 
as setting the criteria for building an evolutionary decision 
model and quantifying a structure for selecting appropriate 
evaluation algorithms, expects to be resolved in the future.  
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