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Abstract

In this paper we show how influence diagrams (IDs) can be combined for modeling a multi-
agent environment. Influence diagrams are a compact representation of a joint probability dis-
tribution where actions and utilities are explicitly modeled.

Combining different IDs which represent individual agents into a global coherent network
representing the entire multi-agent system is a difficult problem. For this purpose we introduce
two approaches and compare them.

1 Introduction

In this paper we address the problem of modeling the environment and other agents in
multi-agent systems (MAS). Existing formalisms such as the Markov game model [1, 2]
suffer from combinatorial explosion, since they learn values for combinations of actions of
all the agents. We suggest to use influence diagrams [3] (also known as decision networks)
to avoid this problem of tractability.

We will discuss the problem of modeling the environment and other agents acting in the
environment in the context of Markov Games [1, 2]. The Markov game model is defined
by a set of states S, and a collection of action sets Aq, ..., A, (one set for every agent).
The state transition function S x A; x ... x A, — P(S) maps a state and an action from
every agent to a probability on S. Each agent has an associated reward function R; :

Sx A X ..xA —-R (1)

where S x A; X ... x A, constitutes a product space. The reward function for an agent A;
calculates a value which indicates how desired the state S and the actions of the agents
Ay, ..., A, are for agent A;.

This model can become intractable, because in Markov games each agent learns values
for combinations of actions (Ay,..., A,) of all the agents in the environment, as opposed
to only learning values for its own actions. This means that learning is done in a product
space and when the number of agents increases this becomes prohibitively large.

Nowe and Verbeeck [4] avoid this problem by forcing an agent to model only the agents
that are relevant to him. A similar approach is adopted in [5].

In this paper we will investigate the possibilities of a technique, more precisely influ-
ence diagrams, for modeling the reward function in a more efficient way to solve the
combinatorial explosion mentioned above.
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2 Modeling the multi-agent environment

In this section we introduce our solution to the problem of combinatorial explosion of the
product space.

2.1 Influence diagrams modeling an agent

It is our idea to use influence diagrams (IDs) for modeling the other agents acting in
the environment. An influence diagram [3] is a graphical knowledge representation of a
decision problem. It may be viewed as an extension to a Bayesian network [6][3], with
additional node types for decisions and utilities. IDs have three types of nodes: random
nodes, decision nodes and utility nodes. Just as in Bayesian networks, random nodes are
associated with random variables, which represent the agent’s possibly uncertain beliefs
about the world. A decision node holds the choice of actions an agent has, thus represents
the agent’s capabilities. A utility node represents the agent’s preferences. The links
between the nodes summarize their dependence relationships.

We propose to use such influence diagrams for each agent to model the other agents
in the domain. The resulting model will describe how the different agents influence each
other and how they influence the reward the agent receives. An influence diagram is a
factorization of the joint probability distribution in the following way:

P(vary,...,var,) = [] P(variparents(var;))

i=1...n

where parents(var;) denotes the nodes in the graph that are connected with var; through
an edge ending in var;. So when ID’s are used to model a multi-agent environment, the
independencies in the domain can be exploited to make the product space (see equation
1) more tractable.

Now we shall clarify these ideas with an example. Consider three agents : Ay, Ay and
As. They act in the same environment, more precisely a market situation where they can
buy five kinds of goods. The goods are : rice, milk, potatoes, coffee and tomatoes. The
price of each good is governed by the laws of supply and demand, and also by an environ-
mental variable in flation, which determines the value of money in the environment. Each
agent is interested in buying particular goods. Agent A; is only interested in rice, milk
and potatoes, agent A, is interested in coffee and tomatoes and agent Aj is interested in
milk and coffee. Each agent will be represented by a combination of influence diagrams
as a model of equation 1. Each influence diagram represents one specific agent.

In this example the state S of the environment consists of the states of the three agents,
the prices of the goods and the inflation. We make the following distinction concerning
the factors that constitute the possible states (S in the product space) of the environment

e Local factors, those factors relevant to a limited subset of agents. As an example
these are an agent’s funds and his stock of goods. They will be included in the ID
representing the agent.
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e Global factors, those factors that are of concern for all agents. In the example
these are inflation and the prices of the goods. They will be included in a separate
network.

To understand how an agent’s state can be represented by his local factors using an
influence diagram, we will examine agent As in more detail. Ajs is interested in milk
and coffee, thus in the influence diagram there will be random variables cof fee and milk,
representing the amounts of coffee and milk the agent has in stock. Since these goods have
to be bought, there will also be a random variable funds, which represents the amount of
money the agent possesses. The decision node for As in this simple example will consist
of {buy_milk,buy_cof fee,other}!' and the utility node will consist of a function which
returns a value depending on the amount of money, milk and coffee A3 has.

In Figure 1 we depicted an influence diagram representation for agent A3 of the example
described above.

Sglobal _ —— 7T T T —_

_ ~

- ~
N

7 N

/ \
[ \
i |
\ |
/
N o //,‘ﬁz

——— ~ N
- ~~ N -
- ~
Al P ~ ~o 7 7 N
- ~ - 7 \
P - ,

<

e buy rice, milk \ J/ buy coffee or \
/ or potatoes, ° / tomatoes, N\
other / other \

~ \
buy milkor | . fund
coffee, W\

other

milk coffee//
/
L A3
~N //

Figure 1: A detailed influence diagram model for agent Az. For the sake of clarity the
prices of the goods are depicted as one single variable, instead of one variable for each
good. IDs have three types of nodes: random nodes (circle), decision nodes (rectangle)
and utility nodes (diamonds).

As we can see in the picture, agent As’s model of the reward function becomes a
network of different influence diagrams (one for each agent in the environment), some
global environmental variables and a reward variable.

The links between agents A; and A3 and between agents As and Aj state that they
have a direct influence on each other. This is because they have a common interest.

1Since a decision node must be exhaustive, the other action specifies all unknown or unlikely actions
of agent Az that are not explicitly represented.
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Remark that there is no link between A; and As, because these agents do not share
interests. Further there are links from Sy, to each agent, meaning that each agent has
a direct notion of the state of the variables specified in the global environment. Because
the actual reward is also directly influenced by the state of the environment, there is a
direct connection between the environment node Sy, and the reward node.

2.2 Combining IDs to model the multi-agent environment

Above we mentioned that a link between two agents signifies direct influence upon each
other. In our approach individual agents will be represented by IDs. A major difficulty is
to develop a technique that propagates the changes in an ID to all his neighboring IDs,
which are the representations of the agents that are directly influenced by him.

In this subsection we introduce two approaches to combine the IDs representing the
different agents into a coherent network. This means that influences should be propagated
in a way that reflects the real effects that the agents have on each other.

The first approach is to combine the individual influence diagrams into a global coherent
network. This means that we have to find which parts of the IDs have a direct influence
on each other and should be connected?. The disadvantage of this approach is that it
can be difficult to know precisely which variables influence each other and should thus be
connected with an edge.

The second approach is based on junction trees[7][8], this is a simplified representation
of the original network, often used to allow inference in multiply connected networks. A
junction tree is a Bayesian network representing the same joint probability distribution
as the original network, but where nodes are clustered into larger nodes to remove cycles
from the network 3. In figure 2 we see the ID representing agent A; and his transformation
to a junction tree.

O

@) (b)

Figure 2: (a) A typical influence diagram. (b) The junction tree of the ID on the left.

The second approach consists of transforming each individual network into a junction
tree, and then combining these simplified trees into a global network where inference can
be done in an efficient way. It is our opinion that first transforming the IDs into junction

2For example when combining the IDs of A; and As of figure 1, the decision node of A; will be
connected with the milk node of A3 and vice versa.

3Such a representation of the network is constructed by applying moralization and triangulation to
the graph. The nodes of the junction tree correspond to cliques — maximal complete subgraphs — of the
triangulated graph [7].
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trees will facilitate the connection process. Intuitively this can be seen in figure 2, where
the junction tree of the influence diagram representing agent A; in Figure 1 is depicted.
It is obvious that the junction tree is much simpler than the original influence diagram
and it might be easier to connect them. A possible way to do this is by connecting all
leaf nodes of one network with all root nodes of the other network.

It is our intention to experiment with these two approaches and make a general com-
parison concerning the quality, complexity, efficiency and scalability of the results.

3 Conclusion

In this paper we proposed to use influence diagrams for modeling other agents to solve
the combinatorial explosion associated with the product space. The advantages of IDs
for modeling agents are:

1. Concise representation of the relations between the agents to avoid combinatorial
explosion.

2. In contrast to the product space approach, information concerning the actions of
only a subset of the other agents is enough to calculate a reward.

3. Actions and utilities of other agents are explicitly modeled.

Our first concern is to see whether a multi-agent system using influence diagrams for
modeling other agents in the environment yields good results. It is our conviction that
IDs can contribute a great deal to multi-agent systems, because IDs are a concise repre-
sentation of the product space. If this is the case, the next step is to investigate whether
these representations can be learned from observing the environment and the behavior of
other agents in an acceptable time.
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