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CHAPTER 2 

PRELIMINARIES 

 

This chapter provides background material about Bayesian networks (BNs) 

(Pearl, 1988), Dynamic Bayesian Networks (DBNs) (Dean & Kanazawa, 1989), 

and Markov processes. The mathematical underpinnings of Continuous Time 

Bayesian Networks (CTBNs) come from continuous time Markov processes but 

the key idea of factored state representation and the form of the learning and 

inference algorithms come from the theory of Bayesian networks. In this way, 

CTBNs provide an alternative to DBNs for modeling factored state stochastic 

processes. We then introduce the BN framework, DBNs, and finally continuous 

time Markov processes. 

2.1 NOTATION 

We begin this chapter with a brief discussion of the notation we use for the 

thesis. 

• Process variables, 

• Values of variables 

• The number of instantiations 

• Sets of variables 
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• The set of instantiations to a set of variables 

• The probability distribution 

• The expectation of a function Etc. 

 

2.2 BAYESIAN NETWORKS 

2.2.1 REPRESENTATION 

The key insight behind the Bayesian Network representation is the 

importance of conditional independence. These concepts are well defined using 

following definition, 

 Two random variables B1 and B2 are independent iff           

P(B1,B2) = P(B1)P(B2) 

 Two random variables B1 and B2 are conditionally independent 

given a set of random variables C iff  P(B1 | C,B2) = P(B1 | C) . 

 A Bayesian network, B, over a set of random variables B is a 

compact representation of a joint probability distribution. Etc. 

2.2.2 LEARNING 

The data D we need to learn a BN is a set of instantiations of its variables. 

As a member of the exponential family of probabilistic models, the relevant part 

of the data for learning can be summarized by aggregating sufficient statistics. 
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The sufficient statistics for a Bayesian network B are counts of the co-occurrence 

of a particular value for a variable under different possible instantiations of its 

parents. 

2.2.2 INFERENCE 

Theoretically, since a Bayesian Network defines a full joint distribution 

over its variables, we can answer any probabilistic query by forming the joint 

distribution and then marginalizing out any variables as appropriate. 

Unfortunately, in most cases this is impractical because the size of the full joint 

distribution is exponential in the number of variables and once we have more than 

a few variables we cannot form the joint distribution. Message passing algorithms 

work by creating a secondary structure called a cluster graph. In cluster graph 

algorithms, we construct a graph whose nodes correspond to clusters of variables, 

and pass messages between these clusters to produce an alternative 

parameterization, in which the marginal distribution of the variables in each 

cluster can be read directly from the cluster.  

 

2.2.3 DYNAMIC BAYESIAN NETWORKS 

The Dynamic Bayesian Network (DBN) framework (Dean & Kanazawa, 

1989) is a method for modeling discrete time, or time-sliced, stochastic processes. 

Essentially, it provides a way to define a regular Bayesian Network over a 
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countably infinite collection of time indexed random variables. We have a set of a 

random variables D which are used to describe the state of the system at a single 

time-slice. The entire collection of random variables in the underlying Bayesian 

network are all variables in the set {D0, D1, D2, ...} and explain with the term 

very well using definition and with explanation. 

 

2.3 CONTINUOUS TIME MARKOV PROCESSES 

We begin the discussion of continuous time with finite state, continuous 

time Markov processes. Such a process is generally defined by an initial 

distribution and a matrix of transition intensities where the (i, j) entry gives the 

intensity of transitioning from state i to state j and the entries along the main 

diagonal make each row sum to zero. As will be seen later, the CTBN framework 

will be based on homogeneous Markov processes — in which the transition 

intensities do not depend on time. 

We can think of a continuous time random process X as a collection of 

random variables indexed by time t є [0,∞). It is often more convenient to view X 

across all values of t as a single process variable or PV. The instantiation of a 

particular set of values for X(t) for all t is called a trajectory. An entire concept is 

explained with some definitions and example. 
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2.3.1 PURE INTENSITY AND MIXED INTENSITY PARAMETERIZATIONS 

 

When the transition model is defined solely in terms of an intensity matrix 

(as above), we refer to it as using a pure intensity parameterization. The 

parameters for an N state process are {qi, qij є QX : 1 ≤ i, j ≤ N, i 6= j}. 

This is not the only way to parameterize a Markov process. Note that the 

distribution over transitions of X factors into two pieces: an exponential 

distribution over when the next transition will occur and a multinomial 

distribution over where the state transitions — the next state of the system. 

 

2.3.2 REASONING WITH MARKOV PROCESSES 

If we have an intensity matrix, QX, for a homogeneous Markov process 

X(t) and an initial distribution over the value of X at time 0, P0X , there are many 

questions about the process which we can answer.  

Given an entrance distribution P0S into S, we can calculate the distribution 

over the amount of time that we remain within the subsystem. This distribution 

function is called a phase distribution. 


