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CHAPTER 3 

REPRESENTATION AND SEMANTICS 

 

The key step in bringing the representational power of the factored state 

Bayesian network to Markov process modeling is the definition of the local 

probability model. We will need a way for the dynamics of a local Markov 

process to depend on some limited set of other variables — not on the state of the 

entire system. 

This chapter starts by showing how to define these local probability models 

and how to compose them to create a continuous time Bayesian network. We then 

describe how to understand the CTBN as a single global process defined by the set 

of local models. We show that the global process is itself a homogeneous Markov 

process. 

We examine the conditional indecencies encoded by a CTBN and clarify 

the class of homogeneous Markov processes representable as CTBNs. We then 

show that, for any representable process, there is a unique minimal structure to 

encode it. 
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3.1 CONTINUOUS TIME BAYESIAN NETWORKS 

3.1.1 CONDITIONAL MARKOV PROCESSES 

In order to compose Markov processes in a larger network, we need to 

introduce the notion of a conditional Markov process. This is a type of 

inhomogeneous Markov process where the intensities vary with time, but not as a 

direct function of time. Entire concept is explained in detail with some examples. 

 

3.1.2 CTBN MODEL 

Conditional intensity matrices provide a way of modeling the local 

dependence of one variable on a set of others. By putting these local models 

together, we can define a single joint structured model. As is the case with 

dynamic Bayesian networks, there are two central components to define: the 

initial distribution and the dynamics with which the system evolves through time. 

Entire concept is explained in detail with some examples. 
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Figure 3.1: Drug effect Network 

 

3.2 GENERATIVE SEMANTICS 

In order to define the semantics of a CTBN, we must show how to view the 

entire system as a single process. 

It is important to note that we make a fundamental assumption in the 

construction of the CTBN model: two variables cannot transition at the same time. 

This can be viewed as a formalization of the view that variables must represent 

distinct aspects of the world. We should not, therefore, model a domain in which 

we have two variables that functionally and deterministically change 

simultaneously. For example, in the drug effect network, we should not add a 
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variable describing the type of food, if any, a person is eating. We could, however, 

change the value space of the eating variable from a binary yes/no to a more 

descriptive set of possibilities. In this section, we define the semantics of CTBNs 

by specifying a generative process, a procedure that takes the initial distribution 

and the description of each local variable and randomly samples a trajectory for 

the system. 

 

3.3 AMALGAMATION SEMANTICS 

An alternative method is to construct a single, homogeneous Markov 

process which describes the behavior of the CTBN. To do this, we introduce an 

operation called amalgamation on CIMs. This operation combines two CIMs to 

produce a single, larger CIM. The new CIM contains the intensities for the 

variables in S conditioned on those of C. As noted above, a basic assumption is 

that, as time is continuous, variables cannot transition at the same instant. Thus, 

all intensities corresponding to two simultaneous changes are zero.  

 

3.3.1 VARIABLE ORDERINGS 

As noted above, when discussing matrices over multiple variables, we need 

a mapping between row or column numbers and instantiations of the variables. 
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This mapping is provided by a variable ordering. Entire concept is explained in 

detail with some definitions and example. 

 

3.3.2 CIM EXPANSION 

As noted above, before we can combine CIMs by amalgamation, we need a 

way to write them as single matrices over the same set of variables. A CIM QS|C 

over variables S  X conditioned on C  X defines the dynamics of S given C. 

Entire concept is explained in detail with some definitions, example and Theorem. 

 

3.3.4 JOINT INTENSITY MATRIX 

We can use the amalgamation operation to define a single homogeneous 

Markov process that defines the dynamics of the entire system and concluded with 

some definition and Theorem. 

 

3.3.5 EQUIVALENCE TO GENERATIVE SEMANTICS 

In this section, we have shown that the two approaches we have defined for 

the semantics of a CTBN coincide with the help of theorem 
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3.4 CONDITIONAL INDEPENDENCE 

As in a Bayesian network, the graph structure of a CTBN can be viewed in 

two different yet closely related ways. The first is as a data structure with which 

we can associate parameters to define a joint distribution. The second is as a 

qualitative description of the independence properties of the distribution. 

Definition for independence between Markov processes implies that 

independencies specified by the CTBN graph are between distributions over entire 

trajectories of its variables. For example, in our drug effect network, the joint pain 

is independent of taking the drug given the moment by moment concentration of 

the drug in the bloodstream. 

 

3.5 REPRESENTATIONAL ABILITY  

We begin by considering the scope of the CTBN representation: Which 

underlying distributions can we represent using a CTBN? Recall that two Markov 

processes are stochastically equivalent if they have the same state space and 

transition probabilities. Note that we need the initial distribution for a complete 

description of the process, but we are here interested in the distribution over the 

evolution of the process as governed by the intensity matrix. 


