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CHAPTER 7 

LEARNING WITH INCOMPLETE DATA 

As we have seen, there are stringent requirements for having a complete 

data set for a CTBN. We must know the value of every variable continuously 

through time. There are many applications in which we do not have so much 

information. So, we would like to be able to handle situations where we have 

incomplete data. As we will see later (in Chapter 9), being able to learn from 

incomplete data will enable us to learn richer models even in situations where we 

have complete data.  

In BNs, the standard algorithms for dealing with incomplete data are 

expectation maximization (EM) for learning parameters and structural expectation 

maximization (SEM) for learning structures. In this chapter, we show how to 

extend these algorithms to CTBNs. And discuss the following points 
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7.1 CTBNS 

We can now extend the EM algorithm to continuous time Bayesian 

networks which are a factored representation for homogeneous Markov processes. 

 

7.1.1 EXPECTED LOG-LIKELIHOOD 

Extending the EM algorithm to CTBNs involves making it sensitive to a 

factored state space. Our incomplete data, D, are now partially observed 

trajectories describing the behavior of a dynamic system factored into a set of 

state variables X. 

 

7.1.2 EM FOR CTBNS 

The EM algorithm for CTBNs is essentially the same as for homogeneous 

Markov processes. We need only specify how evidence in the CTBN induces 

evidence on the induced Markov process, and how expected sufficient statistics in 

the Markov process give us the necessary sufficient statistics for the CTBN. A 

CTBN is a homogeneous Markov process over the joint state space of its 

constituent variables. The expectation step of EM can, in principle, be done by 

flattening the CTBN into a single homogeneous Markov process with a state space 

exponential in the number of variables and following the method described above. 

For each segment [ti, ti+1) of continuous fixed evidence, we construct a cluster 
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graph data structure, whose nodes correspond to clusters of variables Ck, each 

encoding a distribution over the trajectories of the variables Ck for the duration [ti, 

ti+1). A message-passing process calibrates the clusters. We can then extract from 

the cluster Ck both beliefs about the momentary state of the variables Ck at time ti 

and ti+1, as well as a distribution over the trajectories of Ck during the interval. 

The cluster distributions are represented as local intensity matrices, from which 

we can compute the expected sufficient statistics over families, 

 

7.1.3 STRUCTURAL EM FOR CTBNS 

Inference Step: Run an inference algorithm to compute the expected sufficient 

statistics.  

Parameter Update Step: Update the parameters as in Eq. (7.4) according to the 

currently computed expected sufficient statistics.  

 

7.2 RESULTS 

We used exact inference by constructing the flattened state space. We 

sampled increasing numbers of trajectories of 5 time lengths. As noted, removing 

the restriction on acyclicity allows CTBN structure search to decompose.  


