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CHAPTER 6 

CTBNs vs. DBNs 

Now that we have defined the basic representation and delved into some 

basic questions of learning CTBNs from data, a natural question is: how do 

CTBNs compare to the established DBN framework? 

As we will see, there is an even more basic question to address first — 

namely, how can we compare them. We begin with a discussion of differences 

between CTBNs and DBNs, explain why they are difficult to compare, and then 

provide some experiments comparing them. 

 

6.1 COMPARISON OF THE FRAMEWORKS 

To compare the CTBN and DBN frameworks, suppose we start with a non-

trivial CTBN — that is, one with at least one arc in the graph. For any finite 

amount of time, probabilistic influence can flow between any variables connected 

by a path in the CTBN graph. Thus, if we want to construct an “equivalent” DBN, 

the 2-TBN must be fully connected regardless of the Δt we choose for each time 

slice. We can construct a DBN that approximates the CTBN by picking a subset 

of the connections — e.g., those which have the strongest influence. 

Once we have an approximate DBN, we still have the standard problem of 

exponential blowup in performing inference over time (Boyen & Koller, 1998). 
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So we would be led to perform approximate DBN inference in an approximate 

DBN. While this could form the basis of an approximation algorithm for CTBNs, 

we chose to work directly with continuous time, making a direct approximation.  

It is also interesting to consider the mapping from a DBN to an 

“equivalent” CTBN. If we start with a DBN defined by a 2-TBN and try to 

construct a CTBN, we have two sorts of arcs to consider. Intra-time-slice arcs in 

the DBN have a temporally immediate effect. In some sense, this is faster than any 

arc in a CTBN, but we could attempt to model it with a high-intensity arc. On the 

other hand, inter-time-slice arcs are more complex. These have an influence that 

jumps over a time interval of length Δt with no clear description of what happens 

during the interval. Such arcs can describe any arbitrary probabilistic relationship 

between the state at time t and the state at time t+t.  Potentially, that can include 

probabilistic relationships that could not have arisen through a continuously 

Markovian process such as a CTBN. The Markov assumption for DBNs holds 

only at the level of the granularity of the model — it has the capability of 

modeling non-Markovian behavior between time-slices.  

There is another way of looking at this same issue. Consider the data that is 

used to learn DBNs. The core datum is the observed state. Complete data for a 

DBN is a sequence of state observations. This means that when we learn a DBN, 

we are learning a probabilistic model that accounts for a series of snapshots of 

system.  
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Now, compare the data that is used to learn a CTBN. The core datum is the 

observed transition. Complete data for a CTBN is a sequence of transitions. This 

means that when we learn a CTBN, we are learning a model of the way the system 

transitions from state to state. This is a direct probabilistic model of the structure 

of the process. 

A DBN can be interpreted as a model of a process, but it is, more naturally, 

a model of an observation sequence. It should not, then, be surprising to find that 

the learned model can be quite sensitive to the granularity that is chosen. When 

one learns an arc from data in a DBN, there is a question of whether that arc is a 

feature of the process or a product of the granularity of the observation sequence. 

By contrast, a CTBN is a natural model of the process. Because the nature 

of the CTBN and DBN models are so different, it is challenging to evaluate their 
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Figure 6.1: Log-likelihoods of test data for learned CTBN model and DBN models with 

differing time granularity. The networks were learned from varying amounts of data 

generated from the drug effect network. Each trajectory corresponds to 6 units of time, 

and about 18 transitions.  

 

The thin line shows the likelihood for the true network relative 

performance. We can interpret the DBN as a process model — but to do so and 

compare to the CTBN process model, we must add some framework to the DBN 

to make explicit what happens between time slices. This has the side effect of 

making the DBN more expressive than a CTBN in its ability to model non-

Markovian processes. It also has more free parameters because of the possible 

intra-time-slice arcs. For example, if there are 2 binary variables, a fully-

connected DBN has 12 free parameters and a fully-connected CTBN has only 8. 

Thus, the DBN can represent certain transition models that do not arise from a 

purely Markovian continuous-time process.  

Alternatively, we can use a CTBN to model a sequence of state 

observations. But this does not make use of a CTBN to its full potential, because it 

explicitly ignores the direct process model. In the first set of results below, we 

interpret the DBN as a process model. We also use comparison of parameter 

counts as a way of gaining insight into the relative complexity of learned models 
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Figure 6.2: For a 4-node chain network, the number of parameters of the learned 

structures as a function of the amount of time the data was collected, for CTBNs and 

DBNs with varying time granularity. 


