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. Next, we propose an exact inference method based 
on the BN model.

C. Exact Inference by Message Passing Algorithm
To calculate the probability query, we apply HUGIN 

message passing algorithm, which requires converting of a BN 
model to a junction tree structure. The junction tree is a tree of 
cliques, clusters of random variables[3]. Figure 2 (b) shows a 
junction tree structure to our BN model.  

At an initial state of the junction tree, each clique represents 
probabilistic information of the BN,  ,  as Eq. (6) and (7) 
respectively.

                     (6) 
                                (7) 

And, the separator, represented by a rectangle between two 
cliques,  and , holds , a table of ones with dimensions 
of .

The evidence input of a random variable is represented by 
a finding, table of zeros but one at the position of the evidence 
inputs. For example, let D has evidence of Monday, then the 
finding of D is represented as . The 
evidence inputs are applied to the junction tree by product of 
findings to all cliques including random variables of evidences. 

The message passing operations propagate the changes in 
probabilistic information by the evidential inputs through the 
edges of the junction tree. The message passing algorithm has 
two operations, DistributeEvidence and ColloectEvidence,
which is applied until the cliques are consistent.  

For the above example, apply production of the finding 
vector to D when the D has hard evidence, the 
DistributeEvidence operation has following steps. 

                                          (8) 
                                     
                                            

                                                  (9) 

                                          (10) 

      
                                      
, where the  is updated probability of D by product of 

 hard evidence. So, by Eq. (8~10), the effect of hard 
evidence is propagated from  to  through the separator .
   The ColloectEvidence operations are similar to the 
DistributeEvidence.

                                      (11) 
                                     
                                            

                                               (12) 

                                          (13) 

           
                                      

After the two evidence input’s propagation is applied to 
junction tree, we can calculate probability queries by 
marginalization to the clique. For example,  is 
calculate as   

  . 

Note that the evidence inputs of D, T are applied by product of 
findings of D, T to the cliques before above message passing 
procedure. 

IV.EXPERIMENTS AND THEIR RESULTS

To evaluate our inference model, we use a set of TV 
viewers’ usage history data of 6 months, which have the 
structure of Table 1. To evaluate our inference model, we use 
a set of TV viewers’ usage history data of 6 months. We 
applied the usage history of the first 5 months to learn the 
BN’s prior probabilities, and then we calculated the posterior 
probabilities as the user’s preference estimation, which are the 
genre and channel preferences given Day and Time. The 
accuracy of the preference estimation is measured by L1
distance between the posterior conditional probabilities and 
last 1month’s corresponding probabilities. Figure 3 shows a 
genre preference given day and time zone estimated from a 
user’s usage history data. 

Figure 3. A genre preference estimation results given day and timezone 

For a certain day of week,  and time zone, , we can 
estimate the preference by the value of . Figure 4 
shows 3 cases of the preference estimation results, Monday 
morning, Wednesday late night, and Sunday evening, 
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