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where tf(w) is term frequency of word w in the supporting documents, and df(w) is frequency of 
supporting documents containing w. 

2.2.2 Topic modeling 
For each topic, the top 25 ranked documents retrieved by recall search strategy are considered as relevant 
documents. We exploit two strategies for topic modeling. 

In the first one (topic modeling 1), we use a relevance-based topic model, expand each topic into a 
multinomial distribution over words w. Our relevance-based topic model is an extension of relevance-
based language models in which each document in the relevance set Ct of topic t is assumed to be 
generated by 2 topics: t and tbo where t_bo covers the combined notion of a “background” topic and any 
topic other than t. 

The contributions of topic t and t_bo to each document d are automatically determined by inter-document 
statistics in Ct and the whole corpus C by an unsupervised machine learning technique. In general, the 
tokens frequently appearing in Ct but not frequently appearing in the C are likely generated by the topic t. 
On the other hand, the tokens often occurring in every document in corpus C (background token) and the 
tokens only occurring in a few documents in Ct (belonging to some other topic) are likely generated by 
the topic t_bo. Finally, distribution of topic t is computed by the contributions of t in relevant documents. 
That makes the model more appropriate and robust than relevance-based language models. 

In the second one (topic modeling 2), we expand each topic into a weighted vector over words w as in the 
way we apply for building candidate profiles: 

weight(w| t) = tf(w)*(log(df(w)+1) 

  

2.2.3 Submitted runs 
Again, we try several different combinations for our submitted runs. In the first run, we apply the 
relevance-based topic model (topic modeling 1), and compute the posterior probably for each candidate c 
given a topic t as follows: 

  p(c| t) = ∑w p(c|w)*p(w|t) 

   = ∑w [(p(w|c)*p(c)/p(w)]*p(w|t) 

where p(w|t) is provided by the relevance-based topic model. The probability p(w|c) is estimated by 
normalizing the word weights from the weighted vector (profile) of candidate c (Section 2.1).The 
probability p(w) is approximated by frequency of word w in a collection of 10000 documents randomly 
selected in the whole corpus. And the prior probability p(c) is estimated by the number of times emails or 
names of candidates c are mentioned. 

In the second run, we apply topic modeling 2. Given each topic, we rank the candidates by the cosine 
similarity between the weighted vector of the candidates and the weighted vector of the topic.  


