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Abstract. This paper describes Peking University’s approach to the Ad Hoc 
Track. In our first participation, results for all four tasks were submitted: the 
Best In Context, the Focused, the Relevance In Context and the Thorough. 
Based on retrieval method Okapi BM25, we implement two different ranking 
methods NormalBM25 and LearningBM25 according to different parameter 
settings. Specially, the parameters used in LearningBM25 are learnt by a new 
learning method called ListBM. The evaluation result shows that 
LearningBM25 is able to beat NormalBM25 in most tasks. 
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1   Introduction 

INEX Ad Hoc Track [1] aims to evaluate performance in retrieving relevant results 
(e.g. XML elements or documents) to a certain query. Based on lots of research and 
comparative experiments, Okapi BM25 [2] is confirmed to be an effective ranking 
method. Plus, evaluation results of Ad Hoc Track show that Okapi BM25 performs 
better than some other frequently cited ranking models, such as TF*IDF [3] and so 
on. Motivated by BM25’s excellent performance, many participants prefer BM25 as 
their basic retrieval model. In INEX 2008 Ad Hoc Track, University of Waterloo [4] 
outperforms in all three tasks of Measured as Focused Retrieval, known as Best in 
Context, Focused and Relevance in Context. The ranking system Waterloo used is “a 
biased BM25 and language modeling, in addition to Okapi BM25” [4].  

However, in Okapi BM25 formula, there are several parameters used to adjust the 
proportion of element length and term frequency (tf) in the final score and they are 
frequently set manually by participants. Here we note that different parameter settings 
might lead to totally different evaluation results. Thus, in order to get a more rigorous, 
evidence-based and data-based parameter setting, a listwise machine learning method 
to learn the parameter settings is proposed. We call it listBM. 

In detail, figure 1 shows the architecture of our ranking system. Firstly, when user 
submits a query, a results recognizer will calculate the result elements by matching 
the Keywords and the Inverted Index. An element is defined as a result element only if 
it contains all the keywords. The output of results recognizer is a Results Set, in which 
result elements are disordered. Therefore, a ranking method BM25 is introduced to 
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sort these result elements according to their relevance to the query. However, 
according to different parameter settings used in BM25, we implement two different 
ranking models NormalBM25 and LearningBM25. In NormalBM25, the parameter 
setting we used is same as what Waterloo used in INEX 2008. We call this parameter 
setting the Origin Parameter Setting. The result list ranked by using this parameter 
setting is called NormalBM25 Results. While in LearningBM25 model, the 
parameters are learned by a machine learning method called ListBM, to be introduced 
in section 3. The result list ranked by BM25 using this Learnt Parameter Setting is 
defined as LearningBM25 Results. We submit both the NormalBM25 results and the 
LearningBM25 results in four tasks of INEX 2009 Ad Hoc Track. The evaluation 
results show that LearningBM25 results perform better than NormalBM25 results, 
indicating that our learning method ListBM indeed help to improve the performance. 

 
Fig. 1. Architecture of Ranking System 

In section 2, we introduce the concepts of BM25 and background of machine 
learning method we used. Section 3 describes our learning method ListBM. In section 
4, we show the evaluation results. Section 5 is the conclusion and future work. 

2   Related Work 

2.1   Okapi BM25[2] 

BM25 is a widely quoted ranking method. It shows excellent performance referring to 
the evaluation results of INEX in the past years. For our method, to score an element 
according to its relevance to a certain query, we chose BM25 as our basic ranking 
model. In detail, the score is defined as follows. 

                (1) 

Score(e,Q) measures the relevance of element e to a certain query Q; Wt is the weight 
of term t indicating the inverse term frequency(IDF) of term t in collection. tf(t,e) is 
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the frequency of term t appearing in element e; len(e) denotes the length of element e 
and avel denotes the average length of elements in whole collection. Two parameters, 
k1and b, are used to balance the weight of term frequency (tf) and element length(len) 
in final score.  

2.2   Learning-to-Rank Methods 

Learning-to-rank methods focus on using machine learning algorithms for better 
ranking. Many learning-to-rank algorithms have been proposed. According to 
different “instance” they use, learning-to-rank methods can be classified into three 
categories [5]: pointwise, pairwise and listwise. 

In pointwise methods, documents are used as learning instance. The relevant score 
of a document is calculated by its features such as term frequency (tf), tag name and 
document links. This kind of algorithm attempts to find classification engine that can 
mark document as relevant or irrelevant correctly.  

Pairwise methods, such as RankBoost [6] and RankSVM [7], take document pair 
as learning instance. Consider two documents d1 and d2, if d1 is more relevant than d2 
to a certain query Q, then the document pair (d1,d2) is set to 1, otherwise it is set to -1. 
Pairwise methods target at training a learning engine to find the best document pair 
preferences.  

In listwise methods, document list is taken as learning instance to train ranking 
engines. To find the best ranked list is the final goal. There are several well-known 
listwise methods such as Listnet [5], ListMLE [8], SVM-MAP[9] and so on.  

Comparative tests [10] have shown that listwise methods perform best in these 
three categories.  

3   Learning-to-Rank Method ListBM 

3.1   ListBM 

In NormalBM model, the parameter setting used in BM25 is same as Waterloo set in 
INEX 2008. In LearningBM model, the parameters are learnt by a learning method 
called ListBM. We use INEX 2008 data collection as the training data base. 

In training, there is a set of query Q={q1,q2,…,qm}. Each query qi is associated with 
a ranked list of relevant documents Di= (dଵ୧ , dଶ୧ , … , d୬୧  ), where d୨୧ denotes the j-th 
relevant document to query qi. These relevant documents lists, downloaded from the 
website of INEX, are used as standard results in our training. What’s more, for each 
query qi, we use basic ranking method BM25 mentioned in 2.1 to get a list of search 
results RLi. Results returned by BM25 are all in form of elements. The first n result 
elements of RLi are recorded in Ri=(rଵ୧  rଶ୧ ,…, r୬୧ ). Then each documents list Di and 
elements list Ri form a “instance”.  

The loss function is defined as the “distance” between standard results lists Di and 
search results lists Ri. Therefore, the objective of learning is formalized as 
minimization of the total losses with respect to the training data. 

                                                          (2) 
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Suppose there are two search results R, R’ and a standard result D, the definition of 
loss function should meet the following two criterions: 

• The loss value should be inversely proportional to the recall. If R contains more 
relevant results appeared in D than R’ does, then the loss value of R should be 
smaller than the loss value of R’.  

• The loss value should be inversely proportional to the precision. If the relevant 
content contained by R has the higher relevance degree (they appear in the top-
ranking documents in D), then the loss value of R should be lower. 

According to these two criterions, we define the loss function for a single query qi as: 

                                                  (3) 

         (4) 

Where m is the number of queries in Q and n is the number of relevant documents in 
Di corresponding to a certain query qi. rank୨୧ is divided into two parts: (1) if the j-th 

result element in Ri isn’t contained by any relevant documents in Di, then rank୨୧ is set 

to 0; (2) if the j-th result element in Ri is contained by the k-th relevant document d୩୧  
in Di, then rank୨୧  is set to k. Apparently, an element can only be contain by one 
document. Since the documents in D are different, it is impossible that there are more 
than one documents in D contains the j-th result in R. 

Using the pair of standard results D and searching results R as “instance”, L 
defined above as loss function, we implement a learning method ListBM to learn the 
two parameters k1 and b in BM25 separately. Algorithm 1 describes the procedure of 
learning parameter k1.  

Algorithm 1. ListBM: The process of learning k1 

Input: query Q, relevant documents D 
Parameter: k1, number of iterations T,  
Initialize: b=0.8, ෌ ,ሺ۲ܑۺ ୀ૚࢏࢓ሻܑ܀ =+∞ 
for t=1 to T do 

for i=1 to m do 
          search the qi using BM25, get Ri; 
          compute ۺሺ۲ܑ,  ሻܑ܀

         update ܓ૚൅ൌ ૚ۺ൫۲ܑ,ܑ܀൯ 
      end for 
      if ෌ ,ሺ۲ܑۺ ୀ૚࢏࢓ሻܑ܀  increases, then break; 
end for 
output the pair of {kmin , ܖܑܕ ෌ ,ሺ۲ܑۺ ୀ૚࢏࢓ሻܑ܀ ; }   
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When learning k1, parameter b will be initialized to 0.8. While randomly entering 
an original value of k1, the loop won’t end until the new updated k1 begin to increase 
the loss value. The output is a pair of {kmin ,  min ෌ LሺD୧, R୧ሻ௠௜ୀଵ ; }, in which min ෌ LሺD୧, R୧ሻ௠௜ୀଵ  is the minimum loss value got in the process and kmin is the 
corresponded k1. While learning parameter b, k1 is a content value 4 and b is updated 
according to the loss function. What’s more, the output will be the pair of {bmin ,  min ෌ LሺD୧, R୧ሻ௠௜ୀଵ ; }, in which bmin is the better b leading to minimum loss value. 

3.2   Experiments 

We implemented our ranking system in C++. The data collection we use is the English 
files of wiki provided by INEX 2008 Ad Hoc Track. The total size with these 659,388 
files is 4.6G. In the process of reading and analyzing these XML files, we remove all 
the stop word from a standard stop word list before stemming. We use 8 queries from 
INEX 2008 topic pool in the training process. Totally 4800 documents are signed as 
relevant results. Figure 2 and figure 3 show the learning results of k1 and b. 

 

Fig. 2. Learning result of k1 

 

Fig. 3. Learning result of b 
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Figure 2 illustrates the learning results of k1. In NormalBM model, the k1 is set to 
4. As is shown, in total 4800 search results, only 1572 results are relevant according 
to the standard results when k1 is set to 3.277. The best set of k1 is 35 so that the 
relevant results can reach up to 1704.  

Figure 3 shows the learning result of b. The origin set of b is 0.8 according to the 
parameter setting of Waterloo. Result shows that b=0.8 is indeed the best set leading 
to a better searching performance. Hence, the parameter setting of {k1, b} is set to 
{35, 0.8} in LearningBM model and {4, 0.8} in NormalBM model. 

4   Evaluation Results 

We submit both NormalBM results and LearningBM results for all four tasks to 
compare the performance. The original results are taken as the results of Thorough 
task. For Best in Context task, we return the most relevant element with the highest 
score as the best entry of a document. Moreover, based on the original result, for 
Focused task, we remove the elements which are contained by other element. We get 
evaluation results for three of four tasks. Table 1 shows the evaluation results of 
Measured as Focused Retrieval in which the search results are elements. Table 2 
describes the search performance of Measured as Document Retrieval tasks. We can 
say that, in most conditions, the retrieval effectiveness of LearningBM is better than 
that of NormalBM.  

Table 1. Evaluation results of element retrieval 

   Best in Context   Focused   Thorough   
  LearningBM25   0.0953 0.3072 0.0577 
  NormalBM25    0.0671 0.1779 0.0521 

Table 2. Evaluation results of document retrieval 

   Best in Context  Focused  Thorough 
  LearningBM25   0.2382 0.2382 0.1797 
 NormalBM25   0.1849 0.1847 0.1689 

5   Conclusion and Future Work 

We propose a new learning method ListBM to learn the parameters in ranking method 
BM25. ListBM is a listwise learning method, using the data source of INEX 2008 Ad 
Hoc Track as training data base. The evaluation results show that parameter setting 
learnt by ListBM performs better than parameter setting set manually.  

For the future work, we will continue to work on the following problems: 

• The training data we used is the collection of INEX 2008 Ad Hoc Track. However, 
data collection has changed a lot for INEX 2009. We will study the learning to 
rank method on the new collection in the future. 
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• There are only 8 queries used in training. For the further study, more queries from 
INEX 2009 topics pool will be searched in the learning process. 

• We will propose new definition of “distance” between the search result list and the 
standard result list. Furthermore, a more reasonable loss function and a new 
updating method will be introduced. 
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