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Abstract ‒ This is a tutorial on Okapi Best Match 25, also known as Okapi BM25. Local weights are based on a 2-Poison 

model that accounts for the Verbosity and Scope Hypotheses. Global weights are based on RSJ weights, which in turn are 

the result of Independence Assumptions and Ordering Principles for probable relevance. 
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Introduction 

 

In RSJ-PM Tutorial: A Tutorial on the Robertson-Sparck Jones Probabilistic Model for Information Retrieval 

we derived the scoring functions listed in Table 1 (Garcia, 2009).  

 

Weighting Function Remarks 

F1 =      
      

      
  F1 evaluates the ratio of the proportion of relevant 

documents in which a term occurs to the proportion of 

the entire collection in which the same term occurs. 

F2 =     
      

                 
  F2 evaluates the ratio of the proportion of relevant 

documents to that of non-relevant documents. 

F3 =     
       –     

       –     
   

F3 evaluates the ratio between the “relevance odds” of a 

term (i.e., the ratio between the number of relevant 

documents in which a term does occur and the number 

in which it does not occur) and the “collection odds” of 

that term. 

F4 =     
             –         

     –            –    –             
  

F4 evaluates the ratio between a term relevance odds 

and its “non-relevance odds”. 

 

Table 1. Table of Scoring Functions. 

 

Known as RSJ weights, these are global weights, G, assigned over a collection of documents. In Table 1,  

 

ri     =  number of relevant documents in the collection that contain the term. 

ni – ri    = number of nonrelevant documents in the collection that contain the term. 

ni     =  number of documents in the collection that contain a term. 

R – ri   = number of relevant documents that do not contain the term. 

N – ni – R + ri = number of nonrelevant documents in the collection that do not contain the term. 

N - ni    =  number of documents in the collection that do not contain the term. 

R     =  number of relevant documents in the collection. 

N – R    =  number of nonrelevant documents in the collection. 

N    = number of documents in the collection. 
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Logarithms are taken to account for the fact that scores are considered additive. Thus, the global weight of a 

query consisting of several terms is simply the sum of individual term weights. In Table 1, F1 and F3 can be 

written as 

 

F1 =       
  
 
   +      

 
  
     =       

  
 
   + IDF               (Eq 1) 

 

F3 =      
  

   –    
   +      

    
  

     =       
  

   –    
   + IDFP            (Eq 2) 

 

where IDF is the Inverse Document Frequency weight developed by Sparck-Jones (1972). IDFP is an IDF 

probabilistic developed by Robertson (2004), who has demonstrated that in the absence of relevance 

information, R = r = 0 and therefore, F1  F2  IDF and F3   F4  IDFP.  

 

Figure 1 shows IDF, IDFP, and IDFP0.5 values for N = 100 and several values of ni.  Note that the IDF curve 

gives a decreasing function of RSJ weights, while the IDFP curve describes a decreasing function that can 

adopt positive, zero, or negative RSJ weights (Garcia, 2006). The IDFP0.5 curve is discussed in the next section. 

 

 
 

Figure 1. IDFP weights for various values of ni.  
 

In general, for a query term mentioned in a collection of documents:  

 IDFP > 0 when ni < N/2; i.e., when less than half of the documents mention the term.  

 IDFP = 0 when ni = N; i.e., when half of the documents mention the term. 

 IDFP < 0 when ni > N/2; i.e., when more than half of the documents mention the term. 

Negative weights cause retrieval complications to the point that in some search engine implementations these 

are removed from the inverted index or receive a weight of zero. Such “negative terms” effectively become 

stopwords.  

As an example of this, consider a database collection of documents about jobs. A search for jobs would not 

be efficient at discriminating between documents. Like a stopword, it would not be an effective index term. 

 

 



RSJ-PM as a Predictive Model 

The RSJ-PM model can be used predictively by applying a smoothing correction, k, to each of the 

expressions given in Table 1.  

Using the model predictively means making inferences about the probabilities based on sample information 

available for a given k value.  

In their original paper, Robertson and Sparck-Jones successfully used k = 0.5 (the point-5 correction or 

IDFP0.5), obtaining the scoring functions depicted in Table 2. 

RSJ Predictive Functions 

F1 =      
                

                    
  

F2 =     
                 

     –                      
  

F3 =     
             –         

              –          
   

F4 =     
             –         

     –            –    –             
  

 

Table 2. RSJ Model with a predictive parameter, k. 

 

A comparative of these functions for several values of k is available online (Garcia, 2009).  

F4 appears to outperform F1, F2, and F3 and is the preferred way of expressing the global weight of a term 

over a collection. Combining F4 with the local weight of a term leads to one of the most remarkable 

information retrieval models: Okapi BM25, named after the Okapi information retrieval system, implemented 

at London's City University in the 1980s and 1990s. 

Development of the Okapi BM25 Model 

 

Based on the survey by Robertson and Zaragoza (2009), the precursor of the ranking functions that describe the 

family of BM25 models is a formula of the form 

 

                
    

         
                      (Eq 3) 

  

where  

 

 wi, j  = weight of term i in document j 

Li, j  =  local weight of term i in document j 

fi, j   =  frequency of term i in document j  

k  =  smoothing correction (not to be confused with k) 

Gi   = global weight of term i 

 



In Equation 3, Li,j is an approximation of a 2-Poison model where it is assumed that all documents are of 

same length and that the distribution of within-document term frequencies is Poison for elite and non-elite 

documents. Elite documents are those that are “about” the concept represented by a term. Eliteness is a binary 

property: a document is either elite to a term or not. If a document is elite to terms it mentions and these are 

query terms, more likely the document is relevant to the query. 

 

Representing local weights as a 2-Poisson model as in Equation 3 has the following characteristics: (a) Li,j is 

zero when fi,j = 0; (b) Li,j increases monotonically with fi,j; (c) Li,j approaches an asymptotic maximum value; (d) 

this asymptotic maximum is 1 (and thus Equation 3 approaches an RSJ weight). Figure 2 depicts profile curves 

of Li,j in terms of k and fi,j.  

 

 
 

Figure 2. Profile curves of Li,j as a function of k and fi,j. 

 

The absolute positions of these curves in the graph are not important. What is important is the relative 

increments for different increments in fi,j.  

 

For high k, increments in fi,j continue to contribute significantly to the local weights. For low k, the additional 

contribution of a newly observed occurrence quickly reaches a saturation point. This makes sense. According to 

Robertson, et al., (2004, emphasis added): 

 

“This is desirable because of the statistical dependence of term occurrences: the information gained on 

observing a term the first time is greater than the information gained on subsequently seeing the same term. 

 

For this reason, term weights should not grow linearly with term frequency but rather should saturate after 

a few occurrences.” 

 

Accordingly, subsequent changes in the frequency of a term by a given factor should not change by the same 

factor its weight and the relevance of a document to the term. This contradicts the popular opinion that 

repeating a term x times makes the document x times more relevant.   

 

From Figure 2, the connection between document length and the saturation scenario is evident: short documents 

reach the saturation scenario quicker than long documents.  What remains to be addressed now is the question 

of how to incorporate the length of documents into the model. In order to do this, we need to agree on how to 

define document length. 

 

 

 



Document Length: Definitions and Assumptions 

 

There are various different ways to counting document length, dl. We may define dl before or after parsing, or 

as the number of characters (including or excluding spaces), or as the number of words (including or excluding 

stopwords). In addition, dl can be counted relative to the vocabulary, V, of an inverted index.  

 

For instance, let l be the number of unique terms in a document (including stopwords) and m be the number of 

index terms; i.e., terms from V that are present in a document. If “negative” terms and stopwords are excluded 

from the inverted index, l > m. This is more than reasonable. Actually, in most IR models including the family 

of BM25 models, document length are customarily computed as  

 

            
 
                        (Eq 4) 

 

where 

 

      
 
         

 
                       (Eq 5) 

  

The Verbosity and Scope Hypotheses 
 

Regardless of the definition adopted, document length is the result of writing styles. To account for this, 

Robertson & Walker (1994) have introduced the Verbosity and Scope Hypotheses, which we now discuss. 

 

Consider two documents written by two different authors but equally relevant and elite to the same term(s). One 

document might be longer than the other because of author’s verbosity, meaning that one author might be prone 

to use too many words, stopwords, or redundant terms to say the same thing than the other. We can hypothesize 

that both documents behave as having the same length, and thus that we can normalize term frequencies by 

document length without affecting eliteness and relevance. This is the so-called Verbosity Hypothesis. 
 

The Scope Hypothesis, on the other hand, suggests the contrary: that documents have different lengths because 

some authors have more to say about a given topic or topics than others. The extreme scenario would be an 

author writing like concatenating several documents into a single one. In this case, the normalization of term 

frequencies by document length is contraindicated. 

 

Both hypotheses are ideal scenarios. In reality, document collections behave as a mixture of these scenarios. 

Some documents may be at either extremes or may not. We can assume that each hypothesis is a partial 

explanation and thus that a kind of soft or adjustable normalization is appropriate.  

 

To insure that the definition used in Equation 5 is not critical, each document length could be normalized with 

the average document length, 

 

          
    
 
 

 
                       (Eq 6) 

 

The normalization can then be adjusted with a function of the form 

 

                
   

     
                    (Eq 7) 

 

The normalization function, B, is then used to normalize term frequencies, 

 

     
     

    

 
                        (Eq 8) 



 

For the grand finale, normalized frequencies are used in Equation 3, 

 

                
    
 

         
  
                      (Eq 9) 

 

                
    

                
   

     
         

     
             –         

     –            –    –             
       (Eq 10) 

 

where k = 0.5 as usual. Equation 10 describes the classic Okapi BM25 model.  

 

A common modification of Equation 10 consists in multiplying local weights (Li,  j) by k1 + 1. Since this is the 

same for all terms, it does not affect the ranking produced. The reason for applying this modification is to make 

the final scores more compatible with RSJ weights. So for a single occurrence of a term and b = 0, Eq 10 

reduces to an RSJ weight. 

 

Tuning Parameters 
 

From  Equation 10,  

 

       
     

     
   

     
   

                
   

     
           

     
   

 
                 (Eq 11) 

 

How do b and k1 affect these weights? The BM25 model provides no guidance on how these parameters should 

be set. Experiments suggest that 0.5 < b < 0.8 and 1.2 < k1 < 2 are acceptable values. Other studies suggest that 

0.75 < k1 < 2 are equally acceptable marks. 

 

In general, full normalization is achieved when b = 1 and           . In this case Equation 11 reduces to   

 

        
    

     
   

           
     
   

 
    

    

     
 
 

      

      
    

     
 
 

       
                 (Eq 12) 

 

By contrast, zero normalization is achieved when b = 0 since Equation 11 reduces to 

  

        
    

     
   

     
   

         
     
   

 
    

    

          
                  (Eq 13) 

 

It is worth to point out that for documents of average length (those where           ),  B = 1 – b + b(1) = 1 

for any value of b.  This means that the frequency of terms in documents of average length is insensitive to 

document length normalization. 

 

Figure 3 depicts Li,j vs. fi,j curves for several dlj/dlave  ratios, b, and k1 values. In (a) and (b), setting k1 = 1 and 

changing b, from b = 0.5 (partial normalization) to b = 1 (zero normalization), does not change the curves 

corresponding to dlj = dlave. A similar result is observed between (c) and (d) for curves where dlj = dlave. 

 



Compare now (a) with (c). Setting b = 0.5 and changing k1, from k1 = 1 to k1 = 2, does not change the curves 

corresponding to dlj = dlave, except that the curves are now shifted downward. Similarly in (b) and (d), setting b 

= 0.8 and changing k1, from k1 = 1 to k1 = 2, does not changes the curves corresponding to dlj = dlave, except 

that the curves are equally shifted down. 

 

 

 
 

Figure 3. Li,j as a function of fi,j for some combinations of k1 and b values. 

 

Note that changing k1, from 1 to 2 resolves better the curves. This suggests that in the BM25 formulation, k1 can 

be viewed as an attenuator of the normalization function B.  The combined effect of changing b and k1 improves 

the resolution of the curves. 

 

Some Notes on Keyword Density 
 

Keyword density (KD) is defined as the frequency of a term divided by the total number of terms in a 

document: 

 

           
    

     
 
 

                          (Eq 14) 

 

Because of the way document length is defined, this ratio does not appear in any implementation of the BM25 

models. However, defining document length as in Equation 4 leads to a ratio that resembles Equation 14 

 

           
    

   
     

    

     
 
 

                       (Eq 15) 

 

that we shall call the index term density (ID), because it can be viewed as a “density” ratio computed over the 

index terms that are present in a document. Evidently,             .  

 

 

 



Substituting Equation 15 into Equation 11, we get  

 

       
           

   
     
   

               
   

     
                    

               (Eq 16) 

 

As expected for zero normalization, b = 0 

 

       
           

   
     
   

                   

    
      

   
 

   
              

    
    

             
           (Eq 17) 

 

while for full normalization, b = 1 

 

 

       
           

                   
                     (Eq 18) 

 

 

Figure 4 shows Li, j vs. IDi, j curves for k1 = 1, b = 1, and several average document lengths. 

 

 
 

Figure 4. Li,j as a function of IDi,j for k1 = 1 and b = 1. 

 

The figure shows that local weights increase with ID values and then reach a saturation point where further 

increments in ID do not affect appreciably the weights.  

 

Note that for a given average document length there is a range of ID values associated to the saturation and non-

saturation regimes. So, given dlave, a desired value of ID value, and a document length, it is possible to know 

how many times an index term should be repeated to reach (or avoid) either regime. 

 

Finally consider the hypothetical case of two databases, Db1 and Db2, with identical inverted index vocabulary. 

Both dbs contain similar documents, but somehow dlave Db1 = 500 and dlave Db2 = 3,000. Assume that a document 

is equally present in both databases. Based on Figure 4, an index term of this document should weight more in 

Db2 since dlave Db2 = 3,000 > dlave Db1 = 500. As this would be true for all index terms in Db2, the rankings 

produced by applying Equation 18 should not be affected. 

 

 

 



Conclusion 

 
Okapi BM25 is a model where local weights are based on a 2-Poison model. It is aimed at accounting for the 

Verbosity and Scope Hypotheses. In this model global weights are based on RSJ weights.  Extensive research 

on BM25 has been conducted to include into the model on-page and off-page factors. For instance, the Simple 

BM25F model is an improved version of BM25 in which the structure of document is incorporated into the 

scoring process. A tutorial on this model is available at  

http://www.miislita.com/information -retrieval -tutorial/okapi -simple-bm25f-tutorial.pdf . 

 

Suggested Exercises 
 

1. Plot profile curves of local weights as in Figure 2 for 1.2 < k < 2. Suggest reasons as to why this range 

of k values might be “fairly acceptable”. 

2. Repeat exercise 1, this time with Equation 10 and using 0.5 < b < 0.8 and 0.75 < k < 2. Suggest reasons 

as to why these ranges might be fairly acceptable. 
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