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Abstract - This paper studies models of ‘Translation Retrieval’ i.e. the relationship between enquirer’s input words and the 
retrieved information in network search engines. In order to solve the difficulties in the traditional model, a new mathematical 
model is proposed to quantify the correlation between web content and user query, and the method is shown by experiments to 
outperform other Translation Retrieval methods. The improved model is a good solution to the problems of the traditional model, 
greatly improving the query precision and recall rate of search engines. 
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I. INTRODUCTION 
 

When a search engine provides information inquiry 
service, it only sees the query words. People from 
different backgrounds may submit the same query words, 
but are often concerned about different information 
meaning of those query words. Moreover, the search 
engine usually does not know the background of the users, 
so in order not to miss any relevant information, it places 
the focused information as much as possible in the front 
of search list. This is a basic requirement for search 
engines. Therefore, the core work of a search engine is to 
sequence the crawled webpages according to some factors 
based on the query words. The three main factors 
affecting the Translation Retrieval results are the Network 
searching engine of webpages, the link relationship of 
pages and the user’s query intention.  
 
 

II. TRANSLATION RETRIEVAL MODEL 
FRAMEWORK 

 
Although there is a variety of Translation Retrieval 

models, their status and function in search engine is the 
same. Figure 1 shows a frame of calculation similarity of 
search engine. When the user has information demand, the 
query words will be constructed as a concrete 
manifestation of the information demand, and the search 
engine will construct the internal query representation to 
the user’s query words. For the massive web pages or 
document collection, there is also corresponding 
document representation method inside the search system. 
The core of the search engine is to judge which 
documents are relevant to user’s demand, and to output in 
a sorted way. So the correlation calculation is a process of 
matching the user query and document content, and the 
Translation Retrieval model is a theoretical basis and core 
component which is used to calculate the Network 
searching engine. 

  

 
Figure 1. Translation Retrieval Model Framework 
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III. THE BIM25 MODEL 

 
BIM (Binary Independent Model) only considers 

whether a word appears in the document or not and does 
not consider its own feature. BM25, based on BIM, 
introduces the weight value of the word in the query and 
the weight value of the word in the document. So, now 
BM25 model is a comparatively successful content 
sorting model. 

The specific calculation method of BM25 model is as 
shown in the formula (1). For each query word appeared 
in the query Q, their scores in the document D will be 
calculated in turn, and after the accumulation, comes the 
correlation score of document D to query Q. 
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In the above formula 
1((1 ) )

dl
K k b b

avdl
     

represents the consideration of document length. In the 
calculation formula of K, dl refers to the length of the 
document D, and avdl is the average length of all the 
documents in document collection, and k1 and b are 
empirical parameters. The parameters b is an adjustment 
factor, in some extreme cases, if b is set as 0, the 
document length factor will not work. Generally, if b is 
set as 0.75, we will get a better search effect. 

Overall, the BM25 model formula actually combines 
four factors: the IDF factor, the length factor of document, 
the word amount of document and the query word 
frequency; and uses the three free adjustment factor (k1, 
k2 and b) to adjust the weight of various factors. 
 
 

IV. THE DIFFICULTIES AND SOLUTION 
 
A. The Difficulties  
 

There is a different frequency distribution in query 
words. Quite a number of query words have hardly been 
queried by the users, while a small number of query 
words are repeatedly queried. This leads to a problem that 
numerous relevant query words do not appear in the 
document, so the generation probability of the query word 
is 0, and this means that the generation probability of the 
total query is 0. So if a document with limited words and 
content, especially some individual query words do not 
appear in this document, it will lead to a failure to the 
traditional Translation Retrieval model. The problem is 
called data sparsity of Translation Retrieval model. 

The query words submitted by the Users may appear 
in the domains such as page title, description information, 
text, etc. In the calculation of Network searching engine, 
the weights of the words in the title should be greater than 

that appear in the text. However, When the traditional 
Translation Retrieval model calculate the correlation 
between a document and query, it takes the document as a 
whole, and not take into account that different domain 
gives different weights. That leads to the precision of 
Translation Retrieval model dropping and users cannot 
find pages with which they are satisfied. 
 
B. The Solution  
 
B1. Multi-Parameter Data Smoothing Fusion Strategy 
 

This paper proposes the data smoothing strategy to 
solve the problem of sparse data. The so-called data 
smoothing is that taking a part from the distribution 
probability value of the words appearing in a document 
and then assigning the value to the words which did not 
appear in the document, so all the words have non-zero 
probability values and the phenomenon that the whole 
probability is zero in the calculation is avoided. 

The specific method is to introduce a background 
probability to all the words to do data smoothing. The so-
called background probability is to set up a whole 
language model to document collection, because of its 
relatively large size, most of the query has a probability 
value. So, for the language model method, if the 
document collection contains N documents, it needs to 
establish N+1 different language models, in which each 
document has its own language model and the data 
smoothing fusion strategy is established on the document 
collection language model. 
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 Formula (2) is the formula for calculating the 

probability of document generation after data smoothing, 
it can be seen that the probability of each query word is 
composed of two parts: 

The first part 
,(1 )

| |
qi Df

D
   is the document language 

model. 

The second part  
| |

qic

C
  is used to make the language 

model of document collection after data smoothing, and 
the weights of both can be adjusted by the parameters. 

The strategy is useful for processing the invisible 
words in a query document, especially for the content 
domain with only a few words or keywords rarely 
appeared. The smoothing strategy can introduce global 
information through the overall probability estimation, 
carrying on the revision to the zero probability and 
minimum probability, which helps to improve the 
language model Translation Retrieval accuracy. 
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The object treated in the content analysis is the content 
block of the webpage. As for the representation of content 
block, feature vector method is also applicable. Therefore, 
in calculating the feature weight, we focus more on its 
importance in a page, but not the statistic importance in a 
document collection. Based on the above analysis, we use 
formula (3) to calculate the feature weight. 
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Where

jB We i g h t , the weight of the content domain 

j, is decided by an important label of the content domain; 

BN represents the total number of content domains 

divided in webpage; n represents the total number of 

keywords in webpage; and
i jBTf represents the word 

frequency that keywords i appears in the content domain j. 

 
V. EXPERIMENT AND ANALYSIS 

 
A. The Optimality Verification of Language Model 
Smoothing Strategies 
 

First is the selection of data sets, using 20 Newsgroup 
data sets and subsets TD2003 and TD2004 of Letor3.0 
data sets. 

In order to test the performance of the Translation 
Retrieval model proposed in this paper, the average 
precision of the main ensemble (MAP) and the 
normalized damage cumulative gain (NDCG) are used as 
the evaluation methods. 
 

TABLE 1 THE PARAMETERS SELECTED IN DIFFERENT 
SMOOTHING STRATEGIES 
 Base Line SVD 

20 
Newsgroup 

JM 0.5 
DIR 50 
DIS 0.5 

TD 2003 
JM 0.7 
DIR 2000 
DIS 0.1 

TD 2004 
JM 0.7 
DIR 2000 
DIS 0.1 

 
We select the entire document as a single domain, and 

then take the language model parameters in 20 newsgroup 
data set as a comparative test, finally compare the 
performance between the multi-parameter fusion 
sequencing and the single optimal parameter sorting of the 
language model in test set. Table 1 shows the parameters 
selected in the smoothing strategy in data sets 20 
newsgroup, TD 2003 and TD 2004. 

10 parameters are selected as the optional parameters 
for each smoothing strategy. The parameters of the Dis 
and JM smoothing strategies are [0,1], so their parameter 
set can be set as {0.1，0.2，0.3，…，1}. As for the Dir 
smoothing method, the selection of its parameters is 
centred on the parameters of the Letor data set. In this 
way, we can get 10 page sorting features from each 
smoothing strategy of the language Translation Retrieval 
model. In this experiment, the MAP value is taken as an 
indicator for evaluating the performance of fusion 
method, and the experimental results of language 
Translation Retrieval models based on smoothing strategy 
are gained, which is shown in Table 2. 
  

TABLE 2 MULTI PARAMETER LANGUAGE MODEL 
SMOOTHING METHOD FUSION 

10-feature SP MP Gain（ ）%
NEWS_Jm 0.4336 0.4340 0.09
NEWS_Dir 0.4302 0.4330 0.65
NEWS_Dis 0.4360 0.4379 0.44

TD3_Jm 0.1176 0.1300 10.54
TD3_Dir 0.0668 0.1047 56.74
TD3_Dis 0.1230 0.1305 6.10
TD4_Jm 0.1346 0.1361 1.11
TD4_Dir 0.0853 0.1283 50.41
TD4_Dis 0.1415 0.1429 0.99

 
Comparing the experimental results in Table 2, it can 

be seen that the experimental result of multi-parameter 
language model smoothing method is superior to the 
single parameter language model smoothing method, 
especially in TD 2003 data set. The SP method shows the 
general level of sorting. It also illustrates that there is 
strong complementarity between the multi-parameter 
sorting features, which can greatly improve the sorting 
effect. 
 
B. Performance Verification of Feature Weights 
Comprehensive Sorting in Different Domains of Pages  
 

In this experiment, the classifier developed by Beijing 
University network laboratory is taken as the basic 
classifier. And the traditional precision ratio, recall rate 

and 1F  value are adopted to evaluate the classification 

results. 
When a user makes a certain search request, the search 

system will always return the relevant documents 
systematically to the user. For such search behaviour, we 
can divide a document collection into four disjoint subsets 
according to two dimensions, as is shown in Figure 3. 
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Figure 3 Understanding the two dimensions of document collection 

  
In figure 3， 

1) N represents “the document which is in the results of 
this search and related to the search request”. 

2) M represents “the document which is in the results of 
this search but not related to the search request”. 

3) K represents “the document which is out of the results 
of this search but related to the search request”. 

4) L represents “the document which is out of the results 
of this search and not related to the search request”. 

On the basis of dividing the document set into 4 
subsets, we can quantitatively describe the precision rate, 

recall rate and 1F  value. The following three formulas are 

the calculation methods of these three indexes. 
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We can use the above three formulas to calculate those 
three indexes of different categories of the documents in 
data set. Figure 4 is a performance comparison between 
the old classifier and the new one, in which, the horizontal 
axis represents the different category numbers, and table 3 
shows the corresponding meaning to each category 
number in Figure 4. 

. 

 
Figure 4 Comparison of classification results before and after web page cleaning 

 
TABLE 3 THE CHECK LIST OF CATEGORY NUMBERS 

Category 
Numbers 

1 2 3 4 5 6 

Class 
Names 

Humanity 
News 
Media

Business 
Economy

Entertainment 
and Leisure

IT Education 

Category 
Numbers 

7 8 9 10 11 12 

Class 
Names 

Tourism 
Natural 
Science

Government 
Politics

Social Science
Health 
Care

Social 
Culture 

 
Through Figure 4 we can see that all the classification 

results of categories get improved than that before. In 
addition, when those webpages in training set and testing 
set are selected manually, they are supposed to be the 
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pages as far as possible with more text information and 
less noise information. Therefore, the purification effect 
of web page in the practical application is more obvious 
than the results of this experiment. 
 
 

VI. CONCLUSION 
 

This paper optimizes the traditional Translation 
Retrieval model based on Network searching engine and 
finds an effective solution to the problems of data sparsity 
and equality of weights of different domains in traditional 
model. The improved model can effectively promote the 
precision and recall rate of search engine, which provides 
a method and a theoretical principle for the development 
of search engine. 
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