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Abstract— with flooding amount data in the world, information retrieval becomes irrelevant for the user’s query. In any 
search engine, the information is shown based on the ranking and this ranking maybe ambiguous in knowledge base. The 
semantic technique called Terminological Knowledge box and Assertion Knowledge Box are used for authorization and 
access control in Inference Policy Engine. In this paper we propose RASVM (Ranking Adaptation Support Vector Machine), 
an algorithm which ranks the result data in the Inference Policy Engine. By this way the user’s query is given the best match 
result.  
 
Keywords— Inference Policy Engine, Information retrieval, Knowledge Base, Support Vector Machine.  
 
 
I. INTRODUCTION  
 
In this mundane world, people get all the information 
from net. Extracting the best match for a query is 
difficult. Though the large amount of information 
available on the web is one of its main positive 
aspects, it also has a negative side: the vast number of 
pages makes difficult for users to find the information 
they are looking for. Semantic techniques are widely 
used in many areas. It uses the concept of identifying 
the query for domain-specific search. The data 
present in the domain varies with different domain. 
To search data from multi domain is difficult and the 
data retrieval becomes irrelevant.  
Many traditional search engines such as Google, 
Yahoo provide information retrieval based on the 
query entered. In Semantic web, as originally 
envisioned, is a system that enables machines to 
“understand” and respond to complex to complex 
human request based on their meaning. Such 
“understanding” requires that the relevant 
information sources be semantically structured. In 
semantic, an object property represents the relation 
between individuals (instances) of two concepts, 
whereas data property represents the relation between 
an individual concept and the literal value. Literal 
value for an individual concept gives the general 
definition whereas in domain specific search and in 
domain ontology the general meaning is not required 
for the user. A concept may have different meaning 
for each domain. For that purpose, the terminological 
knowledge box (TBox) and the assertional knowledge 
box (ABox) provides the best result for the domain 
specific search. It acts as a index for the domain 
ontology. The domains are arranged in order in TBox 
and the sub domains for each domain are arranged 
and the address of the content is stored. By this way 
the information retrieval time is reduced and the 
performance is increased.  
Ranking of information retrieved plays an important 
aspect in the proposed system. Rank is a kind of 
learning based information retrieval techniques, 

specialized in learning a ranking model with some 
documents labeled with their relevancies to some 
queries, where the model is hopefully capable of 
ranking the documents returned toan arbitrary new 
query automatically .There are many algorithm for 
ranking the web results. However, two fairly obvious 
reasons are that no one ranking algorithm can be 
considered broadly acceptable and no one search 
engine is sufficiently comprehensive in its coverage 
of the Web.  
The proposed contain two main concepts for 
providing the best match for a query.  
1. Semantic technique for access of data TBox and 
ABox.  
2. Ranking of the result produced for a query using an 
algorithm called RASVM.  
 
The combination of the two concepts will provide:  
 Best match result for a query entered addressing 

a particular domain.  
 Increase in efficiency in terms of the result 

generated.  
 Time consumed for the search will be 

minimized.  
 
II. RELATED WORKS  
 
Ranking of the data is widely used in all search 
engine. But the quality of ranking is not lucid. 
Ranking helps the user to get the proper and quality 
information. Semantic plays the role of understanding 
the concept of language.  
In all of these applications, the semantic model stores 
the data of the domain or serves as a mediator to the 
data sources and protection of the semantic model 
becomes as vital as the protection of the data itself.  
Ranking Adaptation and Semantic Data Repository 
through an Inference Policy Engine Abdullah’s 
theory is interesting which deals with terminological 
knowledge box and authorization knowledge box for 
an inference policy engine. These techniques are used 
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in ontology domain to search and identify the data 
related to the query. As ontology and semantic are 
widely used in many applications field such as 
information technology, medical field, life science, 
and industries, these techniques provide quite best 
match for the query. But the ranking of the result 
produced are not addressed in his work. Ranking can 
further provide accuracy for the search.  
Ranking are usually done using the an algorithm 
called RSVM (Ranking Support Vector Machine). 
Ranking SVM is to discover a one dimensional linear 
subspace, where the points can be ordered into the 
optimal ranking list under some criteria. In Bo Geng 
theory, the proposed algorithm is RASVM (Ranking 
Adaptation SVM) which involves in ranking the 
result based on the query. Such a method is more 
advantageous than data based adaptation, because the 
training data from auxiliary domain may be missing 
or unavailable, for the copyright protection or privacy 
issue, but the ranking model is comparatively easier 
to obtain and access. A few years ago, query term 
frequency was the single main heuristic in ranking 
Web pages; since the influential work of Kleinberg 
and Brin and Page, link analysis has come to be 
identified as a very powerful technique in ranking 
Web pages and other hyperlinked documents. Some 
works, like Cho, J., Roy, S., & Adams, R. E., have 
tried to elaborate metrics to obtain unbiased web 
rankings. The work of Richardson, Prakash, and Brill 
is very significant.  
The rest of the paper is organized as follows.  
In section 3, the semantic data architecture is 
discussed followed by the inference policy engine in 
section 4. In section 5, ranking of data and finally the 
conclusion in section 6.  
 
III. SEMANTIC DATA ARCHITECTURE  
 
The proposed architecture is to provide ranking 
algorithm for the Semantic data in Inference policy 
Engine. The Inference Policy Engine contains data 
that are stored with some rules. The rules are used to 
determine the way to store data in the search engine. 
Here these rules are called as Policy. The TBox 
accesses the data that are relevant to the user’s query. 
The ABox is used to access the sub domain, making 
the search even more refined. The architecture in fig. 
1 has the following components:  
1. User Query  
2. Semantic Ontology  
3. Query Parser  
4. Sub Query  
5. SPARQL  
6. IPL  
7. QO  
8. Ranking the Data  
9. Result of Query  
 
User Query: The user can determine the query in 
different ways. The query could be a sentence, a 

phase, question or irrelevant combination of words. 
An example of such query is shown in Fig.2.  
Semantic Ontology: Ontology provides the formal 
knowledge of the concept or definition. Semantic web 
helps to find the required knowledge by interpreting 
it. The semantic ontology contains all the data in 
order. 

 
Figure 1: Architecture of the Semantic Data in Inference Policy 

Engine 
 
UQ- User Query  
SO- Semantic Ontology  
QP- Query Parser  
SQ- Sub-Query  
TB-TBox (Terminological Knowledge Box)  
AB-ABox( Assertional Knowledge Box)  
QO & QP- Query Optimization and Query Planning  
 
IPL- Inference Policy Engine  
The ontology will be updated and ready irrespective 
of user’s query. When the query is entered, the 
semantic ontology helps in indentifying the 
information. The web Ontology Language (OWL) is 
used for the ontology part in semantic web.  

 
Figure 2: Example for User’s Query 

 
Query Parser: Parser is used to subdivide the lexical 
words to provide meaning to the computer. Query 
parser analyzes the query which is given as input by 
the user. The parser then identifies the user’s position 
and the area of the field. An example for parsing of 
the query is shown in Fig. 3. 
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Figure 3: Example of Query Parsing 

 
Sub Query: The parser divides the query and it 
directs to the desired ontology. The sub query is 
determined by parsing the data. The sub query of a 
query contains the classified and conceptual query. 
The sub query is obtained by classification and 
conceptual information. Based on the query extracted, 
the main position or area of the user specified domain 
is identified. Its helps in segregating and reduces the 
time for searching. Then the sub query is moved to 
SPARQL which helps in further division for getting 
the best match.  
SPARQL: SPARQL is used for determining the 
pattern of a sentence. In SPARQL, for example, a 
query contains capabilities for querying by triple 
patterns of the form subject (s), predicate (p), and 
object (o). The Subject contains the main data for 
searching the query. It is taken as the keyword to 
search. The predicate contains the remaining data. It 
is analyzed by the parser to find if it has any 
information relating t the search. If not, it is removed. 
Usually, prepositions, conjunctions fall under this 
category. The object specifies the position of the 
user’s query.  
Optimization and Query Planning: The query 
optimizer will take the sub-queries and will build an 
optimized query execution plan which will be then 
executed and results will be shown on query 
interface. The scaling of the patterns helps analyze 
the performance of systems when data exchange 
problems increase their scale in structure and/or data. 
Finally, our benchmark provides an evaluation 
methodology that allows comparing systems side by 
side, and to make informed and statistically sound 
decisions about their performance.  
 
IV. INFERENCE POLICY ENGINE 
  
The Inference engine is a tool used in Artificial 
Intelligence which applies logical rules to knowledge 
base and deduce and derive new knowledge. A policy 
engine is a software component that allows an 
organisation to create, monitor 
Query: Virus  
Virus  
Computer Medicine  
…. Human Others (plants, etc.)  

Query: Virus in Computer  
Computer  
Trojen Worm DLL…  
and enforce rules about network resources and the 
organisation data can be accessed. In Inference Policy 
Engine, the world wide data and semantic data are 
stored. Data are retrieved on the basic of the policy 
rules and using the TBox and ABox.  
Terminological Knowledge Box (TBox) refers to 
statements that describe the hierarchy of concepts, 
and the relationships between concepts, whereas the 
Assertional Knowledge Box (ABox) refers to 
statements regarding the belonging of individuals to 
concepts, and the relationships between individuals.  
The TBox access control system enforces the security 
rules and determines whether the TBox resource can 
be accessed. Semantically, the TBox access control is 
a crucial concept in the system for protecting the 
ontology concept view, which is not only a partition 
but also a bridge to the ABox access control system. 
In this section, we formalize the TBox access control 
with an access authorization policy. We define 
subject, role, and permission rules as the basic 
building blocks in our semantic security system. 
ABox provides narrow search of data. It is done by 
segregating the query. That process is done by 
SPARQL.  
 
RANKING OF DATA  
 
Ranking of data in important as it determines the 
quality of information retrieved for user query. It 
ranks the result to provide the best match. Based on 
various machine learning methods, e.g., Ranking 
SVM , RankBoost , RankNet, ListNet , LambdaRank 
, etc., the learning to rank algorithms have already 
shown their promising performances in information 
retrieval, especially Web search.  
In this proposed system, Ranking Adaptation Support 
Vector Machine (RASVM) is used which adapts the 
ranking algorithm to a new ontology domain. Thus, it 
increases the efficiency of the web search. The 
ranking is based on:  
 Original data: The data which contains original 

and valuable information is given priority. The 
originality of the content is determined by the 
writer who posts it.  

 Feedback: The feedback is another criterion for 
the ranking. In this proposed system, each user 
should mandatorily provide feedback about the 
content viewed. The content, for example, a 
post, a blog or website would be rated and 
ranked accordingly.  

 Page Rank: The ranking of each web page is 
evaluated and then the overall ranking is done.  

 
Consider a query q. After the formulation of a query 
q is made, q is executed. The ranking algorithm 
combines four sources of information: 
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 a set of results Rq obtained by a traditional 
search engine.  

 a set of results Rdq obtained through the 
semantic annotations produced by user 
feedback.  

 a set of results Ro obtained as the original 
semantic data.  

 a set of results Rr obtained as the page rank of 
each web page.  

Ranking is computed in a process composed of 5 
steps. In first step, q is executed in a search engine 
and a web parameter is computed for every resource 
retrieved in Rq. In second step, it uses the 
disambiguated query dq to obtain concepts with high 
semantic similarity to those of dq, for query 
expansion. This set of concepts is used in step three 
to find the set of web resources Rdq annotated with 
any of them. In step four, the web parameter is 
computed to obtain the Ro. followed by the page rank 
Rr . Finally, step 5 combines the web resources and 
the parameters produced in step 1 and step 4 to obtain 
the final set of resources Fq and the ranking value of 
each of them.  
In summary, the user enters a query while the 
semantic ontology is ready with the data. The query 
parser sub divides the query to extract the position of 
the user. The sub query generated is machine 
understandable and the SPARQL queries segregate 
the query as subject, predicate and object. The 
keywords are searched using the TBox and ABox 
access control. The result is optimized and then the 
ranking process is done. Finally, the best match for 
the query is obtained.  
 
CONCLUSION AND FUTURE WORK  
 
The proposed system is concept which is to be 
implemented. With front end as Java beans and 
backend as SQL database and RDF database and 
OWL and java programming language, the 
implementation is on the process. The 
implementation will be done to all sorts of data to test 
the efficiency. In future, we would like to add a 
feature or another concept called tree pruning in the 
proposed system and compares them both.  
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