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INTRODUCTION 
A non-empty answer to a information question is came 
given that it satisfies all question conditions. However, 
this exact-match model is usually too strict. Imagine, as 
an example, a flick rental application.  Many results 
creating it arduous for the user to settle on. Taking under 
consideration that the user prefers comedies and action 
movies would facilitate focus her question to fewer 
recent movies. On the opposite hand, if the question 
criteria are too restrictive, the question may turn out no 
results in the least. During this case, it should be higher to 
think about the question criteria as soft (i.e., preferences) 
and come back results that satisfy a number of them. 
Several approaches to group action preferences into info 
queries are projected and might be roughly divided into 
two classes. Plug-in approaches operate high of the 
information engine and that they generally translate 
preferences into standard question constructs. On the 
opposite   hand, native approaches target supporting 
additional expeditiously specific queries, like top-k or 
skyline queries, by injecting new operators and rank 
within the information engine. 

Unfortunately, each approach has many limitations. In 
plug-in strategies, the manner preferences are used, as 
an example as further question constraints or as ranking 
constructs, the question execution flow furthermore 
because the expected kind of answer. Motivated by these 

problems, we've got developed PrefDB, a preference-
aware relative system that transparently and with 
efficiency handles queries with preferences. In its core, 
PrefDB employs a preference-aware knowledge model 
and algebra, wherever preferences are treated as 
excellent voters. we have a tendency to outline a 
preference employing a condition on the tuples affected, 
a grading perform that scores these tuples, and a 
confidence that shows however assured these scores. In 
the knowledge model, tuples carry scores with 
confidences. The algebra contains the quality relative 
operators extended to handle scores and confidences. as 
an example, the be part of operator can be part of two 
tuples and reason a replacement score-confidence 
combine by combining the scores and confidences that 
go with them to tuples. Additionally, the pure 
mathematics contains a replacement operator, prefer, 
that evaluates a preference on a relation, i.e., given as 
inputs a relation and a preference on this relation, like 
outputs the relation with new scores and confidences. 

During preference analysis, each the conditional and also 
the grading a part of a preference are used. The 
conditional half acts as a ‘soft’ constraint that determines 
that tuples are scored while not disabling any tuples from 
the question result. During this method, PrefDB separates 
preference analysis from tuple filtering. This separation 
could be a characteristic feature of the work. It permits 

ABSTRACT   
In this paper, we tend to argue that preference-aware question process must be pushed nearer to the package. 
We tend to introduce a preference-aware relative information model that extends tuples with preferences 
associate degreed an extended pure mathematics that captures the essence of process queries with preferences. 
Supported a group of pure mathematics properties and a value model that we tend to propose, we offer many 
question optimization methods for extended question plans. Further, we tend to describe execution algorithmic 
rule that blends preference analysis with query execution, whereas creating effective use of the native question 
engine. We’ve got enforced our framework and strategies in an exceedingly paradigm system, PrefDB. PrefDB 
permits clear and economical analysis of advantageous queries on prime of a relative package 
 

Keywords: Group Bottom Up, Structure Query Language. 
 
 

http://www.ijetcr.org/


 Hariharan .G et al., International Journal of Engineering Technology and Computer Research (IJETCR)  
 

 

 
© 2013 IJETCR. All Rights Reserved. 
 
                                

Pa
ge

12
7 

Pa
ge

12
7 

Pa
ge

12
7 

Pa
ge

12
7 

Pa
ge

12
7 

Pa
ge

12
7 

Pa
ge

12
7 

Pa
ge

12
7 

Pa
ge

12
7 

Pa
ge

12
7 

Pa
ge

12
7 

Pa
ge

12
7 

Pa
ge

12
7 

Pa
ge

12
7 

Pa
ge

12
7 

Pa
ge

12
7 

Pa
ge

12
7 

Pa
ge

12
7 

Pa
ge

12
7 

Pa
ge

12
7 

Pa
ge

12
7 

North American country to outline the algebraical 
properties of the like operator and build generic question 
improvement and process strategies that are applicable 
despite the sort of preference per a question or the 
expected form of answer. 

For process a question with preferences, we tend to 
follow a hybrid approach with relevancy plug in Associate 
in nursing native approaches: First we construct an 
extended question set up that contains all operators that 
comprise a question and that we optimize it. Then, for 
process the optimized question set up, our general 
strategy is to mix question execution with like analysis 
and leverage the native question engine to method 
elements of the question that don't involve a prefer 
operator. 

Given a question with preferences, the goal of question 
optimization is to attenuate the price connected with 
preference analysis. Supported the algebraical properties 
of like, we apply a collection of heuristic rules about to 
minimize the quantity of tuples that area unit given as 
input to the like operators. we offer a cost-based 
question optimization approach exploitation the output 
set up of the primary step as a skeleton and a price model 
for preference analysis, the question optimizer calculates 
the prices of other plans that interleave preference 
analysis and question processing in numerous ways that 
to set up enumeration strategies, i.e., a dynamic 
programming and a greedy formula area unit projected. 
The conception of preference-aware question process 
seems in several applications, wherever there’s a matter 
of selection among alternatives, together with question 
personalization, recommendations and multi-criteria.  

1. RELATED WORKS 
In representing preferences, there are two approaches. 
Within the qualitative approach, preferences are given 
exploitation binary predicates known as preference 
relations. In quantitative approaches, preferences are 
expressed as scores appointed to tuples or question 
conditions. Existing works have studied varied styles of 
preferences together with likes and dislikes [16], [18], 
multi-granular preferences that involve several attributes 
[9] and context-dependent preferences [3]. Within the 
latter case, the context may be set by the information [3].  
Several economical algorithms are projected for process 
differing kinds of queries, together with top queries [12] 
and skylines [8]. These algorithms moreover as question 
translation ways area unit usually enforced outside the 
DBMS. Thus, they'll solely apply coarse-grained question 
optimizations, like reducing the amount of queries sent to 
the DBMS. Native implementations modify the info 

engine by adding specific physical operators and 
algorithms. RankSQL [21] extends the relative pure 
mathematics with a replacement operator known as rank 
that permits pipelining and thus optimizing top-k queries. 
Another example of operator is that the winnow operator 
[9], that selects all tuples appreciate the sociologist best 
set. In paper [23,24] presented data set preparation using 
structure query language. 

Our approach is completely different from existing works 
in many ways that. First, existing techniques area unit 
restricted to a selected sort of question. In distinction to 
those approaches, we have a tendency to consider 
preference analysis and choice of the popular tuples that 
may comprise the question answer as two operations. 
We have a tendency to specialize in preference analysis 
as one operator which will be combined with alternative 
operators and that we use its pure mathematics 
properties so as to develop generic question optimization 
and process techniques. Finally, we have a tendency to 
follow a hybrid implementation that's nearer to the info 
than plug-in approaches nevertheless not strictly native, 
therefore combining the professionals of each world.  

Motivated by the constraints of plug-in and native 
approaches, a unique approach to versatile process of 
queries with preferences is enabled in Flex Pref [20]. Flex 
Pref permits group action completely different 
preference algorithms into the information by process a 
group of rules that confirm the foremost most well-liked 
tuples. Flex Pref leverages these rules so as to optimize 
some common information operations. During this work 
we have a tendency to take a unique, supplementary to 
Flex Pref approach. Above all, we have the analysis of 
every preference as associate operator that's freelance of 
however most well-liked results area unit elect. Then our 
goal is to optimize the question arrange as an entire, 
instead of individual operations as Flex Pref will. We have 
a tendency to gift cost-based question optimizations that 
leverage the preference properties, the information 
statistics and a price model that we've developed for 
extended question plans, such the impact of preference 
analysis on question process is reduced. Note that our 
techniques may be applied not solely on conditional 
preferences, where ever preference selectivity area unit a 
vital concern, however conjointly for any scoring-based 
preference, together with those who Flex Pref handles. 

2. PREFERENCE MODEL 
We think about a computer database. Every base relation 
metallic element within the info encompasses a set A = of 
attributes, and t could be a tuple within the instance of 
metallic element. For Associate in Nursing attribute Ai, 1 
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≤ i ≤ d, we are going to use tail to denote the worth of t 
for Ai, and dom(Ai) for the domain of Ai. A preference p is 
outlined on a base relation metallic element as a triple 
with a conditional half that describes the tuples that area 
unit suffering from the preference, a evaluation half that 
scores these tuples, and a confidence half as a degree of 
certainty for the preference.  

A preference p on a base relation metallic element could 
be a triple (σφ , S, C), wherever σφ could be a choice 
condition involving a collection Aφ⊆ A of attributes from 
metallic element, S could be a operate outlined on the 
intersection of a collection As ⊆ A of attributes from RB, 
such S: Ai∈Asdom(Ai) → [0, 1] ∪ , and C could be a 
constant in [0, 1]. Which means of preference p is that 
every tuple t that belongs to the relation σφ (RB) is 
related to a score through a operate S confidently C. A 
tuple t is preferred over a tuple t if t encompasses at 
higher score than t . Score ⊥ suggests lack of preference 
data and it's used because the default tuple score. Score 
one expresses sturdy like whereas score zero expresses 
sturdy dislike. Note that the domain of values for scores 
will be totally different, for instance, mistreatment 
positive scores for like and negative scores for dislike. 
This selection is orthogonal to our framework. we have a 
tendency to selected to stay scores in [0, 1] ∪ as a result 
of in most applications folks area unit wont to rate things 
in an exceedingly positive scale instead of a negative one, 
as an example mistreatment 1-5 stars or 1-10 ratings, 
wherever little values categorical dislike. 

The evaluation operate S might assign a similar constant 
score worth to all or any tuples in σφ (RB) or assign totally 
different scores to those tuples supported the values of 
the attributes in As many ways that to extract a 
evaluation operate S that captures a user’s preferences 
are project e.g., supported machine learning [11], [15] or 
question log mining [14]. Hereafter, assume that 
applicable scoring functions and also the various 
preference conditions are offered. 
 

Confidence captures the uncertainty obligatory by the 
preference learning technique. Intuitively, higher 
confidence indicates a lot of or higher proof for a 
preference. A preference p expressly provided by a user 
are the foremost assured, i.e., with a confidence worth 
adequate one. On the opposite hand, for preferences 
that haven't been expressed by a user, their confidence 
worth can rely upon the preference learning technique. 
as an example, if the user has watched several comedies, 
then a learning technique will deduce that the user likes 
comedies and assign a confidence worth that takes under 
consideration the sample size, i.e., the number of 

comedies altogether the films the user has seen, to 
support this preference. Confidence will be used as a 
weight that influences the whole score of an information 
tuple. 

3. GBU ALGORITHM 
Propose a more efficient execution algorithm termed 
Group Bottom-Up (GBU). The basic improvements 
offered by GBU are that it (i) saves Input and output by 
grouping operators, and it (ii) calls upon the native query 
engine for operator execution whenever this is possible. 
By combining operators we avoid materializing 
intermediate tables for each individual operator. 
Moreover, when combining consecutive prefer operators 
the stored procedure that implements prefer is called 
only once. By delegating execution to the database, we 
leverage the optimizations provided such as efficient 
access paths, physical operators’ implementation and 
operator pipelining. With a mind on our first goal, we 
provide a set of rules that determine when an operator 
can be deferred, such that it can be combined with 
subsequent operators:  
• The execution of a select or project can be postponed. 
• Consecutive prefer operators can be executed in a 
single operation. 
• The execution of a join operator can be postponed as 
long as at least one input score table is empty. 

4. SYSTEM IMPLEMENTATION 
A preference-aware relational system that transparently 
and efficiently handles queries with preferences. In its 
core, PrefDB employs a preference-aware data model 
and algebra, where preferences are treated as first-class 
citizens.  In our data model, tuples carry scores with 
confidences. Our algebra comprises the standard 
relational operators extended to handle scores and 
confidences. In addition, our algebra contains a new 
operator, prefer, that evaluates a preference on a 
relation. 

Input the user query and related preferences, the query 
parser initially constructs a baseline extended query plan 
keeping the order of the operators as defined in the user 
query. For instance, p3 is defined on ACTORS; thereby the 
query parser will add movies cast actors. Further, the 
query parser adds a prefer operator for each preference. 
Finally, the query parser checks for each preference, 
whether it involves an attribute that does not appear in 
the query and modifies project operators.  

An extended plan involves prefer operators and extended 
relational operators. Out-of-the-box query optimizers 
cannot be used for such plans.  Notice that our system 
implementation distinguishes among tuples that are 
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related with the non-preference query part  and those 
related with preference evaluation. Our extended 
relational operators and the prefer operator do not 
change how tuples are filtered or joined; for instance, 
prefer operator does not filter any tuples. Therefore our 
extended relational operators do not affect the non-
preference relation.  
 

 
 

Figure 1: Process of Preferential Query 
 

The execution engine of PrefDB is responsible for 
processing a preferential query is in figure 1, which we 
have developed, Presents two plug-in variations that we 
have implemented. We provide a set of rules that 
determine when an operator can be deferred, such that it 
can be combined with subsequent operators: The 
execution of a select or project can be postponed. 
Consecutive prefer operators can be executed in a single 
operation. The execution of a join operator can be 
postponed as long as at least one input score table is 
empty. 

5. CONCLUSION 
We presented a preference-aware data model where 
preferences appear as first-class citizens and preference 
evaluation is captured as a special ‘prefer’ operator. The 
algebraic properties of the new operator and applied 
them in order to develop cost-based query optimizations 
and holistic query processing methods. Our experiments 
using a prototype system implementation demonstrated 
the performance advantages of our methods when 
compared with two variation of a plug-in strategy.  
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