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Abstract 
Classical query optimizers rely on sophisticated cost models to estimate 

the cost of executing a query and its operators. By using this cost model, an 

efficient global plan is created by the optimizer which will be used to 

execute a given query. This  cost  modeling  facility is difficult  to  be  

implemented in  Web query engines because many local data sources 

might not be  comfortable  in  sharing  meta  data information  due to 

confidentiality issues. 

In this work, an efficient and effective cost modeling techniques for Web 

query engines are proposed.  These techniques  does not force the local 

data  sources  to  reveal  their  meta  data  but  employs  a learning 

mechanism  to estimate the cost of executing a given local query. Two cost 

modeling algorithms namely: Poisson cost model algorithm and 

Exponential cost model algorithm is presented. Empirical results over real 

world datasets reveal the efficiency and effectiveness of the new cost 

models. 
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1. Introduction 

Web applications [1] have become a major tool in storing and accessing 

data. The data sources of Web applications are often located in different 

geographical locations. The Web application integrates these different data 

sources and builds an user required application. This framework even-though 

has provided an opportunity to integrate different data sources with minimal 

overhead, it suffers from performance bottlenecks due to bloated response 

times [2]. Consider a Web application which provides users information 

about properties in a particular city. Now the details of each real estate 

company and their corresponding property information is stored in their 

respective databases. The owners of such data sources might not be willing 

to migrate their entire data information due to confidentiality reasons. So, a 

Web application can be built by integrating these data sources without 

migrating the local data [2]. 

 

Figure 1: Web Query Engine 

The Web application is built over a Web query engine shown in Figure 1 

which is responsible for the execution of the query and providing the 

required answers. The Web application interface is connected with a 

component called as the Mediator.  This Mediator manages the execution of 

the Web query.  It divides the Web query into a group of local queries 

which will be mapped to the required local data sources. The local data 

sources also have a component called the Wrapper which acts as a interface 

between the local data source and the Mediator. The Mediator presents the 

local query to the Wrapper which executes this query. The executed result is 

converted to the desired format as specified by the Mediator.  Then, Mediator 

combines the results from different Wrappers and joins the result to be 
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presented to the user of the Web application. 

The  classical  query  optimizers  use  sophisticated cost  models  to compute  

the  cost of executing  a particular query.  This query cost is composed of 

individual cost of the operators that are part of the final query plan.  Each 

query might generate multiple plans and the minimum cost plan is selected for 

query execution.   The same facility is absent in Web query engines and it 

has remained an open issue [3–6]. The reason being, local data sources have 

their own individual operator/plans to execute a given local query. Local 

data sources might not be comfortable in sharing this execution plan 

information with the Mediator. Due to the absence of cost information the 

Mediator is handicapped to produce an efficient global plan.  So, the  

mediator might produce an inefficient plan which can result in bloated  

response time for the  Web application user thereby, increasing  the  

dissatisfaction  of the  user  in adapting that Web  application. So, it is 

crucial to develop some efficient and effective techniques to model the cost of 

executing a local query without relying on the local data sources to provide 

that information. 

In this work, the problem of developing cost models for Web query 

execution engine is addressed and the following contributions are made: 

1. Empirical investigations were conducted to determine the best fitting 

cost model.  Two cost models were found suitable to be applied on 

this problem. They are, Poisson cost model and the Exponential cost 

model. 

2. The Poisson cost model is illustrated by describing the parameter 

estimation technique and cost model calculation algorithm. 

3. Similarly, the Exponential cost model is presented with its 

parameter estimation technique and cost model calculation 

algorithm. 

4. Empirical validation is performed on DBLP dataset. The effectiveness 

of these cost models are exhibited. 

2. Related Work 

There are 4 frameworks for designing Web Query execution engines. The  

cost  based  framework  [7–10] produces  the  best  plan  which  has the 

minimum  cost among the set of competing  plans.  This framework has a 

similar design when compared with classical database optimizers. The other 

3 remaining frameworks deal with the result quality [11, 12], failure 

adaptability [13–15] and data source quality [16–19]. These  3 frameworks do 

not aim to produce the minimum cost plan but, provide other  functionalities 

such  as,  better  quality  of result,  recovery  from system failures and 

analyzing  the properties  of local data  sources. 

Effective cost models for Web query execution engine are still elusive.  Lack 

of cooperation from the local data sources has lead to the design of 
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ineffective techniques which can suffer from frequent bloated response time 

problem [7–10].  

Until, effective  cost  models  are  de- signed  the  Web  query  execution  

engine  will continue  to  suffer from performance bottlenecks. 

3. Problem Framework 

Let,  x  and  y be  the  number  of tuples  retrieved  and  the  execution cost 

in seconds for a local query Q executed  at  the  local data  source L.  The 

training set is given by, Training Set = [x1y1, x2y2,...xn yn ]. Here, xj and yj 

(1 ≤ j ≤ n) be the number of tuples retrieved  and the execution cost in 

seconds for a local query Qj .The task is to compute the  execution  cost  ŷi  

for a non  training  set  query  Qi  which  has  an estimated number  of tuples  

x̂i . 

4. Poisson Cost Model 

The Poisson cost model is developed by using the Poisson distribution. For 

a random variable y, the Poisson density function is illustrated in Equation 

1.  The expected value for y is E(y) = µ and variance of y is V ar(y) = µ. 

 (1) 

The regression function which models the relationship between xi and yi is 

shown in Equation 2. 

  (2)  

Here, E(yi ) = µi . 

The link function g( ) and its relation  with µi is illustrated in Equa- tions 3 

and 4. 

   (3) 

    (4)  

If g( ) is an identity link then,  its relationship with µi  is shown in 

Equation 5. 
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     (5)  

If g( ) is a log link then,  its relationship with µi is shown in Equation 6 

and 7. 

    (6) 

    (7) 

The parameter β needs to be estimated from the likelihood function 

shown in Equation 8. 
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The log likelihood function shown in Equation 9 is maximized wrt the 

parameter β. The parameter β obtained by this maximization procedure will 

be its estimated value which will be denoted as β̂. 
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So, the regression function describing the relationship between ŷI and β̂  is 

described in Equation 10. 

=  )         (10)  

Finally, the estimated value  of yi  by using identity link function is given  

in  Equation 11 and  by  using  log link  function  is given  in Equation12. 

=             (11) 

=  )             (12) 

If, instead of xi its estimated value x̂i is used then, the Equations 11 and 12 

become as shown in Equations 13 and 14. 
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   (14) 

The Algorithm 1 describes the procedure to estimate the cost of running a 

local query over a given local data source.  In the pre processing module, the 

parameter β̂ is estimated by log likelihood function maximization through 

the parameter β. The value of β that maximizes this log likelihood function 

will become the estimated value β̂ . 

During query execution stage, the mediator system needs to calculate the 

cost of executing the local query.  So, it estimates the cost ŷi by using 

Equation 13 or Equation 14.  The mediator  system  uses this cost 

information  to  build  an  efficient global  plan  for executing  the  Web 

query.  After  the  executing,  the  actual  number  of tuples  in result  set of 

Li  and  its execution  cost  is updated in training  set to recalculate the 

parameter β̂  for future  cost calculation. 

Algorithm 1: Poisson Cost Model Algorithm 

[Pre-Processing Step] 

Calculate the parameter 

β̂ from the  training  set  by maximizing  the  log likelihood function 

given in Equation  9 w.r.t parameter β. [Query Execution  Module] 

Let Li be a local query provided to a local data source by the Mediator 

system. 

Let x̂i be the number of tuples that can be retrieved for Li . 

Calculate the estimated cost of executing Li by using the Equation 13 or 

Equation 14. 

Send the estimated cost ŷi to the mediator system. [Post-Processing 

Module] 

After executing Li, update the information about the actual cost of 

execution yi and actual result set size xi to the training set. 

Re perform the Pre-Processing Module. 
 

5. Exponential Cost Model 

The exponential cost model is built over the double exponential distribution 

shown in Equation 16. The regression model shown in Equation 15 can 

also be termed as robust regression model because unlike classical regression 

model, it does not assume normal observations of the training set. 

  (15) 
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The likelihood function to estimate the parameters β0 and β1 is shown in 

Equation 17. This involves minimizing the errors
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But,  the  regression model does not  assume  normal  errors and  hence, least 

square  parameter estimator used  in maximizing  the  likelihood  function 

f a i l s  to  provide  good estimates   because it  requires  normal error 

distribution. So, robust estimators shown in Equation 18. 
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Equation 19 is an scale invariant version of Equation 18. 
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The parameter s is estimated according to Equation 20. 

0.6745
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To minimize  Equation 19,  the  first  partial derivatives   of ρ w.r.t. βj (j = 

0, 1, ..k) are equated  with 0 which provides the required  conditions for 

minimization. This results in a system of p = k + 1 equations shown in 

Equation 21.  
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The Equation 21 can be rewritten as Equation 22 where the weights wi0 are 

given by Equation 23. 
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By using matrix notation Equation 22 becomes as shown in Equation 24. 
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The estimated parameter β̂  is shown in Equation 25. 

   (25) 

The Algorithm 2 describes the procedure for calculating the cost of executing 

a local query using the exponential cost model. This algorithm works on the 

similar lines of Algorithm 1 but instead of maximizing the likelihood 

function, minimization of robust regression function shown in Equation 19 is 

performed w.r.t. β to obtain the estimated parameter β̂. Finally, the cost of 

executing the local query ŷi is estimated by using the parameter β. 

Algorithm 2: Exponential Cost Model Algorithm 
 

[Pre-Processing Step] 

Calculate the parameter β̂  from the training set by minimizing the robust 

regression function given in Equation 19 w.r.t. parameter β. 

[Query Execution Module] 

Let Li be a local query provided to a local data source by the Mediator 

system. 

Let x̂i be the number of tuples that can be retrieved for Li . 

Calculate the estimated cost of executing Li by using the Equation 15 in 

which xi is replaced by its estimated value x̂i and parameter β̂ is 

calculated by Equation 25. 

Send the estimated cost ŷi to the mediator system. [Post-Processing 

Module] 

After executing Li, update the information about the actual cost of 

execution yi and actual result set size xi to the training set. 

Re-perform the Pre-Processing Module. 
 

6. Experiments 

The DBLP dataset is used for empirical study to demonstrate the performance 

efficiency of the proposed techniques for cost modeling. The dataset has a 

size of 650mb. The Web Query Engine was simulated by dividing each table 

in the DBLP dataset into simulated local data sources. Some of the tables 

were given exclusive security and autonomous privileges. Also, a modified 

DBLP dataset was created by injecting skew into the original tables. This 

skew version helps in evaluating the robustness of the new cost modeling 

techniques. The performance study involved both Poisson cost model 

algorithm(PCM) and Exponential cost model algorithm (ECM). 
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The first empirical study evaluates the performance of the 2 cost modeling 

techniques against the actual runtime costs. In Figure 2, both PCM and ECM 

perform similarly. This is because both the models have a good fitting for the 

cost estimation problem. 

 

Figure 2: Cost vs Query(DBLP) Figure 3: Cost vs Query(Skew DBLP) 

 

Figure 4: Cost vs No of Tuples(DBLP)  Figure 5: Cost vs No of Tuples  

                                                                  (Skew DBLP) 

The cost modeling techniques have a tendency to perform poorly in the 

presence of skew. So, the next empirical analysis shown in Figure 3 

evaluates the robustness of PCM and ECM techniques. As seen in Figure 3, 

both techniques demonstrate considerable performance robustness in the 

presence of skew. 

The  analysis  of cost  of executing  a  query  by  varying  the  query result  

size is shown  in  Figures 4 and 5. The query result size has little influence 

on the estimated cost quality of the new cost model techniques. 

The influence of database size on predicted costs of the new cost models are 

analyzed in Figures 6 and 7. This analysis involves, executing 2 queries on 

different sizes of the same database. As seen in Figures 6 and 7, the new 

cost models exhibit performance effectiveness even when there is variation 

in the number of tuples inside the underlying database.  
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Figure 6: DB Size vs Cost   Figure 7: DB Size vs Cost 

7. Conclusion 

In this work, the problem of estimating the execution cost of a local query 

that needs to be executed at a local data source is addressed. Two 

techniques namely: Poisson cost modeling technique and exponential cost 

modeling technique is proposed. Both the approaches have proved their 

effectiveness as seen in the empirical results. These 2 models have been 

selected after thorough empirical evaluations on many real world datasets 

such as IMDB, Wikipedia and DBLP.  Currently, these cost models can be 

directly used in many real world Web applications. In future, if some new 

dataset exhibits that these models are not suitable then, new model selection 

and evaluation is required.  

In future, better cost models can be built which will use the partial metadata 

information that can be procured by the local data sources. Also, 

integrating the classical cost modeling technique and the Web query engine 

cost modeling technique would prove beneficial. 
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