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Abstract 

Next generation decision support applications, besides be- 
ing capable of processing huge amounts of data, require the 
ability to integrate and reason over data from multiple, het- 
erogeneous data sources. Often, these data sources differ in 
a variety of aspects such as their data models, the query 
languages they support, and their network protocols. Also, 
typically they are spread over a wide geographical area. The 
cost of processing decision support queries in such a set- 
ting is quite high. However, processing these queries of- 
ten involves redundancies such as repeated access of same 
data source and multiple execution of similar processing se- 
quences. Minimizing these redundancies would significantly 
reduce the query processing cost. In this paper, we (1) pro- 
pose an architecture for processing complex decision sup- 
port queries involving multiple, heterogeneous data sources; 
(2) introduce the notion of transient-views - materialized 
views that exist only in the context of execution of a query 
- that is useful for minimizing the redundancies involved in 
the execution of these queries; (3) develop a cost-based al- 
gorithm that takes a query plan as input and generates an 
optimal “covering plan”, by minimizing redundancies in the 
original plan; (4) validate our approach by means of an im- 
plementation of the algorithms and a detailed performance 
study based on TPC-D benchmark queries on a commercial 
database system; and finally, (5) compare and contrast our 
approach with work in related areas, in particular, the ar- 
eas of answering queries using views and optimization using 
common sub-expressions. Our experiments demonstrate the 
practicality and usefulness of transient-views in significantly 
improving the performance of decision support queries. 

1 Introduction 

Recent advances in database research is paving the way for 
seamless access to electronic data available in a variety of 
sources including traditional database systems, repositories 
on the internet/World Wide Web, semi-structured docu- 
ments and file systems. Indeed, the ability to access, inte- 
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grate, and reason over data from diverse data sources is crit- 
ical for many next generation database applications. This 
‘interoperability’ problem has recently received considerable 
attention from database researchers [ASD+Sl, CGHt94, 
CAS94, PGW95, SAB+ 95, TRV96, LSS96, AMMT96, Abi97, 
HKWY97], to name a few). The majority of the approaches 
are based on the idea of developing a database-like ‘wrap- 
per’ for data sources and implementing queries against these 
sources [CGHt94, HKWY97, TRS97]. Typically, wrappers 
provide a relational or object-relational view of the data in 
the non-traditional sources, and enable the user to use a 
common language/interface to query data from the diverse 
sources. Systems that provide end users with an integrated 
view of data in multiple data sources are referred to as Het- 
erogeneous Database Systems (HDBS) and Multi-database 
Systems (MDBS), and are increasingly becoming relevant in 
the context of real-life business applications. 

To illustrate, consider an application where an invest- 
ment broker manages investment portfolios of his clients. 
The portfolio information is stored in a relational database, 
which also contains other information about the clients, such 
as, their address, profession, and etc. The broker obtains the 
latest as well as historical stock price information from the 
stock exchange servers on the Web, and maintains the ac- 
count information of the clients in a spreadsheet. In order 
to make complex decisions involving the buying and selling 
of stocks for the clients, the broker would have to analyze 
and compare information from all of these sources. 

Typically, these complex queries contain sub-queries that 
share computational steps. Analysis of the TPCD [TPC93] 
benchmark queries reveals that there is redundancy in com- 
putation even in simple queries Currently available database 
query optimizers do not have the wherewithal to identify 
these redundancies so that the results of one execution could 
be used for processing other segments of the query. Since 
decision support queries are typically time consuming to run, 
especially in a HDBS setting, identifying and sharing com- 
putational results judiciously, could lead to significant im- 
provements in performance. The example in the following 
section illustrates the kind of redundant computation that 
is typical of decision support queries. 

1.1 Motivating Example 

Consider the following decision support query, the invest- 
ment broker of the previous section wishes to express: List 
technology stocks owned by computer engineers that have 
a higher average sales volume over the past year, than the 
maximum sales volume any oil stock owned by a chemical 
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engineer reached in the first six months of the year; also list 
the name of the computer engineer. 

If we assume a relational wrapper for the data sources, 
and hence an SQL interface, the following is the query, the 
broker would express. 

DB2:Rinvest(name, prof, ticker, qty, date, price) 
Web: Wstock(ticker, cat, date, vol, endprice) 

SELECT Rinvest.name, Rinvest.ticker 
FROM Rinvest, Wstock 
WHERE Wstock.cat = ‘Tech’ AND 

Rinvest.Profession= ‘Computer Engineer’ 
Wstock.date <= ‘12/31/97’ AND 
Wstock.date >= ‘01/01/97’ AND 
Rinvest.ticker = Wstock.ticker 

GROUP BY Rinvest.name,Rinvest.ticker,Wstock.ticker 
HAVING AVG(Wstock.vol) > 

( SELECT MAX(Wstock.vol) 
FROM Wstock, Rinvest 
WHERE Rinvest.cat = 'Oil' 

AND Rinvest.Profession=‘Chemical Engineer’ 
AND Rinvest.ticker=Wstock.ticker 
AND Wstock. date <= ‘06/30/97’ 

Wstock.date >= ‘01/01/97’ ) 

The above query contains two query blocks: The first 
query block computes the average sales volume per day, of 
the technology stocks owned by computer engineers over the 
year 1997. The second query block computes the maximum 
sales volume of any oil stock owned by a chemical engineer 
reached in the first six months of 1997. 

Operationally, one way of processing this query would in- 
volve the following steps. These steps closely reflect the way 
most 

1. 

2. 

3. 

4. 

5. 

6. 

relational q;ery bptimizers execute the above query. 

query the web data source to identify the subrelation of 
oil stocks in the Wstock source for the first six months 
of 1997; 

obtain portfolio information for investors who are chem- 
ical engineers; 

join portfolio information with the volume information 
for oil stocks obtained from the web; 

perform a group by on volume to obtain the maximum 
volume of sales any oil stock traded; 

query the web source to identify the tech stocks in the 
Wstock source for 1997; 

obtain portfolio information for investors who are com- 
puter engineers; 

join the investor portfolio information with the volume 
information of tech stocks; 

perform a group by on the ticker to obtain the average 
volume of sales for each tech stock for each investor; 

filter the tech stocks based on if the average volume 
exceeds the number obtained in step (4); 

Note the similarity between step (1) and step (5) - both 
of them connect to the web source and obtain information 
on a certain type of stock. Since connecting multiple times 
to the web source is detrimental to performance, it would 
be better to combine these steps together - connect to the 

web source once and issue a query that gets both the oil 
stocks information and the technology stocks information at 
the same time, and later perform the necessary filtering op- 
erations to separate the oil data from the technology data. 
This would of course incur the extra overhead of storing the 
‘temporary data’ and the cost of applying the filtering oper- 
ations. However, the point to be noted is that a worthwhile 
trade-off exists between these two ways of performing the 
steps. Similarly, we can combine steps (2) and (6) to obtain 
with one scan of the Rinvest table, the portfolio information 
of investors who are chemical engineers or who are computer 
engineers. This would especially be profitable in the event 
that the Rinvest table does not have any index. Also, we 
can combine steps (3) and (7) to perform the join between 
the combined information obtained from the web source and 
from the investor table, in one shot. The group by operation 
obtained by combining (3) and (7) can also be combined into 
a single operation. This result can then be used to compute 
the average volume of technology stocks and the maximum 
volume of the oil stocks. 

If we were to exploit the ‘redundancies’ discussed above, 
the following would be the steps involved in processing the 
query. 

1. query the web data source to identify the subrelation 
of oil stocks and tech stocks at the web source for the 
year 1997; store the results in a temporary relation. 

2. obtain portfolio information for investors who are chem- 
ical engineers or computer engineers; store the results 
in a temporary relation. 

3. join the volume information obtained from the web 
(temporary relation of step (1)) with the portfolio in- 
formation (temporary relation of step (2)). 

4. perform a group by on investor name, investor pro- 
fession, and volume to obtain the maximum volume, 
and average volume of sales for the technology and oil 
stocks and store this in a temporary relation. 

5. scan the temporary relation of step (4) to obtain the 
maximum volume for the oil stocks owned by chemical 
engineers. 

6. scan the temporary relation of step (4) to obtain the 
average volume of the tech stocks owned by computer 
engineers. 

7. filter the tech stocks based on if the average volume 
exceeded the number obtained in step (5). 

This example illustrates that various steps in the process- 
ing of even some simple decision support queries. Some of 
these steps can be combined and later compensated with an 
aim towards improving overall performance. Our work was 

inspired by this observation. Clearly it is not certain that 
such a combine and compensate approach would lead to an 
improvement in performance. In this paper, we address the 
following questions: How can we exploit the phenomenon of 
repeated access of same data sources, and multiple execu- 
tion of similar processing sequences, inherent in processing 
complex decision support queries? What are the conditions 
under which combining steps and compensating for them 
later would lead to an improvement in performance? Which 
stage of query processing should we perform this analysis? 
And, how do we develop the necessary algorithms that are 
efficient, and at the same time implementable in commercial 
query processing systems in a non-intrusive manner? 
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1.2 Our Approach and Summary of Contributions 

In this paper, we study the problem of exploiting similari- 
ties in the steps involved in processing a complex decision 
support query. Towards this end, we introduce a notion of 
transient-views - materialized views that exist only in the 
context of execution of a query. Transient-views are an en- 
capsulation of similar execution steps combined into one. 
Our approach is based on analyzing the query plan gener- 
ated by an optimizer, for ‘equivalent’ subparts in the plan. 
We propose a notion of equivalent plans that is quite broad 
and hence allows for combining a large number of processing 
steps. We develop efficient algorithms for identifying simi- 
lar plans, combining them into transient-views, and filtering 
the views for compensation. The plan operators we con- 
sider include the SCAN , JOIN , GROUP BY , UNION operators 
as well as a novel RQUERY (Remote Query) operator. This 
latter operator assumes significance especially in the con- 
text of HDBS systems, where queries get executed in remote 
sources and the data returned is shipped over the wire, in the 
process incurring heavy connection and network costs. Also, 
the fact that our approach does not interfere with the func- 
tions of the query optimizer, makes it especially suitable in 
the context of HDBS systems. This is due to the fact that in 
these systems, the join enumerations of the query optimizer 
play a crucial role in improving performance. Our approach 
is cost-based and bootstraps on existing costing infrastruc- 
ture. A cost--based approach allows us to rigorously study 
the scenarios in which applying our technique of transient- 
view materialization would lead to a definite improvement 
in performance. The algorithms we propose, require sim- 
ple extensions to the query optimizer. We demonstrate the 
ease of implementing the algorithms by implementing and 
realizing it in the context of a commercial HDBS query op- 
timizer. We also undertake an extensive performance study 
based on the TPC-D benchmark queries and demonstrate 
that using transient-wiezus leads to significant improvement 
in the performance of decision support queries. 

1.3 Outline of the Paper 

This paper is organized as follows. In Section 2 we discuss 
related work. We describe the query processing architecture 
in Section 3. In Section 4 we introduce the notion of equiv- 
alent plans and describe an algorithm to identify equivalent 
subplans in a plan tree. Following this, in Section 5 we 
develop algorithms that generate transient-views, based on 
the information about equivalent subplans. We also develop 
a cost model that aids in evaluating the cost of executing 
queries when the transient-views are materialized. In Sec- 
tion 6, we run several performance experiments based on the 
TPCD benchmark queries and present an analysis of our re- 
sults. Finally, we discuss future research and conclude in 
Section 7. 

2 Related Work 

One of the early works on optimizing queries with common 
subexpression is the work of Hall [Ha176]. This work was 
based on identifying common subexpressions by examining 
the query syntax. Identifying redundant expressions based 
on the query syntax can have a detrimental effect of per- 
formance as it limits the optimizer’s choice for generating 
optimal plans. We illustrate this using an example in Sec- 
tion 6. In contrast, our work has its basis on identifying 
query plans that are similar but not necessarily identical. 
Since we identify subplan execution that can be shared af- 

ter optimization, our approach does not limit the optimizer 
choices. The cost-based approach that we use ensures that 
our substitutions only result in better plans. We compare 
transient-views with a syntax based approach in Section 6. 

The work closely related to ours is that of Sellis [Se188]. 
His work is in the context of optimizing multiple queries sub- 
mitted as a batch of queries to the database. Sellis describes 
two algorithms, Interleaved Execution(IE) and Heuristic Al- 
gorithm (HA), to identify common subplans that are iden- 
tical when multiple queries are submitted for batch execu- 
tion. The IE algorithm generates several redundant tem- 
porary relations for each pair of identical subplan opera- 
tors. The HA algorithm is based on the work by Grant and 
Minker [GM801 and [GM811 uses many non-optimal inter- 
mediate query plans for each query in the query batch to 
optimize the plan for the batch of queries so that the global 
plan is optimized. The HA and the IE algorithm require 
a strict notion of equality between query plans for them to 
be combined. The algorithms also assume that the identical 
subplans can be found easily. They also assume that the 
join predicates are simple equi-joins. In contrast, we use a 
very broad definition of equivalence, that includes plans with 
different predicates, different group by and join predicates. 

In an attempt to find fast access paths for view process- 
ing, Roussopoulos [Rou82b] and [Rou82a] provides a frame- 
work for interquery analysis based on query graphs intro- 
duced by Wong and Youssefi ([WYirS]). Kim [Kim841 de- 
scribes a two stage optimization procedure similar to that 
of [GM80]. The unit of sharing in queries in Kim’s proposal 
is a relation and does not extend to arbitrary expressions 
that are part of a query. Thus his work is applicable in a 
restricted setting of single relation queries. 

There are several papers that are based on caching query 
results, for answering future queries. Franklin [DFJ+96] use 
semantic data caching to identify data in the client buffer 
in a client-server environment. Finkelstein [Fin821 also use 
similar methods to cache data of previously executed queries 
to answer future queries. Jarke [Jar841 discusses the prob- 
lem of common subexpression isolation. He presents several 
different formulations of the problem under various query 
language frameworks. He discusses how common expres- 
sions can be detected and used according to their type. 

Recently there has been a lot of work in the area of us- 
ing materialized views to answer decision support queries. 
These papers are related to our work in that, transient-views 
are also materialized views used for improving efficiency of 
query processing. There is also research work that addresses 
the problem of maintaining materialized views so that they 
can be maintained efficiently when there are updates to the 
base tables. Ross et al. [RSS96] address the problem of effi- 
ciently maintaining materialized views by maintaining other 
materialized views. Srivastava et al. [SDJL96] and Levy et 
al. [LMSS95] describe algorithms to determine the portions 
of the query that can be expressed efficiently using the defi- 
nition of materialized views. Chaudhuri et al. [CKPS95] de- 
scribe the problem of optimizing queries in the presence of 
materialized views. They identify portions of the query that 
can be answered with the materialized view and determine 
if it is efficient to answer the query using the materialized 
view. 

In the area of Online Analytical Processing (OLAP), pa- 
pers have studied the problem of determining the views to 
materialize in the presence of space constraints so that com- 
putation can be speeded up to compute the Cube By op- 
erator proposed by Gray et al [GBLP95]. These papers 
are related to our work in that, they address the specific 
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problem of using materialized views while computing the 
Cube operator. Harinarayanan et al. [HRU96] have studied 
the problem of computing data cubes efficiently by mate- 
rializing intermediate results. They have also studied al- 
gorithms on when to construct indexes on intermediate re- 
sults [GH RU97]. Gupta [Gup97] develop a theoretical frame- 
work for identifying the views to materialize so that they 
can be maintained efficiently in the presence of storage con- 
straints. 

3 Architecture 

In this section, we describe the HDBS architecture which 
forms the setting for the work described in this paper. This 
architecture is loosely based on the DataJoiner [VZ97] het- 
erogeneous database system. The HDBMS provides a single 
database image to tables (or table views obtained via re- 
lational wrappers) in multiple data sources. The dat~abase 
clients access remote tables as local tables through user de- 
fined aliases. The presence of remote data sources is com- 
pletely transparent to the user and the user submits queries 
as though the queries were directed to local tables and gets 
back results as though they would have been generated on 
local tables. Queries submitted to the HDBS may access 
both the local and remote tables. The HDBS query proces- 
sor rewrites these queries, applies cost-based optimization to 
determine the which parts of the queries should be executed 
locally, and which should be ‘pushed-down’ to the remote 
sources. The parts of the query that should be executed 
remotely are translated to the lingua-franca (in the case of 
SQL databases, to the appropriate SQL dialects) of the re- 
mote sources and sent to the remote source for execution. 
The results received are translated, converted to local types, 
and combined with the results of queries on local tables and 
returned to the user. 

3.1 Query Optimizer 

Our optimizer architecture is based on the well-known STAR- 
BURST relational query optimizer [GLS93] and [HFLP89], 
extended to a HDBS setting. Figure 1 shows the stages that 
a query goes through in the optimizer before it is executed. 
Following is a brief description of each stage in the query 
optimizer: 

Parser: The query from the user is first parsed, se- 
mantically analyzed, and translated into a chosen in- 
ternal representation that is referred to as the Query 
Graph Model (QGM). 

Query Rewrite: The output of the parser is trans- 
formed by a set of rewrite rules [PHH92]. These rewrite 
rules are usually heuristics aiding in transforming the 
query representation into a better form in order for 
the the query optimizer to search a larger space for an 
optimal plan. 

Query Optimizer: The optimizer uses the rewritten 
query as input to generate query plans based on the 
capabilities of the remote data source. 

Code Generation: Code is generated for those por- 
tions of the query that needs to be executed locally as 
well as remotely. 

Figure 1 shows how our transient-view module fits in the 
above query processing architecture. The module takes as 
input the plan produced by the optimizer and identifies the 

Figure 1: Optimizer Architecture 

redundant computation in the plan. The optimizer plan is 
modified so that identical subplans are merged into a super- 
plan. The superplan is generated by the optimizer, based 
on the plan properties of the subplans being merged. The 
plan that is fed into the code generator consists of a global 
plan with redundant subplans eliminated. 

4 Equivalence Algorithm 

In this section, we introduce the terminology used in the rest 
of the paper and our notion of equivalence of query plans. 
We also present an algorithm that helps identify equivalent 
subplans in a given query plan. 

4.1 Definitions and Notation 

Our approach to optimizing decision support queries is based 
on studying the query execution plan generated by a cost- 
based optimizer [HFLP89], [JV84], and [SAC+79]. Natu- 
rally, we make use of the Plan tree as the underlying data 
structure for representing the query execution plan. 
Plan tree: The plan tree corresponding to a query Q is a 
directed acyclic graph (DAG) whose internal nodes corre- 
spond to the plan operators (introduced below) and the leaf 
nodes correspond to the relations at the data source. The 
plan “tree” could be a DAG since it could have common 
subexpressions. The algebraic expression computed by the 
root node of the tree is equivalent to Q. 
Plan Properties: Associated with a plan is a set of prop- 
erties that provide meta-information on the work done by 
the plan. Some of the properties naturally associated with 
a plan include: the tables involved in the execution of the 
plan, columns selected, aggregation functions, columns in- 
volved in the aggregation operation, the simple and join 
predicates, data sources where the plan executes, the es- 
timated cost of executing the plan, and an estimate of the 
number of rows returned by the plan. The properties in- 
formation summarizes the various tasks underlying the plan 
and its cost. Table 1 lists the properties we consider along 
with the notation we use for representing them r. 
Plan Operators: The plan operators are an encapsulated 
representation of the fundamental tasks performed by the 

‘In order to keep t,he descrlptmn simple we have not included the 
order and key property in the property list. For the purposes of this 
paper, if two plans differ in the order and key property, they are will 
not be considered equivalent. Please refer to [SVSB] we have defined 
a broader notion of plan equivalence to include the order and key 

properties 
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Property 
Tables 
Columns 
Join preds 
Simple preds 
Aggregation 
Group by list 
Data Source 
cost 
Cardinality 

Notation 1 Example 
T, I Relation Tl, T2 
COlS, Cl, c2, c3 
.JP, Tl.Cl RelOp T2.C2 
SR Tl.Cl RelOp Const 
AF,(Ezp) SUM, MIN, COUNT 

GC, GROUP BY Cl, C2 
s 

2054, 

11B2, WEB, ORACLE 
Time in ms 

CaTa, Number of Tuples 

Table 1: Plan Properties 

Operator 1 Input Parameter 
SCAN 1 Type (scan vs iscan) 

N&me ‘of Table 
Simple Predicates I 

JOIN 
Colimns selected 

1 Method (merge, nested . . . 
Outer Plan 
Inner Plan 
Join Predicates 

GROIJP RY Columns in select 
Aggregation Functions 
Group By list 

RQUERY Input plan 

I Data source 

Table 2: Operator and their Parameters /* The final select that makes use of the views */ 

query engine. The following is the list of operators [TRS97] 
we consider in our work: SCAN , JOIN , GROUP BY , and 
RQUERY . These operators form the building blocks for 
the query plan. We choose the above list of operators as 
they are sufficient to describe any plan tree with the prop- 
erties described in Table 1 The SCAN , JOIN , and the 
GROUP BY operators do not need any introduction. The re- 
mote query operator, RQUERY , is a novel operator that is 
unique to a setting consisting of remote data sources. It 
encapsulates the job (subplan) to be performed at a remote 
source. Thus, the unit of work ‘beneath’ this operator is 
performed at the remote source, and the data that is re- 
turned as a result of this execution is shipped to the local 
site. 

Each operator can be thought of as taking a plan or a 
set of plans and their associated properties as input and 
yielding a plan with a modified set of properties as output. 
Thus, the properties of a plan is recursively built using the 
plan operators. Table 2 presents the operators and the input 
parameters associated with them. 

To illustrate the above concepts, we now present an ex- 
ample of a query and its corresponding plan tree. 

Example 4.1 Consider the following query in the context 
of our investor application of Section 1.1. Display the in- 
vestor names and their investment value in technology stocks 
and oil stocks as of ‘11/03/g? for those investors for whom 
the average trading volumes of the technology and oil stocks 
in their portfolio was higher than the market trading volume 
of oil and technology stocks. Consider only those stocks in 
the portfolio that were bought prior to ‘10/01/97’. 

The following is an SQL rendering of the above query. 
For the sake of clarity, rather than a compelling need, we 
express this query via view definitions. 

/* This view retrieves the name, average volume,*/ 
/* number of stocks, and the net value of the */ 
/* investors investments in technology stocks */ 

CREATE VIEW Tech(name, id, vol, cnt,value) 
AS SELECT Rinvest.name, AVG(Wstock.vol), 

CDUNT(Wstock.vol), 
SUM(Rinvest.qty*Wstock.price) 

FROM Rinvest, Wstock 
WHERE Rinvest.ticker=Wstock.ticker 

AND Wstock.cat=‘Tech’ 
AND Wstock.date = ‘11/03/97’ 
AND Rinvest.buy < ‘10/01/97’ 

GROUP BY Rinvest .name 

/* This vien retrieves the name, average volume,;// 
/* number of stocks, and the net value of the 
/* investments in oil stocks of each investor */ 

CREATE VIEW Oil(name, id, vol, cnt, value) 
AS SELECT Flinvest.narae, Rinvest.id, 

AVG(Wstock.vol), COUNT(Wstock.vol), 
SUM(Rinvest.qty*Wstock.price) 

FROM Rinvest, Wstock 
WHERE Rinvest.ticker=Wstock.ticker 

AND Wstock.cat=‘Oil’ 
AND Wstock.date = ‘11/03/97’ 
AND Rinvest.buy < ‘10/01/97’ 

GROUP BY Rinvest.name 

SELECT Oil.name, Oil.value, Tech.value 
FROM Oil, Tech 
WHERE Oil.id = Tech.id 

AND (Oil.vol+Tech.vol)/(Oil.cnt+ Tech.cnt) > 
(SELELCT avg(Wstock.vol) 
FROM Wstock 
WHERE (Wstock.cat=‘Tech’ 

OR Wstock.cat=‘Oil’) 
AND Wstock.date = ‘11/03/97’) 

q 

Figure 2 shows the query plan that is generated by the 
optimizer. The query plan consists of operators that take 
one or more plans as input and produce results that are 
consumed by the operators above. 

Before closing this section, we note that our modeling 
of the plans, operators, and the properties, closely resemble 
the way most commercial relational systems implement their 
query engines [HFLP89]. 

4.2 Equivalence of Subplans 

As mentioned in Section 1, our approach to optimization is 
based on analyzing the query plan generated by the opti- 
mizer for ‘equivalent’ subparts in the plan, and combining 
them into a transient view so that the redundancies in com- 
putation is avoided. However, our notion of equivalence is 
broad in that, the result produced by the combined plan 
is a superset of the results produced by the plans that are 
combined. We obtain the results corresponding to each of 
the combined plan by applying filters on the transient view. 
Below, we formalize some of these notions. 

Definition 1 Let D be a database, P be a plan, and P(D) 
be the result obtained by applying P on D. We say plans A 
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N12 

Wstock.volume 

Figure 2: Query Plan 

and P2 are equivalent if there exists a plan P, and expres- 
sions El and E2 that represent a sequence of application of 
the operators of Section 4.1 such that, for any database D, 
PI(D) and P,(D) can be obtained from P(D) by applying 
El and E2 respectively. P is called a covering plan of PI 
and P2. 

Intuitively, the above definition of equivalence is based 
on the notion of information preservation ~ the covering plan 
preserves the information corresponding to the plans it cov- 
ers. The plans that are covered are considered equivalent. 

To illustrate, two scan operators that operate on identi- 
cal tables but apply different predicates would be considered 
equivalent in our approach. The plan that covers the scan 
operators is a new scan operator with an associated predi- 
cate that is an OR of the two predicates in the covered plans. 
The result associated with this plan is a superset of the re- 
sult associated with each input scan operator. The results 
corresponding to the covered plans, can be obtained from 
that of the covering plan by applying the predicates associ- 
ated with the covered scan operators as filter predicates. 

Note that the problem of identifying equivalent subplans 
in a plan is essentially the problem of identifying equivalent 
subtrees in a tree. Naturally, we define equivalence based 
on induction, equivalence of nodes being the base case. 

Definition 2 Let n1 and n2 be two nodes of a plan tree T. 
We define a relation N on nodes of T as follows. n1 N n2 
2% 

case n1 and n2 are: 

1. Tables ~ n1 and n2 should be identical; 

2. Plan Operators - their properties should agree as de- 
fined in Table 3, Table 4, Table 5, and Table 6 

The relation - is the symmetric, reflexive, transitive clo- 
sure of -. Thus, z is an equivalence relation. 

Note that by the above definition and the requirements 
imposed on the properties, the equivalence of two nodes ni 
and ns implies equivalence of the two subplans that respec- 
tively have ni and ns as their root. 

Table 3: Scan Properties 

We now present the rationale behind our choice of the 
equivalence conditions. 

l SCAN : A scan operator operates on one table and 
applies a set of predicates to the table and produces a 
set of columns as the result. Two scan operators are 
equivalent if they differ only in the columns they select 
and the simple predicates they apply2. The covering 
plan for the two scan operators is a new scan operator 
whose associated select list is a union of the columns 
selected by the covered operator and the columns in 
the predicate list of the two plans. The latter step is 
needed to ensure that we can apply the filter predi- 
cates. The predicate associated with the new scan op- 
erator is an OR of the covered operators’ predicates. 
The filter query, to be applied on the covered plan, 
is obtained from the predicates of each of the covered 
scan operators (for selecting the appropriate subset) 
as well as the select list associated with the covered 
operators (for projecting the appropriate columns). 

l JOIN : A join operator takes two plans as input and 
joins the two plans based on one or more predicates. 
We define two join operators to be equivalent if (i) 
the join method employed by them is identical, (ii) 
their inner plan belong to the same equivalence class, 
(iii) their outer plan belongs to the same equivalence 

‘Although, we require the scan type to be identical, we can relax 
this restriction for certain scan types. Refer to [SV98] for further 
details 
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Property ( Condition 
Join method I Identical 
Outer plan Equivalent 
Inner plan 

I I 
Equivalent 

Join medicates Identical 

Table 4: Join Properties 

Table 5: Group By Properties 

clasr?, and (iv) the join predicates are identical. Thus, 
the covering plan for the plan corresponding to the two 
join operators is a new join plan obtained from either 
of the covered plans by OR-ing the simple predicates in 
both the plans. The filtering query essentially consists 
of re-applying the simple predicates and projecting out 
the extra columns in the covering plan. 

l GROUP BY: The group by operator applies aggre- 
gation functions to the columns of the input plan. Two 
group by operators are considered to be equivalent if 
(i) the input plans to the group by operator are in 
the same equivalence class and (ii) the columns in the 
group by list of one of the operators is a subset of 
the columns in the group by list of the other opera- 
tor. The second restriction is to ensure that combining 
these two operators would indeed lead to a better per- 
formance. The covering plan is a new group by plan 
obtained from either of the covered plans by OR-ing 
the simple predicates in the covered plans and adding 
the columns mentioned in the simple predicates to the 
select as well as the group by list of the covering plan. 
The latter step is necessary to ensure that the cover- 
ing plan computes the right results for the aggregation 
columns. The filtering query performs the right selec- 
tions and projections (analogous to the case for the 
other operators) by deriving the necessary information 
from the predicates associated with the covered plans. 

Property Condition 
Input plan Equivalent 
Data source where plan executes Identical 

Table 6: Rquery Properties 

l RQUERY: The remote query operator represents 
the boundary with the remote database. It represents 
the point at which the results are fetched from the 
remote database. Two operators are equivalent if the 
input plans to the remote query operation are in the 
same equivalence class and the two queries operate on 
the same data source. 

3For join methods such as merge join and hash join we loosen 
this restriction, the inner and the outer can be interchanged. Refer 
to [SV98] for further details 

4.3 Equivalence Algorithm 

In this section, we describe an efficient algorithm that given 
a query plan, identifies equivalent subplans in it. The algo- 
rithm makes use of the notion of equivalence (-) introduced 
in the previous section, and is based on a level-by-level walk 
of the query plan tree. 

Algorithm 4.1 Equivalence Class Generation 
Input: Query Plan Tree T 
wt: Equivalence class of nodes in T with respect to N 
(Definition 2) 
Description: The algorithm is based on a level-by-level walk 
of the plan tree, starting with the leaf level, and identifying 
the nodes that are equivalent at that level, and using this in- 
formation to identify equivalent nodes at the next level and 
so on. 

begin 
cur-node = left most leaf; 
lvl = n; 
While (cur-node != root) { 

while (there are more nodes at level lul) { 
for (each unmarked node n at level lvl)( 

if (cur-node N n) { 
add-node-to-eq-class (lvl, cur-node, n) 
// adds node n to equiv..class[lvl][curnode] 
mark (cur-node); mark(n); 

1 
1 
cur-node = next unmarked node at level lvl; 

1 
lvl = lvl +l; cur-node = leftmostnode at level 1~1; 

1 
end 

Figure 2 illustrates a query plan along with the equiva- 
lence classes identified by the algorithm. The nodes repre- 
senting the same equivalence class are similarly shaded. 

5 Cost Considerations for Materializing Transient-Views 

Algorithm 4.1 of Section 4, generates several equivalence 
classes - each class containing the equivalent nodes in a plan 
tree. A naive approach to implementing our idea would be 
to materialize one transient-view for each equivalence claes, 
thus eliminating some of the redundancies present in the 
original plan. However, as we illustrate in Section 5.4, such 
an approach has the potential of degrading performance. In 
this section, we discuss how we leverage the existing cost- 
ing facilities of a relational engine to estimate the cost of 
adopting a transient-views approach to optimization. We 
also present an algorithm that makes use of the equivalence 
classes to generate a set of transient-views such that it is 
guaranteed that there is no degradation in performance. 

5.1 Transient-View Plan Generation 

Our approach to estimating the cost of materializing the 
transient view involves two major steps: (1) Make use of 
the property information associated with each subplan in a 
equivalence class to generate an (SQL) query that defines 
the transient view corresponding to the equivalence class 
and (2) run the query through the optimizer to generate the 
(optimized) covering plan as well as the cost for materializ- 
ing the transient-view. Below, we explain both these steps 
in detail. 

We derive the query that defines a transient view cor- 
responding to an equivalence class in the following way. 
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Property 
Tables 

1 Notation 1 View Property 
IT vt.tu) I Ti 

Columns C v,ew Cl u c2u 
Cpredl u Cpred2 

Join predicates JPv,ew JP, 
Simple Predicates SP,,,,, SPl OR SP2 
Aggregation AFtme, AE;(Ezp) u AFz(Eq) 
Group by list GCview GCI U GC2 U Addnit 
Data sources S vtew St 
cost COSLJrew To be determined 
Cardinality Cardvlevl To be determined 

Table 7: Covering Plan Properties 

First, we derive the property list associated with the cov- 
ering plan. We make use of these properties to generate 
the query that defines the transient-view. We obtain the 
properties of the covering plan from the properties of the 
subplan in the equivalence class corresponding to the cover- 
ing plan. If PI and PZ are two plans in the equivalence class, 
Table 7 shows the properties of the covering plan P, derived 
from the properties of PI and P2. We now present the ra- 
tionale behind how we derive the covering plan properties 
from those of the subplans. 

l Tables: All subplans in an equivalence class have 
identical tables represented by ‘7,. Hence, the covering 
plan has exactly the same set of tables. 

s Columns: The columns in the select list of the cov- 
ering plan is the union of the columns in the select list 
and the columns in the predicate list of the two sub- 
plans. We include the columns in the predicate list for 
the reasons that they play a crucial role in generating 
the filter predicates and for correctly computing the 
aggregation operation(s) present in the subplans. 

l Join Predicates: The join predicates in the subplans 
are identical by definition. Hence this property carries 
over to the the covering plan, unchanged. 

l Predicates: SP, is the representation of conjuncts of 
simple predicates of the form Co1 RelOp value in the 
two plans. The predicate property of the combined 
plan, SP,,,, is obtained by ORing SPl and SP2. If 
either SPl or SP2 is null, then the predicate property 
of the combined plan is also null. We can then op- 
timize the combined predicate by applying standard 
predicate optimization techniques, to remove redun- 
dancies, and merge the predicates. The column that 
are part of the predicates are also added to the select 
list and the group by list of the view. 

l Aggregation Function: The aggregation function 
property of the covering plan is the union of the ag- 
gregation functions in the subplans. 

l Group By List: The columns in the group by list, 
by definition, is a superset of the columns in the select 
list. The group by list of the covering plan is obtained 
as a union of the group by list in the subplans, and 
the columns that are part of any predicates mentioned 
in the subplans. The latter columns are included in 
order to correctly generate the filter predicates. 

s Data Source: The data source for the plans in the 
equivalence class are identical, and carry over to the 
covering plan as well. 

For the sake of clarity, our discussions above were based 
on obtaining the covering plan properties from the proper- 
ties of two subplans. Note that the properties of a plan that 
covers an equivalence class consisting of more than two el- 
ements can be obtained by a successive application of the 
above technique. 

The next step in our goal of obtaining the cost and cardi- 
nality information associated with materializing the transient- 
view, involves defining a SQL query based on the derived 
covering plan properties. Note that the covering plan prop- 
erties contain enough information to obtain the underlying 
the SQL statement in a straight-forward manner. Below, 
we present the generic SQL query that is derived from the 
covering plan properties of Table 7. 

SELECT Cols,,,,, AFv;,,,(Ezp) 
FROM Twew 
WHERE JP,,,,, 
AND SP,,,, 
GROUP BY GC,,,, 

The cost and cardinality information for materialing the 
transient-view is obtained by passing the above query through 
the optimizer module of the query processing engine. An im- 
portant point to note is that, we optimize only the portion 
of the query representing the transient-view and not the en- 
tire query. The cost information thus obtained, is used to 
decide if materializing the transient-views would indeed lead 
to a better performance. 

5.2 Filter Plans 

The transient-view materialization cost, discussed in the 
previous section is only part of the overall cost associated 
with using our approach for optimization. The other part 
concerns the cost for filtering the transient-view for the re- 
sults of the individual subplans. To obtain the filtering cost, 
we adopt a similar approach as before - that of defining 
queries corresponding to each of the filtering operation and 
running them through the optimizer. 

The filter query for each subplan is defined based on the 
properties of the transient-view and the subplan. Below, we 
present a generic filter query for a subplan P;, that gener- 
ates the results corresponding to Pi from the transient-view. 

SELECT COGS,, AFi(EZp) 
FROM TRANSIENT-VIEW 
WHERE SP, 
GROUP BY GC, 

We use the query optimizer to generate plans for the filter 
query. We use the plan information to generate executable 
code for the filters and the cost of the filter plan to determine 
if it is efficient to use transient-views. The cost property of 
the filter operation is represented by FilterCosti. 

5.3 Cost and Cardinality Information 

We compare the cost of executing the subplans in the equiv- 
alence class to the cost of materializing the transient-view 
and applying filters. If the latter cost is less than the cost 
of executing all the subplans, the transient-view is materi- 
alized. The following equation shows the cost formula used 
to study the trade-off in materializing the transient views, 
when there are n subplans in an equivalence class. 
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5.4 Equivalence Class Pruning 

The first phase of our algorithm (Algorithm 4.1) generates 
several equivalence classes at each level of the plan tree. 
However, as Example 5.1 below illustrates, plans in an equiv- 
alence class can potentially ‘subsume’ the plans in an equiv- 
alence class at a lower level. Thus, it is not meaningful 
to consider all the equivalence classes generated in the first 
phase of our algorithm for transient-view materialization. In 
this section, we discuss a strategy that helps prune the set of 
equivalence classes, for possible materialization as transient- 
views. 

Figure 3: Liberal 

Example 5.1 Figure 2 shows the plan generated by the 
query optimizer, and the set of equivalence classes generated 
by the first phase of the algorithm. Nodes belonging to the 
same equivalence class are shaded similarly. 
Level 1: EQ1.l: {Nl, N3}, EQ1.2: (N2, NJ, N5) EQ1.3:N5 
Level 2: EQ2.1 (N6, NT}, EQ2.2{N8) 
Level 3: EQ2.3 (N9, NlO} 

For this query there are three equivalence classes at level 
1. The equivalence class EQ2.1 at level 2 contains two JOIN 
operators that operate on the members of the level 1 equiv- 
alence class. The third level EQ2.3 has two group by nodes. 
Figure 3 shows the plan that results when we materialize 
all the equivalence classes. The transient-view materialized 
for EQl.1 is wasteful, since the equivalence class EQ2.1 is a 
super-set of the nodes contained in EQl.1. 

0 

Pruning Algorithm: We use the cost model and a hi- 
erarchical search algorithm to prune the classes for which 
we generate the transient-views. First, the cost of material- 
izing the transient-view and the filter plans is computed for 
all the equivalence classes. If the cost of the transient-view 
and applying the filters is higher than that of the original 
plan, the equivalence class is pruned. To avoid material- 
izing plans for equivalence classes that overlap, we use the 
following strategy. 

cllt=vo,,. 
or cat=‘Tach’) 

date=‘lllO9I97 

Figure 4: Plan Generated After Pruning Algorithm 

We pick equivalence classes at the highest level (Level 
3 in the above example), and add them to the selected&t. 
This ensures that we choose those equivalence classes that 
have nodes that share the most work in common. At subse- 
quent levels, we prune equivalence classes for which all the 
nodes have at least one ancestor as members of the same 
equivalence classes in the selected&t. We add the remain- 
ing equivalence classes to the selected-list. We only materi- 
alize the views for the equivalence classes in the selected-list. 
This enables us to choose a non-overlapping set of equiva- 
lence classes. Figure 4 shows the plan that is generated when 
we use this algorithm to prune the equivalence classes. In 
this figure only the equivalence classes E&2.1 and EQl.2 
are materialized. The algorithm for pruning the equivalence 
classes is described by Algorithm 5.1. 

Algorithm 5.1 Equivalence Class Pruning 
Input: Query Plan Tree T and equiv-class(]( 
wt: Pruned list of equivalence classes for materialization 
DGG$taon: The algorithm is based on computing the cost of 
all the equivalence classes and pruning those classes that do 
not improve performance. The algorithm also prunes those 
equivalence classes that overlap. 

begin 
For (each level 1~1) { 

For (all equivalence class at each level i) { 
ij (coat of materializing equiv-class[lvl][i] + 
filter plan cost 2 sum of plan cost) 
prune equiv.xlaas[lull[i]; 

1 
1 
Iv1 = highest level; 
selected-list = null; 
while (Iv1 2 1) { 

for (all equivalence classes i in lvl) { 
common-ancst = selectedlist; 
for (each plan p in equiv/lvl][ij) { 

equiv-ancat = equiv classes of ancestor nodes 
common-ancst = equiv-ancst n common-ancst 
if (common-ancst is null) ( 

add equiv[lvl][i] to selected-list; 
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break; 
I 

? zf (common-ancst not null) prune equiv[lvl][i]; , 

Iv1 _L Ivl- 1; 
I 

end 

6 Performance 

We implemented transient-views in DataJoiner [VZ97], a 
commercial heterogeneous database system, based on DB2. 
We used the TPCD benchmark queries to evaluate the per- 
formance impact of transient-views. Additionally, we formu- 
lated two queries based on the TPCD benchmark schema. 
We evaluated the queries on one processor RS6000 machines, 
on the AIX 3.2 platform. We ran the queries when the ma- 
chines were idle (both the local and remote database) and 
report the average execution times of 10 runs. 

The following is the outline of the rest of this section. 
First we briefly describe the TPCD schema in Section 6.1. 
Following this we describe the queries used to evaluate per- 
formance in Section 6.2. The performance results are dis- 
cussed in Section 6.3, and the results are summarized in 
Section 6.5. 

6.1 TPCD Benchmark Schema 

The schema for the TPCD benchmark consists of a SUP- 
PLIER(lOOO)the number in brackets indicates the cardinal- 
ity of the table) table and PART(20000) table for parts sup- 
plied by the suppliers. The information of the SUPPLIER- 
PART relationship was maintained in the table PARTSUPP 
(80000)a. Information regarding customers was in a CUS- 
TOMER (15000) table. Status information for orders placed 
by customers was maintained in the ORDER (150000) table. 
The key in the ORDER table was used to identify the parts 
and the suppliers from whom the part was ordered. This 
information was in a LINEITEM (600000) table, which also 
maintains shipping information, price, quantity ordered, and 
discount. The ORDER table also maintains the total price 
of the order, the order and ship priorities. We also had small 
NATION(25) and REGION(5) tables to associate suppliers 
and customers with the area they come from. For further 
information on the benchmark refer to the TPCD bench- 
mark specification [TPC93]. The overall database size was 
around IOOMB. 

We split the TPCD tables and placed the SUPPLIER, 
NATION, and REGION table on a remote database ac- 
cessed over the network. We placed the rest of the tables 
in the local DataJoiner database. DataJoiner accesses the 
remote tables through an user defined alias, eg: for SUP- 
PLIER the alias was REMDBSUPPLIER as though these 
were local tables. Even with placing the smaller tables at 
the remote database, we hope to show significant benefits for 
using transient-views. If we had placed the larger tales such 
as PART, PARTSUPP at the remote database, the benefits 
of transient-views would have been significantly better. 

6.2 Queries to Evaluate Performance 

Three queries, query 2, query 11, and query 15 were choseu 
from the TPCD benchmark suite. These three aueries were 

1 

chosen because, casual observation of these three queries 
suggest that these are likely to have redundant computation, 
and employing transient-views could be beneficial. We also 

evaluated the performance of the rest of the TPCD bench- 
mark queries (query 1 through query 17) with the transient- 
view algorithm. The transient-view generation algorithm 
did not detect any redundancy in computation. Therefore, 
the plans of these queries remained unchanged. We also for- 
mulated two queries based on the TPCD schema to further 
illustrate the power of transient-views. We briefly describe 
the queries here. 

l TPCD Q02: Find in a given region, for each part of a 
certain type and size, the supplier who can supply it at 
minimum cost. If several suppliers in that region offer 
the desired part type and size at the same (minimum) 
cost, the query lists the parts from the suppliers with 
the 100 highest account balances. For each supplier, 
the query lists the supplier’s account balance, name, 
nation, the parts number and manufacturer, the sup- 
plier’s address, phone number and comment informa- 
tion. 

. 

. 

. 

6.3 

TPCD Qll: This query finds by scanning the avail- 
able stock of suppliers in a given nation, all the parts 
that represent a significant percentage of the total value 
of all available parts. The query displays the part num- 
ber and the value of those parts in descending order of 
value. 

TPCD Ql5: Find all the suppliers who contributed 
the most to the overall revenue for parts shipped dur- 
ing a given quarter of a year. 

Queryl: Find the parts, whose size is 45 that repre- 
sents a significant percentage of the value of the parts 
that are of size 48. 

Query2: Print the names of those parts that were 
given a 10% discount and also taxed 10% that were 
returned and the returns were not accepted. 

Optimized Plan vs Transient-Views 

FB Transient-View 

60 m Optimized Plan 

Q’J2 Qll Ql5 
TPCD Queries 

Figure 5: TPCD Query Performance 

We evaluate the performance of transient-view on the three 
TPCD queries. Figure 5 shows the response times of the 
queries. The graph shows that using transient-views reduces 
the execution time for queries Qll and Ql5 nearly in half. 
Although the query syntax for QO2 suggests that it has re- 
dundancies, the transient-view mechanism does not detect 
any redundancies in the optimized plan. The reason for not 
detecting any redundancies will be better explained in in the 
next section. 
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Figure 6 shows the response time of the two queries that 
we formulated. Similar to the TPCD queries, the graph 
shows a 60% reduction in response time when transient- 
views were used for these two queries. 

QuerYI Quay2 
Formulated Queries 

Frgure 6: Query Performance 

6.4 Transient-View vs Query Rewrite 

In this section we demonstrate the detrimental effect of gen- 
erating common subexpressions to eliminate redundancies 
by examining the query syntax [Ha176]. We compare the 
performance of TPCD-Q02 with transient-views and with 
factoring redundancies based on the query syntax. 

For QO2, the common subexpression factoring algorithm 
based on query syntax identifies the join between PART- 
SUPP, REGION, SUPPLIER, and NATION as a common 
subexpression. By designating this as a common subexpres- 
sion, the factoring algorithm reduces the join enumeration 
choices for the optimizer. The optimizer cannot join the 
PART table with the PARTSUPP table and make use of 
the index on PARTSUPP table. The performance of query 
execution degrades significantly. The execution time was 
10 times worse than that of the optimized plan without 
factoring common subexpressions. On the other hand, the 
transient-view generation algorithm, does not detect any re- 
dundancies since the plan tree does not show any redundan- 
cies. Therefore, the performance remains the same. 

This experiment demonstrates that identifying common 
subexpression from the query syntax can severely degrade 
performance, while transient-views does not affect the query 
execution times when the optimized plan does not indicate 
redundancies. 

6.5 Summary of Results [AMMT96] 

In summary, our code has no impact on performance for 
queries that do not benefit from transient-views. The over- 
head of the algorithm to detect transient-views is negligible. 
Detecting and utilizing transient-views help improve per- 
formance tremendously as demonstrated by the reduction 
in half of the execution time of the two TPCD benchmark 
queries. The reason for this reduction is due to transient- 
views that avoids re-computing the results of a large sub- 
plan. If the subplan results are used multiple times within 
the same query, the performance benefits would be greater. 
Transient-views are used only when the performance ben- 
efits of using it is very clear. Comparison of employing 
transient-view with that of factoring common subexpres- 
sions based on query syntax shows that a query rewrite 

[ASD+ 911 

[CAS94] 

[CGH+94] 

Al Transient-View 
6x3 Optimized Plan 
I Quay Rewrite 

Qo2 
TPCD Query 

Figure 7: Query Rewrite vs Transient-View 

mechanism limits the optimizers choices in choosing plans. 
This could lead to plans that severely degrade performance. 

7 Conclusion 

For many next generation database applications, the ability 
to integrate and reason over data from multiple, heteroge- 
neous data sources is critical. Decision Support queries often 
involve processing huge amounts of data, stored in multiple, 
heterogeneous data sources, and often spread across geo- 
graphical and other boundaries. Processing these queries 
involves repeated access of the same data sources, and some- 
times multiple execution of similar processing sequences. 
In this paper we have described a cost-based optimization 
technique, based on a notion of transient-views, that en- 
ables us to remove redundant computation from the opti- 
mal plan generated by the optimizer. We define a broad 
notion of equivalence that enables us to capitalize on simi- 
larities in steps involved in processing a query. The novelty 
of our approach lies in the fact that multiple processing steps 
can be combined, executed as one step, and then compen- 
sated later - leading to an overall improvement in perfor- 
mance. Through performance evaluation experiments based 
on TPC-D benchmark queries, we show that the transient- 
view based approach leads to a significant improvement in 
performance of decision support queries. We have demon- 
strated the ease of implementing these algorithms by im- 
plementing it in a commercial heterogeneous database opti- 
mizer . 
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