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Abstract

Data warehousing systems collect data from multiple distributed data sources and store
integrated and summarized information in local databases for efficient data analysis and
mining. Sometimes, when analyzing data at a warehouse, it is useful to “drill down” and
investigate the source data from which certain warehouse data was derived. For a given
warehouse data item, identifying the exact set of source data items that produced the ware-
house data item is termed thata lineageproblem.

This thesis presents our research results on tracing data lineage in a warehousing envi-
ronment:

e Formal definitions of data lineage for data warehouses defined as relational mate-
rialized views over relational sources, and for warehouses defined using graphs of
general data transformations.

e Algorithms for lineage tracing, again considering both relational and transforma-
tional warehouses, along with a suite of optimization techniques.

e Performance evaluations through simulations, and a lineage tracing prototype devel-
oped within the WHIPS (WareHousing Information Processing System) project at
Stanford.

¢ Applying data lineage techniques to obtain improved algorithms for the well-known
database view update problem.
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Chapter 1
Introduction

In this thesis, we address the general problem of tracing data lineage in a warehousing
environment.Data warehousingystems integrate information from multiple distributed
data sourcesnto a central repository called data warehouséor efficient data analysis

and mining. Sometimes it is useful for an analyst to look not only at the information in the
warehouse, but also to investigate how certain warehouse information was derived from the
sources. Tracing warehouse data items back to the source data items from which they were
derived is termed theata lineageproblem. Data lineage helps users understand warehouse
data better, and can be crucial for in-depth data analysis and decision support.

1.1 Data Warehousing

The amount of relevant data available to enterprises is growing rapidly, and as it grows,
using the data effectively becomes more important and more challenging. To make in-
formed business decisions, analysts often need to pose complex ad-hoc queries over data
spanning multiple distributed, heterogeneous sources. Answering such queries on demand
can be difficult and inefficient: data from different sources must be extracted, integrated,
and processed at query time, and the sources may be expensive to access or periodically
unavailable.

One popular approach for enabling efficient data analysis and decision support over data
spanning multiple sources tkata warehousingCD97, 1K93, LW95, Wid95]. Instead of

1
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X

Query & Analysis

Integration & Maintenance

[ T e e —

Figure 1.1: A basic data warehousing architecture

integrating data from sources on demand at query time, data warehousing systems collect
data in advance, “cleanse” and integrate the data, and store the integrated information at
a centralized data repository calledlata warehouse Once this initialwarehouse load
process is completed, users can perform analysis and mining directly over the warehouse
data in an efficient and integrated manner. On the other hand, when the source data changes,
it is necessary to performvarehouse maintenante keep the warehouse data up-to-date.

Figure 1.1 shows the basic architecture of a data warehousing system with two major
components: the Integration & Maintenance (IM) component, responsible for collecting
and maintaining the warehouse data, and the Query & Analysis (QA) component, respon-
sible for fulfilling the information needs of end users. Note that the two components are
not independent. For example, what data the IM component should store depends on the
expected needs of end users. In this thesis, we focus on extending the traditional capa-
bilities of a QA component to include tracing data lineage, while taking both the QA and
IM components into consideration for performance concerns over the source data before
loading it into the warehouse.

We consider two warehousing scenariosational data warehouses aninsforma-
tional data warehouses. In the relational scenario, the warehouse data is defined as re-
lational viewsover relational sources specified using relational algebra. The warehouse
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Enrollment

course| student| units
Student Course csi2l ‘]OE 3
Program student| program course field ggij‘g Sgb g
program| unit_tuition Amy MS CSi121 Al CS145|  Jen 3
BS $2K Bob BS CS144| Networking cs145|  Ken 3
MS $2K Ed Web CS145| Databases csisal  Joe 3

PhD $2K Jen Web CS154| Theory .
- CS154| Mike 4
Dialin $4K Joe BS Cs221 Al cs242| Amy 3
Web $6K Ken Web CS242| Theory cs244|  Sue 3

Audit $1K Mike MS CS244| Networking

Sue Dialin CS245| Databases CS244| Amy 3
CS245| Amy 3
CS245| Ed 3
CS245| Ken 3

Figure 1.2: Source tables

views arematerializedin the sense that the view contents derived from the source tables
are physically stored at the warehouse. In the transformational scenario, the warehouse is
constructed through graphs of geneatata transformationswhich are arbitrary programs
performing data cleansing, integration, and summarization tasks over the source data before
loading it into the warehouse.

1.2 Data Lineage

Information stored at data warehouses is usually transformed, integrated, and summarized
for easier detection of trends and patterns. For in-depth analysis, however, it is often useful
to look not only at the information in the warehouse, but also to investigate how certain
warehouse information was derived from the sources. Given a warehouse data item
finding the exact set of source data items from whiakas derived is termed theéata
lineageproblem.

As an example, let us consider a university data warehouse constructed from four source
tables containing information about academic programs, students, courses, and current
course enrollments. Schemas and sample contents of the source tables are shown in Fig-
ure 1.2. From these sources, we can derive information about the tuition income of courses
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IncomeByField
field total tuition
Al $6K
Databases $84K
Networking $24K
Theory $20K

Figure 1.3: Warehouse table

Enrollment*

Student course| student| units

Program* student| program
— Course* CS145| Bob 3

program| unittuition Amy MS -

course field CS145| Jen 3

BS $2K Bob BS
CS145| Databases CS145| Ken 3

MS $2K Ed Web
CS245| Databasesg CS245| Amy 3

Web $6K Jen Web
Ken Web CS245 Ed 3
CS245| Ken 3

Figure 1.4: Lineage ofDatabases, $84K)

in each academic field, and store the result in a warehouseltedameByField  (Fig-

ure 1.3). The warehouse table shows that courses in Databases made over three times as
much money as courses in other fields. To figure out why database courses have achieved
such financial success, the University Dean decides to trace the lineage of the warehouse
data item(Databases, $84K). The lineage result is shown in Figure 1.4. It contains alll
database courses, their enroliments, and the associated student and payment information.
We can then see froitudent™ that many of the students who take database courses are
Web students. These students pay a much higher tuition rate than regular students, as seen
in Program*. Here we see the benefit of tracing a specific warehouse data item back to the
source data items from which it was derived.

Although from this example lineage tracing may appear easy, there are a number of
significant challenges in semantics, algorithms, efficiency, and implementation, all tackled
in this thesis. We outline the challenges and research contributions in Section 1.4, after
discussing some further applications of data lineage in Section 1.3.
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1.3 Lineage Applications

The primary general motivation for supporting data lineage is to enable further analysis of
interesting or potentially erroneous warehouse data, as illustrated by the example in Section
1.2. Here we also discuss how some specific applications can benefit from lineage tracing
techniques.

1.3.1 Data Analysis and Mining

Effective data analysis and mining requires facilities for data exploration at different lev-
els [CD97]. The ability to select a portion of relevant warehouse data and “drill through”

to its origins can be very useful for in-depth analysis and decision support, as shown in
our earlier example. In addition, an analyst may want to check the origins of suspect or
anomalous warehouse data, to verify the reliability of the sources or even repair erroneous
source data. For example, a warehouse expense summary might show a suspiciously high
figure for the purchase of 5 identical computers. Tracing the lineage of the summarized
data might reveal from the source data that one of the computers costs 10 times as much as
the others, an obvious data entry error (we hope).

1.3.2 Scientific Databases

In scientific environments, individual researchers share some commonly understood and
accepted source data, manipulating it using different algorithms and ad-hoc experiments
to derive new data, which is then added to the knowledge pool [HQGW93]. When exam-
ining other scientist’'s derived data, it is frequently useful to trace back to the commonly
understood source data from which it originated.

1.3.3 Data Cleaning

Data extracted from sources often is “cleansed” by various transformations before being
used to populate a data warehouse [GEFH. Data lineage helps locate the origins of
cleansed data items, allowing the system to send reports about the cleansing process back
to the sources, and debug transformations if anomalous output items are produced.
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As a debugging example, suppose a librarian is writing a transformation to cleanse the
data from a legacy bibliographic database. The transformation includes converting each
author’s first name into an initial (e.gJennifer Widom— J. Widon). When testing the
transformation on an input data set, it produces:

[8] H. Garcia-Molina and J. D. and J. Widom,
Database System Implementation, Prentice-Hall, 2000.

Tracing the lineage of this output data item produces:

[GUWOO0] Hector Garcia-Molina and Jeffrey D. Ullman and Jennifer Widom,

Database System Implementation, Prentice-Hall, 2000.
By comparing the output data item and its lineage, it becomes obvious that the transforma-
tion is not properly handling names with middle initials. That is, instead of keeping both
the middle initial and the last name, the transformation keeps only the middle initial.

1.3.4 Warehouse Load Resumption

Recovery from crashes during a data warehouse load or maintenance process (recall Section
1.1) can be extremely inefficient and expensive, since typically after a crash the warehouse
is simply erased and reloaded from scratch. Data lineage enables the resumption of a
warehouse load from where it was interrupted, without reloading or recomputing data that
was successfully produced before the crash. Reference [LGMWOQ] introduces a type of
data lineage and explains how it can be used to enable warehouse load resumption.

1.3.5 Materialized View Schema Evolution

When warehouse data is defined as materialized relational views (recall Section 1.1), it
may become necessary to modify the view definitions (e.g., add a column) under certain
circumstances [GMR95]. Data lineage can help “retrofit” existing view contents to the
new view definition, without recomputing the entire view. For example, suppose in our
IncomeByField warehouse view of Figure 1.3, we wish to add an additional column
students indicating the number of students enrolled in classes for each field. Instead of
recomputing the new view from scratch, it may be more efficient to compute values of the
new column from the lineage of each tuple in the view. For example, from the lineage of the
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original view tuple(Databases,$84K ) shown in Figure 1.4, we can count the number
of students in th&nrollment  lineage table to obtain the value for colustadents

1.3.6 View Update Problem

Tracing the origins of a given view data item is related to the well-knovew update
problem[BS81, DB78, Sto75]. In Chapter 4, we discuss this relationship in detail, and
show how lineage tracing can be used to improve upon previous algorithms for certain
aspects of view update.

1.4 Research Challenges and Thesis Contributions

We will consider two distinct data warehousing scenarios: warehouses defined by relational
views and warehouses defined by general data transformations (Section 1.1). Under each
scenario, we define data lineage formally, provide lineage tracing algorithms, and introduce
optimization techniques for improved tracing performance. Based on our results for the
relational view case, we have implemented a lineage tracing system prototype within the
WHIPS [HGMW"95] data warehousing project at Stanford. We also have implemented
and experimented with our algorithms for the transformational case, although not in the
context of a significant data warehousing prototype.

1.4.1 Data Lineage for Relational Views

We first consider the relational scenario, where the warehouse data is defined as relational
views over relational sources specified using relational algebra.

Lineage Definition and Tracing Algorithms

A relational view definition provides a mapping from the source data to the view data.
Given a state of the source data, we can compute the corresponding view according to the
view definition. However, determining the inverse mapping—from a view data item back
to the source data that produced it—is not as straightforward. To determine the inverse
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mapping accurately, we not only need the view definition, but we also need the source data
and some additional information.

In Chapter 2, we formulate the data lineage problem in this environment by giving a
declarative, inductive definition of data lineage for arbitrarily complex relational views de-
fined using select, project, join, aggregation, union, intersection, and difference operators.
We develop lineage tracing algorithms that wisecing proceduresver source tables to
retrieve data lineage for given view data items. The tracing procedures are generated auto-
matically based on the view definition, and all queries in the procedures can be optimized
easily by a standard database management system (DBMS). We first consider the problem
under set semantics, then extend our results to handle bag (multiset) semantics.

Storing Auxiliary Views for Improved Tracing Performance

To compute the lineage of a view data item, our tracing procedures use the view defini-
tion and the source data, as well as poss#uiiliary informationrepresenting certain
intermediate results in the view definition. In a distributed multi-source data warehousing
environment, querying the sources during lineage tracing can be undesirable, difficult, or
impossible: sources may be inaccessible, expensive to access, slow or expensive to trans-
fer data from, and/or inconsistent with the views at the warehouse. By storing auxiliary
information in the warehouse, we can reduce or entirely avoid source accesses during lin-
eage tracing. There are numerous options for which auxiliary information to store, with
significant performance tradeoffs. For example, storing a copy of all source data in the
warehouse will improve lineage tracing by avoiding remote source queries altogether, but
it also significantly increases warehouse storage cost and may introduce extra maintenance
cost.

In Chapter 3, we start by introducing a family of schemes for staaumngliary viewsto
provide consistent and efficient lineage tracing for select-project-join (SPJ) views in a dis-
tributed warehousing environment. Our performance studies show that different schemes
offer different advantages and thus are suitable for different settings, depending on sys-
tem parameters such as network bandwidth and workload parameters such as query/update
ratio. We then propose algorithms for selecting auxiliary views for arbitrary SPJ views
with aggregation (ASPJ views). We suggest an initial search space of potentially beneficial



1.4. RESEARCH CHALLENGES AND THESIS CONTRIBUTIONS 9

auxiliary views based on aASPJ view normal forprand develop exhaustive and heuris-

tic algorithms for exploring the search space and selecting a set of auxiliary views. We
compare the optimality and running time of the algorithms using experiments based on the
TPC-D benchmark [TPC96], as well as on a variety of synthetic views and statistics.

Applying Lineage to the View Update Problem

As mentioned briefly in Section 1.3.6, data lineage is closely related to the well-studied
view update problemThe core of the view update problem is the ability to translate arbi-
trary updates on a view into updates on the relevant base (source) tables that the view is
defined on. Many previous approaches, e.g., [Cle78, Kel86, LS91, RS79], can handle only
limited types of views and updates, and/or they require participation from the view definer
or the view updater in specifying view update translations.

In Chapter 4, we study the relationship between data lineage and the view update prob-
lem for deletions. We use techniques based on data lineage to devise a fully automatic
algorithm for translating deletions against arbitrary SPJ views into deletions against the
underlying database. Our algorithm finds a translation that is guarantee@xadi¢side-
effect free) whenever an exact translation exists, using only the view definition at compile-
time and the base data at view-update time.

1.4.2 Data Lineage for General Transformations

In deployed production data warehouses, instead of using relational views, data imported
from the sources may be cleansed, integrated, and summarized through a sequence or graph
of transformationsMany commercial warehousing systems provide tools for creating and
managing such transformations as part of éktract-transform-loadETL) process, e.g.,

[Inf, Mic, PPD, Sag]. The transformations may vary from simple algebraic operations or
aggregations to complex procedural code. The lineage tracing problem for general data
transformations is considerably more difficult and open-ended than the problem for re-
lational views, because we no longer have the luxury of a fixed set of operators or the
algebraic properties offered by relational views. Furthermore, since transformation graphs
in real ETL processes can often be quite complex—containing as many as 60 or more
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transformations—the storage requirements and runtime overhead associated with lineage
tracing are very important considerations.

In Chapter 5, we formally define data lineage and provide lineage tracing algorithms for
data warehouses specified through general transformations. Our algorithms take advantage
of known structure or properties of transformations when present, but also work in the
absence of such information, and they apply to single transformations, linear sequences
of transformations, and arbitrary acyclic transformation graphs. We propose optimization
techniques for improving tracing performance in the case of large transformation graphs.
Our results can guide the design of data warehouses that enable effective lineage tracing.

1.4.3 Summary of Our Approach

Regardless of whether we are considering warehouses based on relational views or general
transformations, our overall approach to lineage tracing can be divided into three major
steps. At warehouse definition time, from the views or transformations we generate tracing
procedures and determine what auxiliary information needs to be stored for lineage tracing.
At warehouse load time, we compute the warehouse data as well as any auxiliary data
determined in the first step. At lineage tracing time, tracing procedures are issued to the
source and/or auxiliary data to compute the lineage result. All algorithms proposed in the
thesis have been implemented, and experimental results are reported.

1.5 Related Work

In this section, we review previous work that is broadly related to the data lineage problem.
Work related only to specific portions of the thesis is discussed in each chapter. Surveys on
the general research topic of data warehousing appear in [CD97, LW95, Wid95].

Most previous work on data lineage consideoarse-grainedschema-level) lineage
tracing based oannotationdBB99, HQGW93, LBM98]. Reference [LBM98] presents a
solution for explicitly storing lineage (which they calitribution) of data items in query re-
sults based on a mediation architecture. The lineage information identifying which sources
the warehouse data items were derived from, along with additional information such as
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timestamps and source quality, is stored when queries are computed. In the warehousing
context, [BB99] presents a scheme whereby the identifier of each warehouse data trans-
formation is attached to all objects generated by the transformation, so that the user can
trace which transformations produced each warehouse data object. This thesis focuses on
tracingfine-grained(instance-level) lineage. We believe that using the annotation-based
approaches for instance-level lineage tracing is likely to cause performance overhead at
warehouse loading and maintenance time. Therefore, we use a “lazy” approach that calls
tracing procedures only at lineage tracing time, in order to avoid such overhead. Our
approach also imposes no extra requirements on warehouse view computations or data
transformations, while annotation-based approaches often assume that these processes are
capable of performing lineage annotations or can be modified to do so.

Reference [FJS97] uses a statistical approach to reconstruct base data from summary
data and certain knowledge of constraints. This approach does not require access to the
base data. However, it provides only estimated lineage information, and does not ensure
accuracy. In contrast to all of the previous work discussed so far, we propose a solution
that computes exact, fine-grained lineage using tracing procedures generated automatically
from the warehouse definition.

In [WS97], a general framework is proposed for computing fine-grained data lineage
in a transformational setting. The paper defines and traces data lineage for each transfor-
mation based on weak inversewhich must be specified by the transformation definer.
Lineage tracing through a transformation graph proceeds by tracing through each path one
transformation at a time. In our approach for the transformational environment, the def-
inition and tracing of data lineage is based on general transformation properties, and we
specify an algorithm for combining transformations in a sequence or graph for improved
tracing performance.

There has been growing interest in data lineage tracing in industry. Most On-Line Ana-
lytical Processing (OLAP) systems support a “drill-down” capability for multidimensional
warehouse data, allowing aggregated data to be “unrolled” one level at a time within the
warehouse [GBLP96]. A few products further support “drilling through” to the original
transactional data, also stored in the warehouse [DB2, Pow]. Some on-line reporting sys-
tems allow report-to-report “drilling” based on annotations, e.g., by creating hyperlinks
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from data in one report to lineage information in another report [Imp]. All of these prod-
ucts focus on specific types of views in specific settings, and do not enable lineage tracing
through general relational views or transformations as we consider in this thesis.

1.6 Thesis Outline

The thesis proceeds as follows. Chapter 2 formulates the data lineage problem for relational
views and provides lineage tracing algorithms. Chapter 3 introduces a variety of auxiliary
view schemes to improve the performance of lineage tracing, and suggests algorithms for
selecting auxiliary views for arbitrary SPJ views with aggregation, based on overall lineage
tracing and view maintenance performance. In Chapter 4, we apply techniques based on
data lineage to the view update problem, specifically to devise a fully automatic algorithm
for translating view tuple deletions into source deletions. A complete treatment of lineage
tracing in the presence of general data warehouse transformations is presented in Chapter
5. Chapter 6 concludes the thesis and discusses future work.



Chapter 2
Data Lineage for Relational Views

In this chapter, we formally define data lineage and develop lineage tracing algorithms for
relational data warehouses. In particular we consider an environment where warehouse
data is specified as relational materialized views over relational sources. Views are speci-
fied using relational algebra. We begin the chapter with running examples in Section 2.1
to motivate the data lineage problem. These examples are revisited throughout the chapter.
We then present our relational view algebra in Section 2.2 and formally define data lineage
in Section 2.3. Section 2.4 presents our lineage tracing algorithms for Select-Project-Join
(SPJ) views, Section 2.5 extends the results to SPJ views with aggregation (ASPJ views),
and Section 2.6 further handles views with set union and difference operators. In Section
2.7, we adapt our work to bag (multiset) semantics. In Section 2.8 we revisit the introduc-
tory example from Section 1.2 of Chapter 1. Finally, Section 2.9 discusses related work,
and Section 2.10 concludes the chapter. The work presented in this chapter appeared orig-
inally in [CWWOQO].

2.1 Running Examples

Consider a data warehouse storing retail data derived from three source tables, whose
schema and sample contents are shown in Figures 2.1-2.3stdlee anditem ta-

bles are self-explanatory. Tisales table contains, for each store and item, the price of
the item and number sold at that store.

13
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| sid | s.name | city | state]
001 | Target Palo Alto CA
002 | Target Albany NY
003 | Macy’s | San Francisco] CA | sid | iid | price [ num |
004 | Macy's | New York City | NY 001 | 0001 4 1000
005 | Safeway Palo Alto CA 001 | 0002 1 3000
006 | Safeway Denver (6{0) 001 | 0004 | 30 600
. 002 | 0001 5 800
Flgure 2.1:store table 002 | 0002 D) 2000
002 | 0004 | 35 800
| iid | iname| category | 003 | 0003 | 45 | 1500
0001 | binder | stationery 003 | 0004 | 60 600
0002 | pencil | stationery 004 | 0003 | 50 | 2100
0003 | shirt clothing 004 | 0004 | 70 | 1200
0004 | pants clothing 004 | 0005 | 30 200
0005 pot kitchenware .
0006 | plate | kitchenware Figure 2.3:sales table
Figure 2.2:item table
CREATE VIEW Calif AS
SELECT s_name, i_name, num -"-[s_name, i_name, num
FROM  store, item, sales Ogate = "CA™
WHERE sales.s_id = store.s_id AND e

sales.i_id = item.i_id AND

store.state = "CA" —— =

Figure 2.4: View definition foCalif

Example 2.1.1 (Lineage of SPJ View) et us start with a simple example. Suppose an an-
alyst wants to follow the selling patterns of California stores. A materialized Gelif

can be defined in the data warehouse for this purpose. Figure 2.4 shows both SQL and re-
lational algebra definitions aZalif . The materialized view fo€alif over our sample

data is shown in Figure 2.5.

The analyst browses the view table and is interested in the second(yiget,
pencil, 3000). He would like to see the relevant detailed information and asks question
Q1: “Which base data produced tug®arget, pencil, 3000) in view Calif ?” Using
the algorithm presented in Section 2.4, we obtain the answer in Figure 2.6. The answer
tells us that the Target store in Palo Alto s80 pencils at a price of dollar each. That



2.1. RUNNING EXAMPLES 15

| s;name| i_-name| num ]
Target | binder | 1000
Target | pencil | 3000
Target | pants | 600
Macy’s | shirt | 1500
Macy’s | pants | 600

Figure 2.5: Contents aalif view

store item sales
| sid [ sname| city [ state] | iid |iname| category| |[sid | iid | price| num |
| 001 | Target| PaloAlto| CA | | 0002 | pencil | stationery| [ 001 ] 0002 | 1 [ 3000 |

Figure 2.6:Calif lineage for<Target,pencil,3000>

is, these three tuples join to form tkifearget, pencil, 3000) tuple. 0

Example 2.1.2 (Lineage of Aggregation View)Now let us consider another warehouse
view Clothing , for analyzing the total clothing sales of large stores (those that have sold
more tharb000 clothing items). The SQL and relational algebra definitions of the view are
shown in Figure 2.7. We extend traditional relational algebra with an aggregation operator,
denotedhg .44-(), WhereG is a list of grouping attributes, andgr(3) represents a list of
aggregate functions over attributes. (Details are given in Section 2.2.) Assuming the data
of Figures 2.1, 2.2, and 2.3, the materialized view contains one t(§dleQ).

The analyst may wish to learn more about the origins of this tuple, and asks question
Q2: “Which base data produced tupt®400> in view Clothing ?” Not surprisingly,
due to the more complex view definition, this question is more difficult to answer than
Q1. We develop the appropriate algorithms in Section 2.5, and Figure 2.8 presents the
answer. It lists all the branches of Macy'’s, the clothing items they sell (but not other items),
and the sales information. All of this information is used to derive the tap#00> in
Clothing . a

Questions such as Q1 and Q2 ask about the base tuples that derive a given view tuple.
We call these base tuples tderivation (or lineage of the view tuple. In Section 2.3,
we formally define the concept of view tuple derivation. Sections 2.4-2.7 then present
algorithms to compute tuple derivations for different view scenarios.
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Clothing

CREATE VIEW Clothing AS Ftotal

SELECT  sum(num) as total O'total > 5000

FROM item, store, sales (‘1

WHERE sales.s_id = store.s_id AND [ S-hame, sum(num) astotal
sales.i_id = item.i_id AND O category = "clothing"
item.category = "clothing" >‘<

GROUP BY s_name —

S— [S—
HAVING  total > 5000 item

Figure 2.7: View definition foClothing

sales
store item | sid | i-id | price | num ]
| sid | s.name] city | state] | iiid | i_-name] category| [003 | 0003 | 45 | 1500

003 | Macy’s | San Francisco| CA 0003 | shirt | clothing 003 | 0004 | 60 600
004 | Macy’s | New York City | NY 0004 | pants | clothing 004 | 0003 | 50 | 2100
004 | 0004 70 1200

Figure 2.8:Clothing lineage for<5400>

2.2 Preliminaries

Throughout the thesis, we assume that a table (relaiomith schemaR contains a set of
tuples{ty,...,t,}. A databaseD contains a list obase(sourcg tables(R;,..., R,,). A
viewV is a virtual or materialized result of a query over the base tabléxs ifihe query (or
the mapping from the base tables to the view table) is calledidvedefinition denoted as
v. We say thatR,, ..., R, derivesV if V. = v(Ry,..., R,). We consideset semantics
(no duplicates) in Sections 2.3-2.6 of this chapter. We adapt our wdskgasemantics
(duplicates permitted) in Section 2.7.

Under set semantics, we consider a class of views defined over base relations using
the relational algebra operataslection(o), projection(r), join (<), aggregation(«), set
union(U), andset differenc€—). We use the standard relational semantics, included here
for completeness. For an attribute list= A4, ..., A,,, we use the shorthandA to denote
(t. Ay, ... t.A).

e BasecaseR = {t|t € R}
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e Selectiono(V;) = {t |t € V; andt satisfies conditioi®'}

e Projection m4(V1) = {t.A|t € V1 }
Note that we assume thay, is duplicate-eliminating under set semantics.

o Join py(Vy, ..., Vi) = {{t1,.. ., tm) | t; € V; fOri = 1..m, and
thet,’s satisfy conditiorg}
In the remainder of the thesis, we will use the infix notatiogenerically to indicate
natural join (<), theta join £,), and cross-product«).

e Aggregation agaggrs) (Vi) = {(T.G, aggnT.B)) | T C V1, Vt, ' € T, Vt" ¢ T
t'.G=tG N t'G#t.G}
G is a grouping attribute list fron;, andaggr(B) represents a list of aggregation
functions applied to attributes &.> The aggregation operator groups the input table
V1 based on the grouping attributg such that each pair of tuples in each group have
the samé&~ value, and tuples across groups have diffeténalues. For each group
T, the answer contains the grouping vatii@nd the aggregate function results.

e SetUnionVy U---UV,, ={t|t eV, forsomei € 1.m}

e Set DifferenceV; — Vo, = {t |t € V; andt ¢ V,}

For convenience in formulation, when a view references the same relation more than
once, we consider each relation instance as a separate relation. For example, we treat the
self-join R <t R as (R asR;) < (R as R,), and we consideR; and R, to be two tables in
D. This approach allows view definitions to be expressed using an algebra tree instead of
a graph, while not limiting the views we can handle.

Any view definition in our language can be expressed usiogiery treg with base
tables as the leaf nodes and operators as inner nodes. Figures 2.4 and 2.7 show examples
of query trees. If a view definition contains only selection, projection, and join operators,

For notational purposes, we always assume €ha nonempty. An empty; (indicating aggregation
over all tuples) causes no problems in our framework since it only results in dropped projection attributes and
dropped selection conditions. However, we do not handle the special-case semantics of SQL aggregation that
produces a single tuple (with value 0, for example) in the case of aggregating over an empty set.
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we call it anSPJview. If the view contains aggregation operators, we call in&f view.
Finally, view definitions that also contain the other relational operators specified above
are calledgeneralviews, which encompass all conventional relational views, excluding
recursion or SQL-specific constructs.

2.3 View Tuple Derivations

In this section, we define the notion ofw@ple derivation which is the set of base relation
tuples that produce a given view tuple. To define the concept of derivation, we assume
logically that the view contents are computed by evaluating the view definition query tree
bottom-up. Each operator in the tree logically generates an intermediate result table based
on the results of its children nodes, and passes its result table upwards. We begin by fo-
cusing on individual relational operators, defining derivations of the operator’s result tuples
based on its input tuples. We then define tuple derivations for relational views inductively
based on tuple derivations for relational operators.

2.3.1 Tuple Derivations for Operators

According to relational semantics, each operator can generate its result tuple-by-tuple based
on its operand tables. Intuitively, given a tuplan the result of operato®p, some subset

of the input tuples produced We say that tuples in this subszintribute tot, and we call

the entire subset thaerivationof ¢. Input tuples not int’s derivation either contribute to
nothing, or only contribute to result tuples other thiakigure 2.9 illustrates the derivation
of a result tuple. In the figure, operatOp is applied to table§; and7;, which may be
base tables or temporary results from other operators. (In general, we'sige denote
base tables anfl’s to denote tables that may be base or derived.) Tabtethe operation
result. Given tuple in 7', only subsetd’* and7; of 7; and7; contribute tot. (77, 75) is
calledt’s derivation. The formal definition of tuple derivation for an operator is given next,
followed by additional explanation.

Definition 2.3.1 (Tuple Derivation for an Operator) Let Op be any relational operator
over tablesy, ..., T,,, and letl’ = Op(13, ..., T,,) be the table that results from applying
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TI* ;> T2*
T1 T2

Figure 2.9: Derivation of tuple

OptoTi,...,T,,. Given a tuple € T, we definet’s derivation inTy, ..., T,, according
to Opto beOp‘1<T1 () = (I7,...,T), whereTy, ..., T aremaximal subsets of

.....

T1,...,T,, such that:

(@ op(T7,...,T;) = {t}
(b) VT Vt* € T Op(Ty, ... {t*}, ..., T%) £ @

Also, we say tha®p ', (¢) = T} ist's derivation inT};, and each tuple in T} contributes
tot, fori =1..m. O

In Definition 2.3.1, requirement (a) says that the derivation tuple setd(tls¢ derive
exactlyt. From relational semantics, we know that for any result tupteere must exist
such tuple sets. Requirement (b) says that each tuple in the derivation does in fact contribute
something ta. For example, with requirement (b) and givep = o¢, base tuples that do
not satisfy the selection conditiar and therefore make no contribution to any result tuple
will not appear in any result tuple’s derivation. By defining tfé’s to be the maximal
subsets that satisfy requirements (a) and (b), we make sure that the derivation contains
exactly all the tuples that contribute to Thus, the derivation fully explains why a tuple
exists in the resuft.

2By Definition 2.3.1, if = R — S, thent’s derivation not only includesfrom R, but also includes all
tuplest’ # t in S. We discuss this definition of derivation for set difference in more detail in Section 2.6.
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Op! can be extended to represent the derivation of a set of tuples:

Op_1<T1,...,Tm)(T) = U Op_1<T1,...,Tm)(t)
teT
wherel J represents the multi-way union of relation lists, i{&;, . . ., R,,,)U{(S1, ..., Sn) =
(R1USY), ..., (R,USy,)). Theorem 2.3.2 shows that there is a unique derivation for any
operator and result tuple.

Theorem 2.3.2 (Derivation Uniqueness)Givent € Op(13, ..., T,,) wheret is a tuple in
the result of applying operat@pto tablesT?, . . ., T,,, there exists a unique derivation of
tinTy,...,T,, according taOp. a

Proof: Recall that we are assuming set semantics at this point. Suppogehidmtwo
derivations infy, ..., T,,: D' = (T7,..., T} )andD" = (1T}, ..., T"). We prove that the
two derivations must be the same.

If Opisa: m = 1. T] is a maximal set that satisfi€p(7]) = {t} andVt' € T7:
Op({t'}) # @. From the semantics of the aggregation operator, we know/thatntains
exactly all tuples ifif; that have the same grouping attributes.aSo doe<d/}’. Therefore
T =17.

For the remaining operators, 7, >, U, and—, we first prove thaD* = (T, ..., 1) =
D'UD” also satisfies requirements @) (17, ..., 7)) = {t} and (b)Vi = 1..m: Vt* € T}
Op(Ty, ..., {t*},...,T}) # @ in Definition 2.3.1.

If Opiso, w, oru:

(@) SinceD’ andD” satisfy (a),Op(D*) = Op(D’' U D") = Op(D’) U Op(D") = {t}
(b) Vt*eTr e D*:t" €T ort* €T/. Suppose* € T!. SinceD’ and D" satisfy (b)
Op(T7,{t"}, 1) 2 Op(T1,{t'}, 17,) # @
If Opis —:
(@) (T7,T}) satisfies (a)T] — T, = {t}.
= tisthe only tuple that is i}, but not in75.
Also, (T7,Ty) satisfies (b)vt* € T|: {t*} — T3 # @, t* ¢ T,
T] = {t}. Similarly, T}’ = {t}
Tr = T3 = {t}

oy
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(b) From (a), we know/t* € T7: t* =t = {t*} — Ty = {t} # .
Also,Vt* e Ty t* #t =Ty —{t"'} ={t} # @
If Opis:
(@ (17,...,T!) satisfies (a) an@p is monotone
= Op(Ty,...,Tr) 2 Op(1y,...,T.) ={t}
Consider an arbitrary; € D’ andt’ € T
= Since(T},..., T} ) also satisfies (b), we know that:
g COop(Ty,....{t},....,T.) COp(Ty,....,T},...,T) = {t}
= Op(T{,....{t'},....,T.) ={t}
= t =tT;
Similarly, we can prove&/I}’ € D": vt" € T!": t" = t.T;
= VIreDuVvt*eT!: t* €T/ ort* € T/, and therefor¢* = ¢t.T;
= Op(Ty,...,Tr) C {t}
= Op(Ty,...,Tr) = {t}
(b) Consider an arbitrary* € D* andt* € T}
= t"eT/ort" €T/. Suppose* € T}
= According to (b),Op(T7,...,{t*},...,T}) # @
= According to monotonicity 0Op,
Op(Ty,....{t*},....,T) 2 Op(Ty,....{t*},..., 1))
=  Op(Tr,....{t'},...,.T:) # @

Above, we have shown thd?* = D’ U D" also satisfies requirements (a) and (b) in Def-

inition 2.3.1. According to the maximality of tuple derivatiors, is a maximal subset of

D that satisfies the requirements. Thus, we know f¥at= D*. Similarly, we can prove

D" = D*. ThereforeD’ = D", and there is a unique derivation for every view tuple.0

Example 2.3.3 (Tuple Derivation for Aggregation) Given tableR in Figure 2.10(a), and
tuplet = (2,8) € ax sum(y)(R) in Figure 2.10(b), the derivation ofis

aX,sum(Y)_lR(<27 8)) = {<27 O>’ <2? 3)’ <2? 5>}

shown in Figure 2.10(c). Notice that's subset{(2, 3), (2, 5)} also satisfies requirements
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X1y X Jsum(Y) R
2] 0- 1] 6 X | Y
2l (28 2| 0
1 4 5 5

2 5

@R (0) o gmer)R) () o'x(<2, 8>)

Figure 2.10: Tuple derivation for aggregation

(@) and (b) in Definition 2.3.1, but it is not maximal. Intuitivel®, 0) also contributes to
the result tuple, since= (2,8) € ax sum(v)(R) is computed by adding the attributes of
(2,3), (2,5),and(2,0) in R. O

From Definition 2.3.1 and the semantics of the operators introduced in Section 2.2, we
now specify the actual tuple derivations for each operator. We prove that these specific
derivations indeed capture the general definition of tuple derivations from Definition 2.3.1.
The derivations for selection, projection, join, aggregation, and set union are fairly easy to
understand. For the set difference operator, givenT; — 715, the tuplet from 77 and
all tuples inT; contribute tof. Recall that a tuple’s derivatidinlly explains why the tuple
appears in the operation result. In particular, a ta@ppears irf; — 75 not only because
Jt € Ti, but also becausedt € T;. Therefore, all tuples ifi, contribute tot € 77 — T;
in the sense that they ensurélt € T,. Further discussion and examples can be found in
Section 2.6.

Theorem 2.3.4 (Tuple Derivations for Operators) Let 7', 13, ...,T,, be tables. Recall
thatT; denotes the schema 6f.

oo™ iy (t) = ({t}), for t € oo(T)
A" 1y (t) = (0a—e(T)), for t € ma(T)
<y () = ({ETa ), {t T}, fort € Ty T,
AGaggr(B) 1y (t) = (0G=t.c(T)), fort € ag,ager(5)(T)
U oy (8) = (o =(Th), . -, 0=t (D)), fOr t e 4 U -+ - U T,
() = {1, T, fort e Ty — Ty
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Proof: We formally prove that the theorem follows our general lineage definition for
relational operators in Definition 2.3.1. To pro@® ', 1 (t) = (TY,...,T,'), we
need to prove:

1. T/ CT,,i=1..m.

2. Op(TY, ..., T,,))) = {t}.

3. v et :opTy,....{t'},....T.,)) # @.

4.V(Ty",...,T,,)") that satisfy 1, 2, 3(Ty", ..., T,,)") C(T\/,..., T,,)).

Here, we show the proofs fex, o, and—. Proofs for the other operators are very similar.

(1) Joinia gy o (t) = ({t.T1}, .., {t.Tw}), fort € Ty pa - - <1 To,,.
LetT}y = {t.T;},i=1.m.
1. telix-xT,=tTieT,i=1lm=T' CT,i=1.m
2. {t.Ti}w>=---x{t.T\,} = {t} according to the definition ok
3. Consider an arbitrary in an arbitraryT;’.
t=tTi=T'x--x{t'}=x... T, ={t} # 0

4. Consider an arbitrary7y”, ..., T,,") that satisfies 1, 2, 3.

TV > Ty" = {t}

Vt" e T/ Ty > .. . {t"} =< T,,,’ C {t} because of the monotonicity of

SinceVt” e T/ TY" .. . {t"} =T, # @

= Vi'eT!" TY=.. {{"} T, ={t}

= Vel t'=tTeTy=T"CT/

4ou

(2) Aggregationg qger(5) ) (t) = (0g=t.c(T)), fort € ag ager(m)(T).
Let7T’ = og—t.c(T).
1. T’ C T according to the definition of
2. YWeT :t.G=tGandvt" suchthat” € Tandt”" ¢ T' : t".G # t.G
= t=(T".G,aggr(T".B))
(In other wordsI” is the group from whiclt is computed.)
= agagers) (1) = {t}
3. Consider an arbitraryy € 7'
t.G = t.G = 0G.agerm)({t'}) = {(t.G,aggr({t B}))} # o
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Consider an arbitrary” that satisfies 1, 2, 3.
ag,ager(8) (T") = {t}

vt'eT": t".G =t.G

vt"eT": t"eT' =T"'"CT

(3) Difference:— 17, 1,y (t) = ({t}, T2), fort € ) — Ty
LetT! = {t}, T} = To.

1.
2.

U

2.3.2

As mentioned earlier, a view definition can be thought of as an operator tree that is eval-
uated bottom-up. Thus, in this section we proceed to define tuple derivations for views
inductively based on tuple derivations for the operators comprising the view definition tree.

It is obvious thafl! C T.
teh—Th=tgTh=T —T,={t} — T, = {t}

Thus, (T}, T;) satisfies condition (a)

VeI, =t=>{t'} -T,={t} #0

Ve eTo,t #t=T, - {t'}={t} # 2

Thus, (T}, T;) satisfies condition (b)

Consider an arbitrary7?’, Ty') that satisfies 1, 2, 3.

TV =Ty ={t}andvt" e T/ {t"} - T} # @

vt" € T t" = t, because otherwise

either{t"} C Ty — T # {t} givent” ¢ Ty, or {t"} — Ty = & givent” € T
TV C Ty

Also, Ty C Ty =T, 0

Tuple Derivations for Views

Intuitively, if a base tuple* contributes to a tuplé in the intermediate result of a view
evaluation, and’ further contributes to a view tuple thent* contributes ta. We define a

view tuple’s derivation to be the set of all base tuples that contribute to the view tuple. The
specific process through which the view tuple is derived can be illustrated by applying the
view definition tree to the derivation tuple sets, and presenting the intermediate results for

each operator in the evaluation.
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Definition 2.3.5 (Tuple Derivation for a View) Let D be a database with base tables
Ry, ..., R,,and letV = v(D) be a view overD. Consider a tuplé € V.

1. v=R;,i = 1..m: Tuplet € R; contributes to itselin V.

2. v = Op(vy,...,v), Wherev; is a view definition oveD, j = 1..k: Suppose’ €
v;(D) contributes ta according to the operat@p (by Definition 2.3.1), and* € R;
contributes ta’ according to the view; (by this definition recursively). Thett
contributes ta: according tow.

We definet’s derivation in D according tov to bev™'p(t) = (R%,...,R}), where
R;,...,R;, are subsets oRRy,..., R, such thatt* € R iff t* € R, contributes tot
according ta, for i = 1..m. Also, we callR} t's derivation in R; according tov, denoted
asv !z (t). O

The derivation of a view tuple séft contains all base tuples that contribute to any view
tuple in the sef’":

v (1) = Jv'p()
teT
Theorem 2.3.2 can be applied inductively in the obvious way to show that view tuple deriva-
tions are always unique.

Example 2.3.6 (Tuple Derivation for a View) Given base tabl& in Figure 2.11(a), view
V = ax aum)(0y0(R)) in Figure 2.11(c), and tuple= (2,8) € V, it is easy to see that
tuples(2,3) and (2, 5) in R contribute to(2,3) and (2, 5) in oy_o(R) in Figure 2.11(b),
and further contribute t¢2,8) in V. The derivation of isv=1x((2,8)) = {(2,3), (2,5)}
as shown in Figure 2.11(d). a

We now state some properties of view tuple derivations to provide the groundwork for
our derivation tracing algorithms.

Lemma 2.3.7 (Contribution Transitivity) Let D be a database with basetabli®s. .., R,,.
Given viewV = v(D) = o'(V4,...,Vi), whereV; = v;(D) for j = 1.k, Vt € V:
Vt* € R; € D: t* contributes tat according tov iff 35 € 1.k, t' € V; such thatt*
contributes ta’ according tav; andt’ contributes ta according ta’. 0
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X 1Y X 1Y X |sum(Y) R
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Figure 2.11: Tuple derivation for a view

Proof: We use induction on the height of the query treedordenotedh(v’), where the
v;'s are the leaves.

Base caseFor h(v') = 0, v = v;. The Lemma holds trivially.

Induction hypothesisSuppose fof) < h(v') < n — 1, the Lemma also holds.
Induction stepFor h(v') = n, v' = Op(v!/, ..., v/), V' = v,/ (V1,..., Vi), andh(v,’) <
n—1,p=1.4.

1. If £* contributes ta
= According to Definition 2.3.5Jp € 1..q, 3" € V,/ such that
t* contributes ta” andt” contributes ta

4

Sinceh(v,’) < n — 1, according to the induction hypothesis,

35 € 1..k,t" € V; such that* contributes ta’ andt’ contributes ta”
According to Definition 2.3.5' contributes ta

35 € 1.k, t' € V}, t* contributes ta’ and#’ contributes ta.

If 3j € 1..k,t" € Vj: t* contributes ta’ andt’ contributes ta
According to Definition 2.3.5]p € 1..¢, 3t" € V}/ such that
t' contributes tad” andt” contributes ta

G~

= Sinceh(v,’) < n — 1, according to the induction hypothesiscontributes ta”
= According to Definition 2.3.14* contributes ta.
By induction, the Lemma holds faf of heightn, and therefore for any’ andv. O

Theorem 2.3.8 (Derivation Transitivity) Let D be a database with base tables. . ., R,,,



2.3. VIEW TUPLE DERIVATIONS 27

and letV = v(D) be a view overD. Suppose that can also be represented EHs=
v'(Va, ..., Vi), whereV; = v;(D) is an intermediate view ovep, for j = 1..k. Given tu-
plet € V, letV;” bet’s derivation inV; according ta’. Thent’s derivation inD according
to v is the concatenation of all;*s’ derivations inD according taw,, j = 1..k:

v lp(t) = @ vt (Vi)

j=1.k

where(® represents the multi-way concatenation of relation fists. O

Proof: We prove Theorem 2.3.8 using Lemma 2.3.7. We need to prov&ihatl..m: all

tuples in theR; componerttof v~'(t) are also in the?; component of O v, ,(V}"),
j=1..k
and vice-versa.

1. Consider an arbitrari; andt* € vz (t)
According to Definition 2.3.5* contributes ta

4ou

According to Lemma 2.3.4j € 1..k,t' € V; such that
t' contributes ta according ta’, andt* contributes ta’ according to;
t e Viandt € v~ ()

t* € v; 7' (V)), wherev;~t , (V) is the R; component of_(;)kvjle(Vj*)
j=1..

U

N

Consider an arbitrarig; andt* in the R; component of © v; =", (V}*)
j=1..k

35 € 1..k, such thav; is defined overr;

t* €t (V)

Jt' € Vi*, such that* € v; ', (t')

t' contributes ta@ according toy’, andt* contributes ta’ according to;
According to Lemma 2.3.%; contributes ta

According to Definition 2.3.5t* € v, (t) O

A

3The concatenation of two relation lis{R , . . . , R,,)o(S1, ..., S,)is(Ry,..., Rm, S1,...,Sy,). Recall
that relations are renamed so that the same relation never appears twice.

4The derivation of a tuple consists of a list of subsets of base tablesRTbemponent of the derivation
is the subset of base tabig in the list. Here specifically, th&; component ob—!p(t) isv=!g, (¢).
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Theorem 2.3.8 follows from Definition 2.3.5. It shows that given a viéwith a com-
plex definition tree, we can compute a tuple’s derivation by recursively tracing through the
hierarchy of intermediate views that comprise the tree.

Since we define tuple derivations inductively based on the view query tree, an inter-
esting question arises: Are the derivations of tuples in two equivalent views also equiv-
alent? Two view definitions (or query trees) and v, are equivalent iftYD: v, (D) =
v9(D) [UIIB9Db]. We prove in Theorem 2.3.11 that given any two equivalent Select-Project-
Join (SPJ) views, their tuple derivations also are equivalent. In order to prove Theo-
rem 2.3.11, we first give a definition of tuple derivations specific to SPJ views and prove
that it is equivalent to Definition 2.3.5 for SPJ views.

Definition 2.3.9 (Tuple Derivation for an SPJ View) Let D be a database with base ta-
blesR,,...,R,, and letV = v(D) be an SPJ view oveb. Given tuplet € V, VR,,
t* € R; contributesto ¢ iff ¢t € v(Ry,..., Ri—1,{t*}, Riy1,..., Ry). t's derivation ac-
cording tov isv™!p(t) = (R}, ..., R:,), where each} contains all the tuples if®; that
contribute tat. O

Definition 2.3.9 says that a base tuptec R; contributes ta in the view if it produces
together with other base tablés, ..., R;_1, R;11, ..., R,. For SPJ views, this definition

is equivalent to Definition 2.3.5, as shown in Lemma 2.3.10. However, it does not apply to
views with aggregation.

Lemma 2.3.10 (Definition Equivalence)Definition 2.3.9 is equivalent to Definition 2.3.5
for SPJ views. In other words, the derivationafefined by Definition 2.3.5 is the same as
that defined by Definition 2.3.9 for every SPJ view and every traced tuple. O

Proof: We first prove the equivalence of the two definitions for views with a single SPJ
operator. FOV = o¢(R) or ma(R), Vt € V, let (R*) and(R**) bet’s derivations defined

by Definition 2.3.5 and Definition 2.3.9.
1. Consider an arbitraryf € R*

= According to Definition 2.3.5 and the monotonicity 6{
o Co({t'}) Co(RY) = {t} = v({t"}) = {t}

t* contributes ta according to Definition 2.3.9

t* € R*™

U
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Consider an arbitraryf € R**
According to Definition 2.3.9y({t*}) = {t}
v(R*UA{t*'}) =v(R*) Uv({t*}) = {t} andVt; € R*U{t*} : v({t1}) # @
R* U {t*} also satisfies (a) and (b) in Definition 2.3.5
= From the maximality of?*, we know that* ¢ R*

Therefore,R* = R**.

ForV = R S, Vt € V, let (R*,S*) and (R**, S**) bet’s derivations defined by
Definition 2.3.5 and Definition 2.3.9.

L

1. Consider an arbitraryf € R*

= According to Definition 2.3.5 and the monotonicity 6{
g C{t'}aS* C R 5" = {t} = {t*} 0 S* = {t}
t* contributes ta according to Definition 2.3.9

t* € R

Consider an arbitraryf € R**

According to Definition 2.3.9{¢*} > S = {t}

Jt" € S such that{t*} o< {t'} = {t}

(R*U{t*}) > (S*U {t'}) = {t}. Also,

Vi, € R*U{t*}: {t1} = (S*U{t'}) # @ and

Vio € S*U{t'}: (R*U{t*}) =< {t2} # O

= (R*U{t*}, S*U{t'}) also satisfies (a) and (b) in Definition 2.3.5.
= From the maximality of R*, S*), we know that* € R*.

U A

Therefore,R* = R**. Similarly, we can prove&™ = S5**.

We already know from Theorem 2.3.8 that tuple derivation as defined by Definition 2.3.5
is transitive. We can also prove this property for derivation as defined by Definition 2.3.9.
After proving that Definition 2.3.5 and Definition 2.3.9 are equivalent for views with a sin-
gle SPJ operator, due to the transitive property of tuple derivation, we can easily prove that
Definition 2.3.5 and Definition 2.3.9 are equivalent for any SPJ view by induction. O

Theorem 2.3.11 (Derivation Equivalence for SPJ Views)luple derivations of equivalent
SPJ views are equivalent. That is, given two equivalent SPJ viewad vy, VD: Vi €
v1(D) = v2(D): vy p(t) = v ' p(2). O
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Proof: Having proved that Definition 2.3.9 is equivalent to Definition 2.3.5 for SPJ views,
we now prove Theorem 2.3.11 based on Definition 2.3.9.

Given two equivalent SPJ views andv,, we know thatvD = (T3, ..., T,,): vi(D) =
vy(D). Givent € vi(D) = vy(D), Vt* € v;',(t): According to Definition 2.3.9,
v1(Ry, ..., {t"'}, Rn) = {t}. Sincev; = vy, we know thatvy (R4, ..., {t*}, R,) = {t}.
Thus,t* € vy ' ,(t). Thereforep; ™ () C vy ', (¢). We can similarly prove that, ', (t) C
vy !5 (t). Thereforep; ' ) (t) = vy ' (2). O

According to Theorem 2.3.11, we can transform any SPJ view to a simple canonical form
before tracing tuple derivations, and we will exploit this property in our algorithms. Unfor-
tunately, views with aggregation do not have this nice property, as shown in the following
example.

Example 2.3.12 (Derivation Inequivalence for Views with Aggregation)Let V; =

V1 (R) = axeumy)(R)) andVa = v3(R) = ax sumv)(0y20(R)). vi andv, are equiv-

alent, sincevR,v;(R) = v(R). Given base tabl® in Figures 2.10(a) and 2.11(a), Fig-
ures 2.10(b) and 2.11(c) show that the contents of the two views are the same. However,
the derivation of tuple = (2, 8) € V; according tay; (shown in Figure 2.10(c)) is different

from that according t@, (shown in Figure 2.11(d)). O

Given Definition 2.3.5, a straightforward way to compute a view tuple’s derivation is

to compute the intermediate results for all operators in the view definition tree, store the
results as temporary tables, then trace the tuple’s derivation in the temporary tables recur-
sively until reaching the base tables. Obviously, this approach is impractical due to the
computation and storage required for all the intermediate results. In the following sections,
we separately consider SPJ views, ASPJ views, and more general views with set opera-
tors. We will show that one relational query over the base tables suffices to compute tuple
derivations for simple views such as SPJ views. Recursive derivation tracing algorithms
that require a modest amount of auxiliary information are needed for ASPJ and more gen-
eral view derivation tracing.
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2.4 Derivation Tracing for SPJ Views

Derivations of tuples in SPJ views can be computed using a single relational query over the
base data. In this section, we spedifgrivation tracing queriesor SPJ views, and briefly
discuss some optimization issues for these queries.

2.4.1 Derivation Tracing Queries

Sometimes, we can write a query for a specific view definiticand view tuplet, such
that if we apply the query to the databaset returnst’s derivation inD (based on Defini-
tion 2.3.5). We call such a queryderivation tracing query (or tracing query) farandv.
More formally, we have:

Definition 2.4.1 (Derivation Tracing Query) Let D be a database, and letbe a view
overD. Giventuplet € v(D), TQ;, is aderivation tracing query fot andv iff 7Q; (D) =
v 1p(t), wherev™!5(t) is t's derivation inD according tow, and7T'Q; , is independent of
database instande. We can similarly define the tracing query for a view tuple’ Beand
denote itad'Qr,, (D). O

2.4.2 Tracing Queries for SPJ Views

All SPJ views can be transformed into the form(oo (R, > - - - 1 R,;,)) using a sequence

of algebraic transformations [UII89b]. We call this form t8&J canonical form From
Theorem 2.3.11, we know that SPJ transformations do not affect view tuple derivations.
Thus, given an SPJ view, we first transform it into SPJ canonical form, then compute its
tuple derivations systematically using a single tracing query based on the canonical form.
We first introduce an additional operator used in tracing queries for SPJ views.

Definition 2.4.2 Split Operator) Let T be a table with schem@'. The operatoiSplit
breaksI into a list of tables; each table in the list is a projectioffainto a set of attributes

.....
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Theorem 2.4.3 (Tracing Query for an SPJ View)Let D be a database with base tables
Ry,...,Ry,and etV = v(D) = ma(oc(Ry > -+ - <1 R,,,)) be an SPJ view ovep. Given
tuplet € V, t's derivation inD according taw can be computed by applying the following
guery to the base tables:

TQ:o = Splitg, . (Gopazt(Ri -+ X1 R,y))

.....

Given a tuple seT” C V, T’s derivation tracing query is:

TQry = SplitleRm(aC(Rl DI« < Ryy) X T)
wherex represents the relational semijoin operator [UII89a]. O
Proof: We need to prove:

..... R (TA=tnc (R1 D X Ryy)

v 'p(T) = Splitg, . g, (0c(Ri>a... > Ry) x T)

t)) = v p(oa=(V1))

= vy D(UC’ 1V2 O'A:t(‘/l))) = U2_1D(0-A:t(‘/1))

= Splitg, . r,., (F4=¢(V1))
= Splity, __r,,(Ga=t(oc(R1>a... >4 Rp)))
= SplitRl,...,Rm (UA:tAC(Rl DJ...X Rm))

v p(T) = Jv'p(t) = | Split, . r,.(Cazinc(Riva. .. 0 Ry))

teT teT
= Splitg, g, (| oazinc(Ria.. xRy
teT

= Splity, g, (Caer(oc(Ri>a...x Ry)))
Ry (Oc(Ri > ... Ry) X T)

.....
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Figure 2.12: Tracing queries fdTarget, pencil, 3000) in view Calif

Example 2.4.4 (Tracing Query forCalif ) Recall Q1 overvievCalif inExample2.1.1,
where we asked about the derivation of tuglarget, pencil, 3000). Figure 2.12(a)
shows the tracing query fdTarget, pencil, 3000) in Calif accordingto Theorem 2.4.3.

The reader may verify that by applying the tracing query to the source tables in Figures 2.1,
2.2, and 2.3, we obtain the derivation result in Figure 2.6. O

2.4.3 Tracing Query Optimizations

The derivation tracing queries in Section 2.4.2 clearly can be optimized for better perfor-
mance. For example, the simple technique of pushing selection conditions below the join
operator is especially applicable in tracing queries, and can significantly reduce query cost.
Figure 2.12(b) shows the optimized tracing query for@ladif tuple. If the view contains

the key attributes of each base table, the tracing query can be even simpler, as shown in the
following theorem.

Theorem 2.4.5 (Derivation Tracing using Key Information) Let R; be a base table with
key attributesk;, i = 1..m, and suppose vieW = ma(oc(Ry > --- 1 R,,)) include all
base table keys (i.el; € A, i = 1..m). Then view tuple’s derivation is(ox,—; i, (R1), - - -,

aKm:t.Km(Rm)>-
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Proof: Assuming(Rj,..., R, is the derivation oft, we need to prove thaR; =
0k,=t.x,(R;), fori = 1..m. From Theorem 2.5.2, we know that

(R,...,R%) = Splitg,  n_(Gacinc(Ri ... 0a Ry)).

1. Vt* € R} = 7R, (0azinc(Ry ... Ry,)): SinceK; € AandK; € R;, t*.K; =
t.K;. Thereforet* € ox,—1 i, (R;).

2. Vt* € og,— i, (R): t".K; = t.K;, and therefor¢* € R;. Because otherwise,
Jt' € R}, such that'.K; = t.K;. Then there exist two tuples$ # ' in R; with the
samek;; value, which conflicts with the key constraint.

ThereforeR! = ok, k,(R;), fori = 1..m. O

According to Theorem 2.4.5, we can use key information to fetch the derivation of a tuple
directly from the base tables, without performing a join. The worst-case query complexity
is reduced fromO(n™) to O(mn), wheren is the maximum size of the base tables, and

is the number of base tables on whicks defined.

We have shown that tuple derivations for SPJ views can be traced in a simple man-
ner. For more complex views with aggregations or set operators, we cannot compute tuple
derivations using a single query over the base tables. In the next two sections, we present
recursive tracing algorithms for these views.

2.5 Derivation Tracing for ASPJ Views

In this section, we consider SPJ views with aggregathdRJ views Although we have
shown that no intermediate results are required for SPJ view derivation tracing, some ASPJ
views are not traceable without storing or recomputing certain intermediate results. For
example, Q2 in Example 2.1.2 asks for the derivation of tupte(5400) in the view
Clothing . Itis not possible to computes derivation directly fromstore , item , and

sales , becausaotal is the only column of viewClothing , and it is not contained

in the base tables at all. Therefore, we cannot fisdderivation by knowing only that
t.total = 5400. In order to trace’s derivation in the base tables correctly, we need its
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derivation(Macy’s, 5400) in the intermediate aggregation result, whose grouping attribute
s_name Serves as a “bridge” that connects the base tables and the final view table.

We introduce a canonical form for ASPJ views in Section 2.5.1. In Section 2.5.2, we
specify a derivation tracing query for “one-level” ASPJ views. We then develop a recursive
tracing algorithm for complex ASPJ views and justify its correctness in Section 2.5.3. As
mentioned above, intermediate (aggregation) results in the view evaluation are needed for
derivation tracing. Relevant portions of the intermediate results can be recomputed from
the base tables when needed, or the entire results can be stored as mateniadiliaq/
viewsin the warehouse; this issue is explored in depth in Chapter 3. In the remainder of
this chapter we simply assume that all intermediate aggregation results are available.

2.5.1 ASPJ Canonical Form

Unlike SPJ views, ASPJ views do not have a simple canonical form, because in an ASPJ
view definition some selection, projection, and join operators cannot be pushed above or
below the aggregation operators [GHQ95]. Vi€lothing in Figure 2.7 is such an
example, where the selectitotal > 5000 cannot be pushed below the aggregation,
and the selectionategory = "clothing” cannot be pulled above the aggregation.
However, by commuting and combining some SPJ operators [UIlI89b], it is possible to
transform any ASPJ view query tree into a form composed-ofo-><t operator sequences

that we callASPJ segmentdNe call this segmented form th&SPJ canonical formAn

ASPJ segment may omit operators, although each segment in the ASPJ canonical form
except the outermost must include an aggregation operator (otherwise the segment would
be merged with an adjacent segment). For definition purposes, when a unary operator is
missing we assume there is a correspondingal operator to take its place. The trivial
aggregation on tabl€ is a, the trivial projection isrt, and the trivial selection i8;,...

Definition 2.5.1 (ASPJ Canonical Form) Let v be an ASPJ view over datababe

1. v = R, whereR is a base table i, is in ASPJ canonical form

2. U = G aggr(B)(Ta(oc(v1 > -+ - avy)) is in ASPJ canonical fornif v; is an ASPJ
view in ASPJ canonical form with a nontrivial topmost aggregation operatet,
1..k. O
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Both of our example viewSalif andClothing as defined in Section 2.1 are in canonical
form, while viewV = o (R) pa m4(S) is not in canonical form.

As mentioned in Section 2.3, although we can trace any view’s derivation by tracing
through one operator at a time based on the original view definition, that approach requires
us to store or recompute the intermediate results of every operator, which can be extremely
expensive. Transforming an ASPJ view definition into canonical form allows us to store
or recompute fewer intermediate results, by tracing through all operators in each segment
together, as we will see in the next section.

2.5.2 Derivation Tracing Queries for One-Level ASPJ Views

A view defined by one ASPJ segment is callezhe-level ASPJ vievwsimilar to SPJ views,
we can use one query to trace tuple derivations for a one-level ASPJ view.

Theorem 2.5.2 (Tracing Query for a One-Level ASPJ View)Given one-level ASPJ view
V =v(Ry,...,Rn) = Qg aggr)(Taloc(R1 > --- > R,,))) and tuplet € V, t's deriva-
tionin Ry, ..., R,, according ta can be computed using the following tracing query:

TQuw = Sp”tRl,...,Rm (cong=t.c(Ri <1 Ryy))

Given tuple sef’ C V, T's derivation tracing query is:

TQry = SplitleRm(aC(Rl DI« < Ryy) X T) 0

Proof: LetVi = ms(oc(Tia---xTy,)) and letV = ag ag9r(5)(VA).

U_ID(t) - Ul_lD(aG,aggr(B)_lvl (t)) - Ul_lD(UG:t.G(‘/I))

Tm(aC(Tl XI...X Tm) X O'G:t.G(ﬂ'A(O'C(Tl D] .- X Tm))»

.....

= Splitr,.. rtu(ocetarc(Ti > ... >xTy,))
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v p(T) = [Jv 'p(t) = | Splitr,.. Ru(06=tanc(Rib< ... >0 Ryy))

teT teT

= SplitRl,...,Rm(U oG=tarnc(Ri... < Ry)
teT

= SpllltRLm’Rm(0'0(R1 DX...X Rm) X T) O

Here too, evaluation of the tracing query can be optimized in various ways as discussed in
Section 2.4.3.

We note that previous work [KLM97] also defines a notion of tuple derivations, and
the views they consider correspond to our one-level ASPJ views. In [KANIthederiva-
tion setof t € V isdefined agR}, ..., R ), whereR, = o¢,n¢,=t.c,(R;) suchthatC; C C
andG; C G are the selection conditions and grouping attributes loc&);tAlthough this
approach localizes derivation tracing to a single base table at a time, derivation sets as de-
fined in [KLM*97] are not as accurate as our tuple derivations: those tupstimt do
not join with the other tables could not have participated in the derivation of

2.5.3 Derivation Tracing Algorithm for Multi-Level ASPJ Views

Given a general ASPJ view definition, we first transform the view into ASPJ canonical
form, divide it into a set of ASPJ segments, and define an intermediate view for each
segment.

Example 2.5.3 (ASPJ Segments and Intermediate Views f@lothing ) Recall the view
Clothing in Example 2.1.2. We can rewrite its definition in ASPJ canonical form
with two segments, and introduce an intermediate \AdMZlothing as shown in Fig-
ure 2.13. O

We then trace a tuple’s derivation by recursively tracing through the hierarchy of interme-
diate views top-down. At each level, we use the tracing query for a one-level ASPJ view to
compute derivations for the current tracing tuples with respect to the views or base tables
at the next level below.

Figure 2.14 presents our recursive derivation tracing algorithm for a general ASPJ
view. Given a view definitiorv in ASPJ canonical form, and tuptec v(D), procedure
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segment 2 1” -"-[tc?tal

. Oiotal > 5000

AllClothing

a :§_name, sum(num) as total
segment 1 ; |

qétegory ="clothing"

Figure 2.13: ASPJ segments and intermediate viewCfothing

TupleDerivation( t,v, D) computes the derivation of tupleaccording tov over

D. The main algorithm, procedufieableDerivation( T,v, D), computes the deriva-
tion of a tuple sefl” C v(D) according tov over D. As discussed earlier, we assume
thatv = o'(V4,..., Vi) whered' is a one-level ASPJ view, and; = v;(D) is avail-
able as a base table or an intermediate views 1..k. The procedure first computes
T’s derivation(V*, ..., V;*) in (V4,..., Vi) using the one-level ASPJ view tracing query
TQ(T,v',(V4,...,V,)) from Theorem 2.5.2. It then calls proceddi@bleListDeriv(

{ViF, o Vi {u, ..o ue ), D), which computes (recursively) the derivation of each tuple
setV;" according tov;, j = 1..k, and concatenates the results to form the derivation of the
entire list of view tuple sets.

Example 2.5.4 (Recursive Derivation Tracing)We divided the viewClothing  into two
segments in Example 2.5.3. We assume that the contents of the intermediatdlview
Clothing are available (shown in Figure 2.15). According to our algorithm, we first
compute the derivatiof;" of (5400) in AllClothing to obtainT} = {(Macy’s, 5400) },
then tracel}’s derivation to the base tables to obtain the derivation result in Figure2.8.

Note that we do not necessarily materialize complete intermediate aggregation views such
asAllClothing . Infact, there are many choices of what (if anything) to store. The issue
of storing versus recomputing the intermediate information needed for derivation tracing is
covered in Chapter 3.
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procedure TupleDerivation{, v, D)

in: a tracing tuple, a view definitionv, and a databasP
out: t's derivation inD according taw

1 return (TableDerivation{t}, v, D));

procedure TableDerivation(’, v, D)

in: a tracing tuple set’, a view definitionv, and a databasP

out: T"s derivation inD according tow

1 if v =R € D then return ((T'));

Il otherwisev = v'(v1, . .., v) wherev' is a one-level ASPJ view
I1'V; = v;(D) is an intermediate view or a base tables 1.k

(Vit, ..., Vi) « TQ, v, {V1, ..., Vi});
return (TableListDeriv(V}*,...,V*), {vi,..., v}, D));

a b~ WwN

procedure TableListDeriv(Ty, ..., ), {vi,..., vk}, D)
in: a list of tuple setq71, ..., T} to be traced,
a list of view definitionsv;. ... , v, and a databasP
out: the concatenation df;'s derivations according to;, i = 1..k
1 D* «+— @
2 for j < 1tok do
3 D* < D*o TableDerivation{};, v;, D);
4 return (D*);

Figure 2.14: Derivation tracing algorithm for ASPJ views
To justify the correctness of our algorithm, we claim the following:

1. Transforming a view into ASPJ canonical form does not affect its derivations. We
can “canonicalize” an ASPJ view by transforming each segment between adjacent
aggregation operators into its SPJ canonical form. The process consists only of SPJ
transformations [UII89b]. Theorem 2.3.11 shows that derivations are unchanged by
SPJ transformations.

2. ltis correct to trace derivations recursively down the view definition tree. From The-
orem 2.3.8, we know that derivations are transitive through levels of the view defini-
tion tree. Thus, when tracing tuple derivations for a canonicalized ASPJ view, we can
first divide its definition into one-level ASPJ views, and then compute derivations for
the intermediate views in a top-down manner.
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| s.name] total |

Target | 1400
Macy’s | 5400

Figure 2.15:AllClothing table

We have so far introduced a simple tracing query for SPJ and one-level ASPJ views,
and a recursive tracing algorithm for general ASPJ views. In the next section, we consider
derivation tracing for even more general views that include the set operators union and
difference.

2.6 Derivation Tracing for Views with Set Operators

In this section, we extend our derivation tracing algorithm for general ASPJ views that
allow arbitrary use of set union and difference operators in the view definition. In Sec-
tion 2.6.1, we briefly review tuple derivations for set operators, and provide an example
justifying the lineage definition for the difference operator. In Section 2.6.2, we incorpo-
rate set operators into our view definition canonical form, and we present a procedure to
transform any ASPJ view with set operators (referred to gasreeralview) into canonical

form. Finally, in Section 2.6.3 we present a recursive algorithm that traces tuple derivations
for general views.

2.6.1 Tuple Derivations for Set Operators

Recall from Theorem 2.3.4 that the tuple derivations for set operators are:

.....

For the union operator, giveéne Ty U- - -UT,,, each tuple from any input tabldy, ..., T,
contributes ta. For the difference operator, givence T, — T5, the tuplet from 77 and
all tuples inT; contribute tot. Recall from Definition 2.3.1 that a tuple’s derivatituily
explains why the tuple appears in the operation result. In particular, at@gpears in
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R S T R s T
X X X X X X X
1 1 2 2 1 2
2 3 4
3 4 6 6
@ () V=R~ (S-T) (©) V ey (<2)

Figure 2.16: Tuple derivation for set difference

T, — T, not only becausét € T;, but also becausedt € T;. Therefore, all tuples ifi,
contribute tot € T} — T3 in the sense that they ensurélt € T,. Example 2.6.1 further
explains the necessity of includifig in the derivation ot € 77 — Ts.

Example 2.6.1 (Tuple Derivation for Difference) Consider table®, S, T'in Figure 2.16(a),
and viewV = R — (S — T') in Figure 2.16(b). Although we have not yet given our tracing
algorithm for general views, the derivation of tuple- (2) € V' using our algorithm (and
consistent with the tuple derivation definitions given above) is as shown in Figure 2.16(c).
Notice that tuple(2) would not have appeared i without tuple(2) in 7. So(2) € T
obviously contributes in a significant way {®) € V. In general, contributions of this sort
are not exhibited in derivation tracing for a tugl@nless we include im's derivation all
tuples in (or contributing to) the second operand of the set difference operator. O

2.6.2 Canonical Form for General Views

We now define an extended canonical form that accommodates views with union and dif-
ference operators, as well as aggregation, selection, projection, and join operators. The
extended canonical form is composed of two types of segmaiiSPJ-segmentsvhich

are operator sequences in the fow-m-0-<, and D-segmentswhich contain a single

5By including all tuples in the second operand, we also include tuples that do not contribute directly to the
view tuple, e.g., tuple$4) and(6) in T' of Figure 2.16(c). However, no intuitive lineage definition we know
of can include, for example, tupl@) in T without tuples(4) and(6), in the general case.
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difference operator. An AUSPJ-segment may omit any of the operators in the operator
sequence-U-m-o-<, but it must satisfy one of the following:

1. It has an aggregation operator on the top.

N

. Itis directly below a D-segment.

w

. Itis below a join operator, and has a union operator on the top.

IN

. Itis the top segment in the view definition, which means that no more segments lie
above this segment.

When aa, 7, or o operator is missing from an AUSPJ-segment, for definition purposes we
assume a trivial operator is present, as in Section 2.5.1. In Figure 2.17, we provide a proce-
dureCanonicalize  that transforms a general view definition tree into canonical form,
divides the transformed view definition into segments, and associates an intermediate view
with each segment. We perform canonicalizing transformations based on the following
equivalences:

1. pulllng upu: 7TA(R U S) = WA(R) U WA(S) andac(R U S) = O'C(R) U O'C(S)
2. pulling upm: oc(ra(R)) = Ta(oc(R)) andma(R) < m5(S) = maup(R > S)°
3. pullingupo: oc(R) <1 0c/(S) = oopc (R S)

As in Figure 2.17, we first pull up the union operators in the view definition tree as far as
possible. We then pull up projection and selection operators, and finally merge the same
algebra operators when they appear adjacent to each other. Notice that in the canonicalizing
procedure, we pull projection and selection operators above join operators, so that we can
compress the operator tree into as few segments as possible. This helps to reduce the
total tracing cost, and possibly the number of intermediate views that are stored. However,
when we actually apply the tracing query for each segment to obtain a derivation, we can

5Recall that we used throughout the thesis to represent natural join, theta join, and cross-product (Section
2.2). For this equivalence to hold in general, it is necessary to make the theta explicit: it does not apply for
natural join.
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procedure Canonicalizefy)

in: a general view definition treg,

out: a canonicalized view definition with an intermediate view
associated with each segmentin

copyvy to v;

pull union operators above selections and projections in
pull projection operators above joins and selections in
pull selection operators above joinsun

merge the same algebra operators adjacent to each other in
divide v into segments;

define an intermediate view over each segment in

return (v);

O~NO O, WN P

Figure 2.17: Canonicalizing general view definitions

sometimes push selection and projection operators back below the join to reduce the cost
of the tracing query, as discussed in Section 2.5.2.

Having obtained the canonicalized definition tree, we divide it into AUSPJ-segments
and D-segments, based on the following rules:

1. Every aggregation and difference operator begins a segment.
2. Every non-leaf child of a difference or join operator begins a segment.
3. The topmost node begins a segment.

Finally, we define an intermediate view for each segment. As with multi-level ASPJ views,
when tracing tuple derivations for a general view, each segment (intermediate view) be-
comes a “tracing unit”. That is, we recursively trace tuple derivations down the view defi-
nition tree, through one segment at a time, until we reach the base tables.

Theorem 2.6.2 (Extended Canonical Form)Procedure&Canonicalize  in Figure 2.17
returns a view in canonical formw is equivalent to the given view, and the two views
have equivalent tuple derivations. a

Proof: If an operatow is the parent of another operatdiin a view definition tree, we say
o — o. We first prove that procedut@anonicalize(  wv,) returns the canonical form.
In Canonicalize , after we pull up the union operators in a top-down manner, there are



44 CHAPTER 2. DATA LINEAGE FOR RELATIONAL VIEWS

only the following possibilities for a union node and the node right above it: — U,
a — U, = — U, U — U, or nothing aboveJ. For any other possibility, we can always
pull the union operator further up. Pulling up the projections afterwards does not affect
the above patterns. At the same time, there are only the following patterns for projections:
— =, a— m,U— m, 1™ — m, ornothing abover. Similarly, pulling up selections does
not affect any of the above patterns, and there are only the following patterns for selections:
— —o0,a—0,U—o0,m— 0,0 — o, 0rnothing above. For join, any operator could
be its parent— — <1, a — <, U — X1, 1 — X, 0 — X, X] — X, Or nothing abovex.
After merging the same-type operators, we are left with 18 possible two-operator sequences
out of 36 total possibilities in the definition tree after apply®gnonicalize . With the
given 18 sequences, any two adjacent operators either belong to different segments, or are
in the order consistent with the sequence order in an AUSPJ-segment. Therefore, procedure
Canonicalize(  wvg) returns a canonical form.

We now prove the view equivalence after view transformationSanonicalize
We know from [UIlI89Db] that projection can be pushed above selections and joins while
keeping a query (or view) equivalent. Here, we prove that union operators can be also
pushed above selections and projections while keeping the transformed view equivalent to
the original view. In other words, we need to prove £tk R U S) = ma(R) Uma(5); (2)
oA(RUS) = ca(R)Uca(S). For (1),Vt: t € ma(RUS) < 3t' € RUS suchthat’. A =t
& 3Jt' e Rore Ssuchthat’ A =t <t € ma(R) orma(S) &t € ma(R) Uma(S). We
can similarly prove (2).

Finally, we can easily extend Lemma 2.3.10 to prove that equivalent SPJ views with set
unions have equivalent derivations, which proves the derivation equivalence after applying
Canonicalize . O

Example 2.6.3 (Canonical Form for a View with Set Operators)Consider the general
view definition in Figure 2.18(a). Figure 2.18(b) shows the canonical form and its seg-
ments. Notice that; is pulled up and merged with, to obtaino; .1, 7g IS subsumed by

75, andUg is merged intaJ,. O
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(a) original view definition tree (b) canonicalized view definitior

Figure 2.18: Canonical form for a view with set operators

2.6.3 Derivation Tracing Algorithm for General Views

Once we have obtained a canonicalized view definition, we can trace its tuple derivations
through one segment at a time. Theorem 2.6.4 presents the derivation tracing query for
a one-level AUSPJ view (or an AUSPJ segment). Tuple derivations for a D-segment are
traced based on Theorem 2.3.4.

Theorem 2.6.4 (Tracing Query for a One-level AUSPJ View)Consider a one-level
AUSPJ viewV = v(R},..., Rf) = agages)( U ma(oc,(R] b< -~ > R])). Given
j=1.k
tuplet € V, t's derivation according to can be computed by applying the following query
to the base tables:
TQiv= () Splity; gi (0ong=ta(R] >4 -+ b R]))

etk
Given tuple sef” C V, T"s derivation tracing query is:

TQr, = () Splity; i (oc(Ri>a-- > R]) x T)

j=1.k

For the special case where the traced tuple set is the entire viewdbleich will appear
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later in our recursive tracing algorithm for general views), we use a fAalgLll” to specify
that the entire view table is to be traced, and the tracing query can be simplified by removing
the semijoin:

TQArLLy = @ Sp”tle,,,,,RJi. (oc(R]>a---pq R{j)) O
j=1.k !
Proof: Let:
Vi = ma(oc(Tiapa - Tjy,))
vi=J W)
j=1.k

V' = ag,aggr(B) (V')

According to Theorem 2.3.8 and the derivation for set union operator, we have:

UﬁlD(t) = D(O‘G,aggr(B)ilv/ ()
="' p(og=r.c(V"))

= @ Uj_lD(O'G:t.G(V/)))

j=1.k

= @ Splitr; ;. (oa=tanc(Tjia...xa Ty )
j=1.k

v~!p(T) can be computed from='(¢) similarly as in the proof of Theorem 2.5.2. We

now provev—! 5 (V) based o5 (T).

v (V)= () Splitr,,... Ty, (00 (Tja . > Ty ) X V)

j=1..k

= () Splitx,,.... 1y, (00(Tj >0 Ty, )

j=1.k =

The recursive tracing algorithm for ASPJ views (Figure 2.14) can now be extended to
handle general views by modifying the procediliedleDerivation . The new specifi-
cation forTableDerivation( T, v, D) is givenin Figure 2.19. As we recursively trace
down a canonicalized view definition tree, at each level we are tracing a view (or a base ta-
ble)v that has one of three forms: (2)= R whereR is a base table; (2) = v'(vy, ..., vg)
wherev’ is an AUSPJ-segment ang is an intermediate view or a base tables 1..k;
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procedure TableDerivation(’, v, D)
in: a tracing tuple set” (or the special symboA LL),
a view definitionv, and a databasP
out: T"s derivation inD according tow
1 casev =R e D:
2 if T'= ALL then return ((R)); else return ((T));
3 casev = v'(v1, ..., vg):
4 /I1v" is a one-level ASPJ view
5 I1'V; = vj(D) is an intermediate view or a base tables 1..k
6 <V1*,...,Vk*> <—TQ(T,U/,{V1,...,V]€});
7 return (TableListDeriv(Vy*,..., V), {vi,..., v}, D)),
8 casev = vy — va!
9 IV =v(D)
10 I1'V; = v;(D) is an intermediate view or a base tabjes 1,2
11 if T = ALLthenT «+ V;
12 return (TableListDeriv(T, ALL), (v1,v2), D));

Figure 2.19: Derivation tracing algorithm for general views

(3) v = v; — vy Wherew; is an intermediate view or a base tables 1,2. These three
cases map to the case statement in Figure 2.19. For derivation tracing, we may need to
store or recompute the contents of some intermediate views, including the contents of the
v;'s in case (2) and in case (3). For case (2), to trace the derivatiorf'adiccording to

v, we first apply the AUSPJ tracing queiQ from Theorem 2.6.4 td/7, ...,V in order

to obtaint’s derivationV;* in V;, i« = 1..k. We then recursively trace the derivations of

the V;*’s through lower segments. For case (3), we trace the derivati@haafcording to

v; and the derivation of all tuples iny(D) according tovs, as discussed in Section 2.6.1.
Recall from Theorem 2.6.4 that we do not need to store or recompute the actual view table
ve(D). Instead, we use a flagA'LL” to specify that the entire view table is to be traced.

2.7 Derivation Tracing with Bag Semantics

So far we have addressed the derivation tracing problem using set semantics: the base tables
are assumed to be sets, and the view is defined using operators with set semantics so that all
operation results, including the final view table, are also sets. In this section, we extend our
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base tables
no duplicates duplicates possible
_ no duplicates Q) (2
view _ _
duplicates possible 3 4)

Table 2.1: Base table and view scenarios

definition for tuple derivations as well as our tracing algorithms to consider bag semantics.
That is, we treat base tables and the results, af, and< operations as bags, and we use
bag union @) and bag difference<{).” Duplicate elimination, if desired, can be achieved
using our aggregationy) operator.

Duplicates can occur in base tables and/or in views. Consider the four scenarios in
Table 2.1. Case (1) represents the scenario we have considered so far. Case (4) represents
the most general scenario to be addressed in this section, and case (2) will use the same
algorithms as (4). Case (3), in which views may have duplicates but base tables are known
to have keys, allows us to perform certain optimizations, related to the key-based example
we gave earlier in Section 2.5.2. In fact, we may choose to transform a case (4) scenario
into case (3) by attaching system-generated tuple IDs to the base data, in order to apply a
more efficient tracing procedure.

In general, the derivation tracing problem for set semantics considered so far is sub-
sumed by the problem we are about to address for bag semantics. However, as we will see,
the solutions we gave for set semantics are simpler and more efficient than those for bag
semantics, so the separate treatment is worthwhile.

2.7.1 Tuple Derivations for Bag Semantics

Consider an operat@pwith bag semantics. GiveN copies of atupléin Op(71, . .., T,,),
there are at leasy ways to derive from theT;'s. Consider the following examples.

1. LetR = {{(a),(a)}, S = {(b)}, andV = R x S = {{a,b), (a,b)}. Atuple(a,b) in

’Bag operators do not eliminate duplicates. For exampleb} & {a,c} = {a,a,b,c}, and
{a,a,b} = {a,b,c} = {a}. Bag operators corresponds to SQLEINION ALL (as opposed t&JNION);
bag operator- is not supported by SQL.
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V' may be derived from the firgt:) in R and the(b) in S, or from the seconda) in
R and the(b) in S.

2. Let R(A,B) = {(a,b),{a,c)} andV = 7ma(R) = {(a), (a)} Wwherer preserves
duplicates. A tuplda) in V- may be derived fronja, b) or (a, ¢) in R.

3. LetR={{(a)}, S ={(a)},andV = RW S = {(a), (a)}. Atuple(a) in V may be
derived from the(a) in R or the(a) in S.

4. LetR = {(a),(a)}, S = {{a)}, andV = R=S = {(a)}. The (single) tuplga) in
V' may be derived from the first or the secofadl in R.

Thus, often there is no longer a unique derivation atcording to Definition 2.3.1. Given
any operator other than bag difference, if there/dreopies oft in the result then there are
exactly N derivations oft, each of which derives one copy bés in examples 1-3 above.
Given a bag difference operator, the number of derivationsdy exceed the number of
t's in the result, as in example 4 above.

More generally, given a view, a tuplet € v(D) may have multiple derivations ac-
cording tov. Sometimes, we may want to retrieve the derivations of a tuple one by one.
Other times, we may prefer a complete set of contributing tuples, without distinguishing
individual derivations. We introduce the conceptsdefivation setand derivation pool
in Definitions 2.7.2 and 2.7.3 to cover both cases. First, we redefine tuple derivations for
a view under bag semantics, because our previous definition (Definition 2.3.5), although
clearer, produces only derivation pools under bag semantics and not individual derivations.
Definition 2.7.1 subsumes Definition 2.3.5.

Definition 2.7.1 (Tuple Derivations for a View) Let D be a database with base tables
Ry,...,R,,and letV = v(D) be a view ovelD. Consider a tuplé € V.

1. v = R;: {t} is aderivation oft according tov.

2. v = Op(vy,...,v;), Wherew; is a view definition overD, j = 1..k: Suppose
(T}, ..., Ty) is aderivation of according taOp (by Definition 2.3.1), andR; ", ..., R} ")
is a derivation ofl 7 according ta; over D (by this definition recursively); = 1..k.
Then(Ry",...,R.",...,RY",...,R}") is aderivation oft according tov.
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Derivations for a tuple séf’ are constructed from all possible combinations of derivations
for the tuples ifl” such that the derivations selected for @&ny- ¢, € T are different. O

As we can see, the number of derivations for a tupleZs@hay be exponential in the
number of tuples ifT": if T' contains» tuples, and each tuple has uptoderivations, then

T may have as many as” derivations. Thus, enumerating all derivations for a tuple set
(Definition 2.7.2) can be impractical, and we may prefer to trace the tuple set’s derivation
pool (Definition 2.7.3).

Definition 2.7.2 (Derivation Set) Let D be a database with base tables. .., R,,, and
let V= v(D) be a view overD. Given a tuplet € V, the set of all oft’s derivations
according tov is called thederivation set oft according tov, denotedv=,(¢).28 The
derivation set of a tuple st C Op(T, ..., T,,) is the set of all derivations df, denoted
v 3p(T). O

Definition 2.7.3 (Derivation Pool) Let D be a database with base tables. . ., R,,, and

let V' = v(D) be a view overD. Given a tuplet € V, let (R,",...,R,,") contain all

tuples in any oft’s derivations (based on Definition 2.3.5)R;", ..., R,,") is called the

derivation pool oft according tov, denotedv="5(¢). The derivation pool of a tuple set

T C V contains all tuples in the derivation pool of any tupleZin and is denoted by
—-P

v D(T) O

Notice that a view tuple’s derivation set and derivation pool contain exactly the same collec-
tion of base tuples, but organized in different ways. As we will see, their tracing procedures
will differ considerably.

Example 2.7.4 (Multiple Derivations, Derivation Set, Derivation Pool)Consider a view
Stationery defined over our original tablestore , item , andsales from Fig-
ures 2.1-2.3Stationery = 7s_name, i -name(acategory _“stationery " (store
item < sales )), wherer now does not eliminate duplicates. Figure 2.20 sh8tes
tionery 's contents. A single tuplé = (Target,pencil) in Stationery has two

8Although called aset a derivation set may well have duplicates; that is, two derivationswdy have
the same value.
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| sname| i_name]
Target | binder
Target | pencil
Target | binder
Target | pencil

Figure 2.20:Stationery  contents

D*y
store item sales
| sid [ sname| city | state] | iid |i_name]| category| [ sid | iid [ price [ num |

| 001 | Target | Palo Alto | CA | [ 0002 | pencil | stationery| [ 001 [ 0002 [ 1 [ 3000 |

D*q
store item sales
| sid | sname| city [ state] | iid | i_name| category| |[s.id | iid | price| num |
| 002 | Target| Albany | NY | [ 0002 | pencil | stationery| [ 002 ] 0002 | 2 [ 2000 |

Figure 2.21: Multiple derivations dfTarget, pencil )

store item sales

| sid [ sname| city | state] — : | sid | idid | price | num |
= TN = | idid | i_name]| category |

001 arget alo Alto | 0002 | penci | stationery| 001 | 0002 1 3000

002 | Target | Albany NY 002 | 0002 2 2000

Figure 2.22: Derivation pool fofTarget, pencil )

derivations,D; and D;, as shown in Figure 2.21, st derivation set i D5, D;}. Fig-
ure 2.22 shows's derivation pool. O

We are now considering two modes of derivation tracing: tracing individual deriva-
tions, and tracing derivation pools. We can prove that the property of view and deriva-
tion equivalence after our canonicalizing transformations (Theorem 2.6.2) still holds for
bag semantics, derivation sets, and derivation pools. Thus, we can still transform a view
into canonical form before tracing derivation sets or pools. The transitive property (The-
orem 2.3.8) also applies to derivation sets and pools under bag semantics, which allows
us to trace derivations down the view definition tree recursively. In addition, we prove the

following theorems, which provide the groundwork for our later tracing algorithms.
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Theorem 2.7.5 (Derivation Uniqueness for Unique View Tuples).etv be a general view
over databas® with bag semantics and no difference operators. If a tugle/(D) has no
duplicates, thenhas a unique derivation in As a result, in this case p(t) = v "p(t).

O

Proof: According to Definition 2.7.1, given a tuptein view v(D), a derivation of is a
group of base tuples that can produdey themselves. Given a monotonic view, each of
t's derivations derives a tuple with valden the view table. These derived tuples cannot
be removed by other base tuples due to monotonicity. Therefore, if tuple(D) has

no duplicates, it has a unique derivation' (t). (Otherwise, ift has multiple derivations,
there must be multiple tuples (D) with the same value as This conflicts with the
fact thatt has no duplicates in(D).) Furthermoret’s derivation pool contains exactly all
tuples int’s unique derivation; in other words; 5 () = v~ p(t). O

Theorem 2.7.6 (Derivation Pool of a Set of Same-Valued Tupled)et v be any general
view over databas®. If all tuples in a tuple sef’ C v(D) have the same valug then
v Fp(T) = v=Fp(t). This also implies that " p (ov—:(v(D))) = v p(2). O

Proof: Vi* € v="p(T): 3t' € T such that* € v="p(t'). Becausd contains only tuples
with valuet, ¢’ = t. So,t* € v=Fp(t). Thereforep=" p(T) C v=Fp(t). Also, sincet € T,
v Pp(T) Dv=Fp(t). Thereforep™" p(T) = v p(2). O

Theorem 2.7.7 (Derivation Pool of Selected Portion in View Table).et v be any gen-
eral view over databasP. To trace the derivation pool of a selected portii(v(D))
of the view table, we can define another vielw= o+ (v), and trace the derivation of the
entire view table’(D) according ta’. In other words:

v p(oc(w(D))) = v'p(v(D)) = v' " p(ALL)
wherev' = g¢(v). O

Proof: Letv = o¢(v), v 'p(v' (D)) = v ploc oy (oe(w(D))) = v ip(V x
oc(v(D))) = v~ ploc(v(D))). -
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In Sections 2.7.2, 2.7.3, and 2.7.4, we develop techniques for: (1) tracing derivation
pools, (2) tracing derivation sets, and (3) associating a unique derivation with each view
tuple using existing or system-generated base table keys.

2.7.2 Tracing Derivation Pools

Tracing derivation pools for views with bag semantics is similar to tracing derivations for
views with set semantics as specified in Sections 2.5 and 2.6. We begin by specifying the
derivation pools for all of the relational operators, using bag semantics.

Theorem 2.7.8 (Derivation Pools for Operators with Bag Semantics).et7 andTy, ..., T,
be tables. Recall thaf; denotes the schema 6f. The derivation pool®p~* for o, , i,
anda are the same as their derivatiddp™' as specified in Theorem 2.3.4, except thiat

is replaced byr_,(T"), andt. T; is replaced byrr._; r.(T3).

&JiP(Tl’.“’TWJ (t) = <O'T1—t(T1), .. 70Tm:t(Tm)>’ fort ¢ T1 .- Tm

;7P<T1,T2>(t) = <O'T1:t(T1), 0'T27ét(T2)>, fort e T1;T2 (Il

Proof: We prove the theorem for and—. Others can be proved similarly.

) D<]_1<T1 ..... Tm)(t) = <0T1:t.T1 (Tl), ceey UTm:t.Tm(Tm)>; fort e T1 > .- X Tm

D*is aderivation ot € T} > --- > T, iff D* = ({¢t.T1},...,{t.Tm}), sinceD*
satisfies Theorem 2.3.4. Therefore,lin only tuples with value.T; contributes to
teTy>--- T, fori = 1..m. According to the definition of derivation pool,
>tz (t) contains all tuples that contribute to Thereforepa=7,(t) = op,—(T;),
fori =1..m.

° ;71<T1,T2)(t) = <UT1:t(T1)7 UT27£t(T2)>a fort € T; — Ts.

D~ is a derivation ot € T} — 15 iff D* = ({t}, on,.(T%)), sinceD* satisfies The-
orem 2.3.4. Therefore, tuples with valuet and tuples iri; with value different
from¢ contribute tat € Ty — T>. Therefore~"1 7, 1,)(t) = (o, =¢(T1), 01,2 (12)),
fort e T, — Ts. O
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procedure TableDerivation(’, v, D)

in: a tracing tuple set’, a view definitionv, and a databasb

out: T's derivation pool inD according tow

1 casev =R e D:

2 if T'= ALL then return ((R));

3 else return ((R x T'));

4 casev = v'(v1,...,vg):

5 I1v" is a one-level AUSPJ view

6 I1'V; = vj(D) is an intermediate view or a base tables 1..k
7 (V¥ V) < TQ(T, v {Va, ..., Vi)

8 return (TableListDeriv(V}*,..., V"), {vi,..., v}, D));

9 casev = v1-=vs!

10 IV =wv(D)

11 I1'V; = v;(D) is an intermediate view or a base tabjes 1,2

12 if ' = ALLthenT « V;

13 if T contains only tuples with value

14 then return (TableListDeriv(T', ALL), (v1, ov,-¢(v2)), D));
15 else return (TableListDeriv(7, ALL), (vi,ve), D));

Figure 2.23: Derivation pool tracing algorithm

The derivation pool tracing query for one-level AUSPJ views with bag semantics is
obtained by replacing th&plit operator in Theorem 2.6.4 with targeted split (TSplit)
operator.

Definition 2.7.9 (TSplit Operator) Let T be a table with scheni&, and letT; be a table
with schemdrl’; C T, i = 1..m. We define theargeted split ofl" by 77, . .., T}, to be:

TSplity, 7, (T)=(TyyxT,... , Ty xT) 0

Note that we need to use semijoins with the datéin . . , T, instead of simple projections
based on schema (which we used in the origBmitoperator), because semijoin is the only
way to produce the correct number of duplicates in the derivation result. However, since
TSplitis less efficient tha®plit, we recommend using the original tracing query when the
base tables are known to have no duplicates.

The general derivation pool tracing procedure is obtained by making only small mod-
ifications to procedurd@ableDerivation from Figure 2.19, shown as the underlined
portions in Figure 2.23. We repla@éwith R x T in the return value for the case= R
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to retrieve all tuples ik that are also ifY’, including duplicates. The tracing querQis

now usingT Splitin Definition 2.7.9 instead of usingplitfrom Theorem 2.6.4. Finally, for
D-segmentsy = v;~v,), we separate the case whé&feontains only tuples with the same
valuet. When all tuples have the same value, the recursive procedure call directly follows
the derivation pool equation in Theorem 2.7.8. However, if two tuple€s lrave distinct
values,t; andt, say, then we still need to include any copiesofthat might appear im;

(or derivations of such tuples), since anis in v, are part ofty’'s derivation pool inv. A
similar argument holds withy, andt, reversed.

2.7.3 Tracing Derivation Sets

Unlike the derivation pool for a tuplg t's derivation set separates its distinct derivations.
In this section we presentderivation enumeratiotechnique that produce’s derivations
one by one, thus generatig entire derivation set.

ProceduréDerivationEnum(  t,v, D) in Figure 2.24 traces the derivation set of tu-
ple ¢t according to view. We assume that is already in canonical form (Section 2.6.2).
However, when recursively tracing down the view definition tree, we treat AUSPJ seg-
ments with an omitted (i.e., trivial) aggregation operator separately. We also separate the
bag union node from the SPJ subtree in these segments for presentation clarity. Thus,
each (intermediate) view we trace through during the derivation enumeration procedure
has one of the following five forms: () = R; (2) v = ma(oc(v1 < -+ 1 v)); (3)
v=uv W W ) v =V (vy,...,0); (B) v = vy, WhereR is a base table in
databaseD, v; is an intermediate view or a base tables 1..k, andv’ is an AUSPJ seg-
ment with a nontrivial aggregation node. These cases map to the five cases in Figure 2.24,

in order.
For case (1), according to Definition 2.3.5 each copy iof R forms a derivatior{t}
of ¢t in V. For case (2), we first computés derivations invy (D), ..., v (D) based on

Theorem 2.7.10:

Theorem 2.7.10 (Derivation Set for an SPJ View)Given SPJview = v(13,...,T,,) =
waloc(Ty < -+ - T,,)) and tuplet € V, t's derivation set according tois

v o, () = {{t"T1}, .. ' Tw}) |t € ocpae(Ti < -+ T} O

.....
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procedure DerivationEnum{, v, D)

in:
out:
1

O©CoOoO~NOODWDN

15
16
17
18
19
20
21

a tracing tuple, a view definitionv, and a databasP
the set of allt’s derivations inD according tow
DS «+ @,
casev =R e D:
for each tuple irr—:(R) doinsert({t}) into DS;
casev = ma(oc(vy b4 -+ X vg)):
Pending < oopa=t(v1(D) < -+ - 1 vg(D));
while Pending # & do
begin
pick a tuplet’ in Pending;
for j <— 1to k do DS; < DerivationEnum(.Vj,v;, D);
insert all elements dS; x --- x DS} into DS;
removet’ and all its duplicates fronPending;
end
casev = v - W
for j < 1to k doinsert all elements of DerivationEnum(;, D) into DS,
casev = v'(vy,...vg): Il V' is an AUSPJ view with aggregation:
(Vi V) =TQ(t}, v/, (Vi .o, Vi),
for j < 1to k do DS; < TableDerivEnumy;*, v;, D);
DS < DSy x -+ x DS;
casev = v1—va:
DS < DerivationEnum{, vy, D) x TableDerivEnumALL, oy, (v2), D),
return (D.S);

procedure TableDerivEnuni(, v, D)

in:
out:
1

OO WN

a tracing tuple sef’, a view definitionv, and a databasP
the set of alll’s derivations inD according tow
letT = {t1,...,tn};
for i + 1ton do DS; + DerivationEnum{;, v, D);
DS «+ @;
for each elemenb,..., D, in DS; x --- x DS, do
if Vi # j: D; # Dj theninsertD; U---U D, into DS,
return (DS);

Figure 2.24: Derivation enumeration algorithm
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Proof:
D* is a derivation ot € V according taw

& I CV' =o0c(Ry < ... R,) suchthatl” is a derivation ot according to
v; = m4(V'), andD* is a derivation of/” according ta’
' € oacinc(Ry < ... Ry,) such thatl” = {t'}
7" C V" = Ry ... R, such thal” is a derivation of¢'} according to
vy = oc(V"), andD* is a derivation ofl” according ta”
< T'=t,andD* = ({t' . T1},....{t'." T}
& D* e DS,(t) O

T ¢

We initialize a Pending set to beogpa—¢(vi(D) > -+ > vg(D)). According to
Theorem 2.7.10vt' € Pending: D* = ({t'.V1},...,{t'.Vi}) forms a derivation of in
v1(D), ..., v (D). We then further trace the derivation gef; of ¢'.V; according tov;,
for j = 1..k. Based on Definition 2.3.5, we then append the cross-product @ this to
t's derivation set, wher®S,; x DSy = {D;j o D; | D} € DS;, D5 € DS5}. We remove
t" and its duplicates from thBending set, and repeat the above process untilRaeding
set becomes empty.

For case (3), whereis a bag union ofy, .. ., v, eacht in anyv;(D) is a derivation of
t € v(D) according to the bag union operator, so each derivatiermo€ording ta; forms
a derivation oft according tov. Therefore, we simply enumerate throughderivations
according to each;, adding them to the derivation set.

Consider case (4), whereis defined by an AUSPJ segmaeritover vy, ..., v, with
a nontrivial aggregation operator. Sincehas no duplicates due to the aggregation, by
Theorem 2.7.5 has a unique derivation i, ..., V}, according tov’. This derivation
(Vi ..., V) is obtained by tracing in V4,. ..,V according tov’. Then we trace the
derivation setDS; for eachV;* according tov;. (More on this step below.) The cross-
product of theD S;’s forms the derivation set dfaccording tov.

For case (5), where is a bag difference of; andwv,, each derivation of according to
vy and each derivation &, = o, (v2(D)) according ta, together form a derivation of
t according taw. Thus,t’s derivation set is the cross-product#s derivation set according
to v; andTy’s derivation set according t@.

Procedur&ableDerivEnum( T, v, D) in Figure 2.24 is called to trace the derivation



58 CHAPTER 2. DATA LINEAGE FOR RELATIONAL VIEWS

set of a tuple s€t” according to a view. Recall from Definition 2.7.1 that derivations for

a tuple seftl" are constructed from all possible combinations of derivations for the tuples
in T such that the derivations selected for any= t, € T are different. Letl’ haven
tuples. We first trace the derivation 9e5; for each tuple¢; € T, = 1..n. Then, for every
combination of distinct derivation8., ..., D, from DSy, ..., DS,,we addD,U---UD,

to the derivation set fo. Note that this procedure can be extremely expensivéis
large. While callingTableDerivEnum is necessary in the general case, in many cases
we can replace it with the much cheapeableDerivation (Figure 2.23). In case
(4), if v does not contain any difference operators, then by Theorem 2h@as a unique
derivation inD according tov. Hence, we can usgs derivation pool obtained by calling
TableDerivation , since in this case the derivation pool is the same as the derivation
set. Likewise, in case (5), if, does not contain any difference operators, we can replace
TableDerivEnum  with TableDerivation to obtain the single derivation f&LL .

2.7.4 Using Key Information

We now propose an alternative approach to tracing view tuple derivations in the presence
of duplicates for multilevel ASPJ views. Suppose for now that wi&siase tables all have

keys, i.e., case (3) in Figure 2.1. We can exteisddefinition using the key information

to obtain asupporting view’ such that’, as well as all of its intermediate results, has no
duplicates. Then, after mapping each tuple v(D) to a distinct tuplet’ € v'(D), we

can retrieve a unique derivation foby tracing the derivation of according tov’ using

the tracing algorithm for set semantics. In other words, we use base table keys to assign
a unique derivation to each copy of each view tuple. If we are not interested in individual
unique derivations, this technique is still useful for tracing derivation sets and pools as in
previous sections in a more efficient manner.

Theorem 2.7.11 (SPJ View Definition with Keys)Let D be a database with tables
Ry,...,R,, and letV = v(D) = ma(oc(Ry > --- 1 R,,)) be an SPJ view oveb.
Suppose eaclk; has a set of attribute&’; that are a key foR;, ¢« = 1..m. Then we
can define a view'’ = v'(D) = mauk,u-uk,, (0c(R1 > -+ 1 R,,)) that contains no
duplicates. Ifi” contains: copies of a tuple, then there are tuplest,, ... ,t, in V' such
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| sname| i_name| sid | i_id |
Target | binder | 001 | 0001
Target | pencil | 001 | 0002
Target | binder | 002 | 0001
Target | pencil | 002 | 0002

Figure 2.25:ExtStationery contents

thatt;. A = t, j = 1..n. The derivation of eachy according ta’ is also a derivation of
according ta, andv=5p(t) = {v' " 'p(t;), j = L..n}. m

Proof: We first prove thafi’”” contains no duplicates. Suppose there exist two tuples
t=1t € V' thent.K; = t'.K; fori = 1..m. Sincek; is the key of tableR;, there exists
a unique tuple; € R; such that;.K; = t.K; = t'.K,. According to Definition 2.7.1, we
know thatt has a unique derivatio* = ({{(t1)},...,{{t.)}). So hag'. Botht andt’ are
derived uniquely fronD*, which conflicts with the fact that' (D*) contains a single tuple.
According to Theorem 2.3.11, we can rewrit@asv = w4 (v') while not affecting its
tuple derivations. Given copies of a tuple in V, there are: derivations of in V' accord-
ingtoma: ({(¢;)}) such that;.A = ¢, for j = 1..n. SinceV”’ contains no duplicates, each
t; has a unique derivatiov(le(tj) in D according tov’. According to Theorem 2.3.8,
v~ p(t;) is a derivation oft according tov, and{v' 'p(t;) | j = 1..n} is the set of all
derivations (the derivation set) oficcording tav. O

According to Theorem 2.7.11, we can map each copy of a tugleV to a distinct
tuplet; € V' such that;.A = ¢. Then we can associate a unique derivation with each copy
of ¢ by tracing the correspondirig's derivation. We can also retrieve the entire derivation
set (or pool) fort by tracing the derivations for all the’s. Recall from Theorem 2.4.5 that
derivation tracing for views that include base table keys (e.g., vigwakes time at most
linear in the size ofky, . . ., R,,, which is generally much more efficient than the derivation
enumeration algorithm in Section 2.7.3.

Example 2.7.12 (SPJ View Extended with KeysYConsider again the problem of tracing
the derivation of Target,pencil ) € Stationery  in Example 2.7.4. Suppose table
store haskeys_id ,item haskey _id , andsales has key(s_id,i_id). We first de-

f|ne aVIeWEXtStatIOI'lery = Ws_nameJ _nhame,s _id,i _id (Ucategory :“Stationery ”(
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store item sales
| sid | sname| city |state| | iid |iname| category| |sid | iid | price | num |
| 001 | Target | Palo Alto| CA | | 0002 | pencil | stationery] | 001 [ 0002 | 1 [ 3000 |

Figure 2.26: Derivation of

store item sales
| sid | sname| city |[state] | iid |iname| category | |sid | iid | price | num |
| 002 | Target | Albany | NY | [ 0002 | pencil | stationery| | 002 ] 0002 | 2 [ 2000 |

Figure 2.27: Derivation of”

store item i sales )). Figure 2.25 shows the view contents. Let us map the traced

tuplet = (Target,pencil ) in Stationery  tot’ = (Target,pencil,001,0002 )
in ExtStationery . We retrievet”’s derivation according t&xtStationery and ob-
tain the result in Figure 2.26. We can similarly map another copylafget,pencil )

in Stationery  tot” = (Target,pencil,002,0002 ) in ExtStationery , and

retrieve the second derivation, shown in Figure 2.27. Notice that Figures 2.26 and 2.27 are
identical to the two derivations in Figures 2.21, as desired. O

Given a multilevel ASPJ view = v(D), if v's top segment contains an aggregation
operator, ther’/ has no duplicates, and each tuplelinhas a unique derivation (Theo-
rem 2.7.5). Ifv’s top segment contains no aggregation operator,W.e5 74 (o (7} <

- 1 T,,)) whereT; is a base table or an intermediate aggregation view, we can first

rewrite the top segment to includé’s key attributes, as in Theorem 2.7.11. (For the cases
whereT; is an intermediate aggregation view, its key is the grouping attributes. Otherwise
we use base table keys.) Then, each tuple in the extended view has a unique derivation
which can be traced using the recursive algorithm in Figure 2.14.

For base tables without keys, we can still apply the techniques introduced in this sec-
tion by first attaching a system-generated key (e.g., the tuple IDsoirragate to each
base tuple. We then extend the view definition to include these keys as described earlier.
After tracing tuple derivations for the extended view, we project out the system-generated
key attributes from the derivation results to obtain the correct derivation according to the
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original view.

Extending the techniques of this section to general views including the bag operators
union and difference is somewhat complex, due in part to the requirement of uniform
schemas in operands, and is beyond the scope of this thesis.

2.7.5 Algorithms Summary

We have presented four major derivation tracing algorithms:

1. Thebasic tracing algorithm(Sections 2.4-2.6) traces view tuple derivations under
set semantics for general views.

2. Thepool tracing algorithm(Section 2.7.2) traces view tuple derivation pools under
bag semantics for general views. It retrieves all contributing tuples for the traced
tuple without distinguishing individual derivations. The algorithm itself is similar to
the basic tracing algorithm, although it incurs some overhead for handling duplicates
in base tables and intermediate views during the tracing process.

3. Theenumerating algorithn{Section 2.7.3) traces view tuple derivation sets under
bag semantics for general views. It lists each derivation of the traced tuple separately.
This algorithm is the most expensive of the four algorithms we propose.

4. Thekey-based algorithr{Section 2.7.4) traces view tuple derivations in the presence
of duplicates in the view by using key information to associate a unique derivation
with each view tuple. In general, this algorithm is more efficient than the other three
algorithms, but it can only be used easily for multilevel ASPJ views (not general
views with union and difference operators) and may require additional machinery to
generate tuple IDs.

2.8 Reuvisiting Introductory Example

For continuity, let us revisit our original motivating example from Chapter 1, presented in
Section 1.2. Recall that we considered a university data warehouse constructed from four
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source tablesProgram, Student, Course, andEnrollment, depicted with sample data

in Figure 1.2. From these sources, we defined a materialized MiewmeByField. The

view was not specified formally in Section 1.2, but it can be written in relational algebra as:
(lf1e1d,sun(unit_tuitionsunits) (Program > Student > Course > Enrollment). The view

and its contents for our sample source data are depicted in Figure 1.3.

Assuming set semantics, we are dealing with a one-level ASPJ view as covered in
Section 2.5 of this chapter. Thus, our general tracing query for a tuigle 7’'Q);, =
Splitprogram,Student,Course, Enrollment(Ttie1a=t fie1a(Program > Student > Course i<
Enrollment)). When tracing the lineage of example view tupbetabases, $84K), the
instantiated tracing query Bplitprogram,Student,Course, Enrollment (T ie1d='Databases’ (PrOgram
> Student < Course I Enrollment)). The result of this query over the sample data is
exactly the lineage result provided for the original example in Figure 1.4.

2.9 Related Work

Most previous work related to this chapter was covered in the general related work section
of Chapter 1 (Section 1.5). One reference, [KL®¥], also introducederivation setsin

the context of concurrency control for materialized views. Their definition of a derivation
set and our lineage definition are related, in the sense that both definitions attempt to iso-
late the base tuples that affect specific view tuples. However, [K2FK] defines derivation

sets in a database-independent way, so their definition is much looser than ours. Further-
more, [KLM*97] considers a more restricted class of views than we consider. The two
approaches were compared in more detail in Section 2.5.2.

2.10 Chapter Summary

In this chapter, we formalized the data lineage problem for warehouses defined as relational
views over relational sources. We presented lineage tracing algorithms for a very general
class of views under both set and bag semantics. Using our algorithms, the system converts
the view definition into a segmented normal form when the view is defined. At tracing
time, the system recursively traces data lineage through each segment in the view definition,
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usually using one tracing query per segment, until reaching the source tables. Our tracing
gueries are generated automatically based on the view definition and are parameterized by
the traced tuples, and they can be optimized easily by a conventional database management
system (DBMS). Implementation of several of the algorithms in this chapter in the context

of the WHIPS data warehousing prototype will be described in Section 3.8 of the next
chapter.



Chapter 3

Storing Auxiliary Views for Efficient
Lineage Tracing

In this chapter, we introduce techniques for storuxiliary viewsto improve the perfor-
mance of lineage tracing in relational data warehouses. Using our approach presented in
Chapter 2, to compute the lineage of a warehouse data item, we need the definition of the
view containing the item, the original source data, and depending on the view’'s complexity
possibly some auxiliary information representing intermediate results in the view definition
(recall Section 2.5). In a distributed multi-source data warehousing environment, querying
the sources during lineage tracing may be difficult or impossible: sources may periodically
be inaccessible, they may be expensive to access, expensive or slow to transfer data from,
and/or inconsistent with the views at the warehouse. By storing additional auxiliary infor-
mation (auxiliary views) in the warehouse, we can reduce or entirely avoid querying the
sources. Furthermore, auxiliary views may reduce or eliminate the cost of recomputing
intermediate results for lineage tracing. However, computing and maintaining auxiliary
views may significantly increase warehouse maintenance cost.

There are numerous options for which auxiliary information to store, with significant
performance tradeoffs. For Select-Project-Join (SPJ) views, we propose a variety of auxil-
iary view schemes and study overall warehouse tracing and maintenance performance for
the different schemes through simulations. For arbitrary views with aggregation (the ASPJ

64
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views introduced in Section 2.2), we suggest an initial search space of possible benefi-
cial auxiliary views based on th&SPJ view normal fornfrom Section 2.5.1, we propose
several algorithms for selecting auxiliary views within this search space, and we compare
empirically the running time of our selection algorithms and the optimality of the auxiliary
view sets they select. We use the TPC-D benchmark [TPC96], as well as a suite of synthetic
view definitions and statistics.

Section 3.1 introduces several running examples and motivates the technique of storing
auxiliary views for improved lineage tracing performance. Section 3.2 introduces a variety
of auxiliary view schemes for the restricted case of SPJ views. Section 3.3 presents a per-
formance study of the proposed auxiliary view schemes, considering lineage tracing cost
as well as overall warehouse view maintenance and storage costs. Section 3.4 specifies the
auxiliary view selection problem for ASPJ views, and Section 3.5 describes the detailed
cost model we use to estimate lineage tracing and view maintenance costs for a given ASPJ
view and a set of auxiliary views for it. Section 3.6 then presents our auxiliary view se-
lection algorithms based on the cost model, and Section 3.7 compares their performance
using experiments. Section 3.8 introduces a lineage tracing system prototype we imple-
mented based on the results presented thus far in the thesis. Finally, Section 3.9 surveys
related work, and Section 3.10 concludes the chapter. The work presented in this chapter
appeared originally in [CW00a, CW00b, CWO00c].

3.1 Running Examples

For this chapter’s running examples, let us again consider the retail data warehouse from
Section 2.1, where viewalif (Figure 2.4) andClothing (Figure 2.7) are defined over

three source tablestore, item, andsales (Figures 2.1-2.3). Again, suppose we select

a tuple inCalif (or Clothing) and want to trace its data lineage. Recall that we used
the termgderivation setandderivation poolin Chapter 2 to formalize the concept of data
lineage under set and bag semantics, respectively. In this chapter and all later chapters, we
consider only set semantics, where there is always a unique derivation for any given view
data item (Theorem 2.3.2). Thus, we use the teneagegenerically throughout the rest

of the thesis to indicate the unigderivationsof Theorem 2.3.2.
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To trace the lineage of view tuple= (Target, pencil, 3000) in Calif, using our trac-
ing algorithms presented in Section 2.4, we can apply either of the tracing queries in Figure
2.12 to the source tables. However, as mentioned at the outset of this chapter, querying the
source tables during lineage tracing may be inefficient, difficult, or impossible. To reduce
or avoid source accesses during lineage tracing, we may choose to store at the warehouse
auxiliary materialized viewsver the source tables. For the simple viexstif, we could
store a copy of all source tables in the warehouse and apply the tracing query directly to
the local copies to avoid remote source queries altogether during lineage tracing. There are
several alternative auxiliary views we could store to reduce source accesses during lineage
tracing, which we will introduce later in Section 3.2.

Recall that for lineage tracing in a complex ASPJ view li@thing in Figure 2.7,
we first divide the view definition tree into two ASPJ segments and define an intermediate
view A11Clothing over the bottom segment, as shown in Figure 2.13. As discussed in
Section 2.5.3, the contents of the intermediate vi@iClothing are needed in the tracing
query for the top segment of vie@lothing. We can recompute the relevant portion of
the aggregate when tracing a tuple’s lineage, or we can materfliZ8 othing as an
auxiliary view at the warehouse specifically for lineage tracing.

All materialized views at the warehouse, including grenary viewbeing traced and
any auxiliary views to support lineage tracing, musiisntainedvhen the sources change,
as discussed in Section 1.1. Throughout this chapter, we assume a stencdamten-
tal view maintenancapproach is used, e.g., [GMS93, ZGMHW95]. In this approach,
changes to each source table are recorded delta table During view maintenance,
changes to the view are computed using a predefined query cafteinéenance expres-
sion In our example, when tuples are inserted istdes, the insertions are recorded
in a delta tablesales-ins. Insertions to the viewalif can then be computed using a
guery (maintenance expression) that is the same as the view definition in Figure 2.4, except
thatsales is replaced byales-ins. Deletions to the view are computed similarly. We
thenrefreshthe view table by applying the changes, and the view becomes up-to-date. To
evaluate the maintenance expressions, it is usually necessary to query the source tables,
which can be problematic as discussed earlier. Prior work has addressed this problem by
adding auxiliary views to ensuself-maintainability a set of views is self-maintainable if
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it can be maintained using only the source changes and the view data, without querying the
sources [QGMW96].

As we introduce auxiliary views in the warehouse to support lineage tracing, overall
warehouse maintenance cost may increase since more views need to be maintained. How-
ever, the same auxiliary views that help lineage tracing often can help maintain the primary
view, sometimes even making the entire set of views self-maintainable. For example, the
auxiliary view A11Clothing that we defined for lineage tracing can also help the main-
tenance of primary viewlothing, because we can avoid recomputing the intermediate
aggregation results during each view maintenance process.

To take the interaction of auxiliary views for lineage tracing and view maintenance into
consideration, we decided to study auxiliary view schemes for lineage tracing and view
maintenance together. We also consider warehouse storage cost, because some auxiliary
view schemes that can improve both lineage tracing and view maintenance performance
may incur very hight storage space requirements. (Storing an entire copy of all source data
might be such an example.)

In general, given an arbitrary ASPJ view, finding a set of auxiliary views that minimizes
the overall lineage tracing and view maintenance cost is a hard optimization problem. To
illustrate the general auxiliary view selection problem, we will use a somewhat more com-
plicated example. First, we extend our source tables by adding an extra attilstitéo
the source tabletem, and we add a fourth source takdgployee(e_id, s_id, salary).

The complete source schema is now:

e store(s_id, s_name,city, state), as earlier

e item(i_id,i_name, category, cost), which includes the wholesale cost of each
item

e sales(s_id, i-id, price, num), wherenum now represents the expected number sold
each month

e employee(e_id, s_id, salary), which includes the monthly salary of each employee
at each store
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CREATE VIEW HighProfit AS

SELECT sname
FROM store as S, Fs_name

(SELECT sid, SUM(num*(price-cost)) AS profit

i O profit — salaries > 100000
FROM sales, item | profit - salaries

WHERE sales.id = item.Lid s

GROUP BY sid) AS P, q o

(SELECT sid, SUM(salary) AS salaries s_id, s_id, ,

FROM employee o P
GROUP BY sid) ASE o

WHERE S.sid = E.sid
AND E.sid = P.sid 1
AND P.profit—E.salaries> 100000 @p_l@ sales

item

Figure 3.1: View definition foHighProfit

Consider a materialized viedi ghProf it that keeps track of stores with high profits, i.e.,
stores whose expected monthly sales income exceeds its total salary expenses by at least
$100,000. An SQL definition forighProfit and its view definition tree in segmented
ASPJ normal form (Section 2.5) are shown in Figure 3.1.

For view HighProfit, there are numerous ways of storing auxiliary views to help
lineage tracing or view maintenance. For example, we could store the result of the two
lower-level aggregations, we could store the join result, we could store copies of most or
all of the source tables, etc. In Sections 3.4-3.6, we will introduce techniques for selecting
a good set of auxiliary views without exploring the entire combinatorial space.

3.2 Auxiliary Views for Tracing SPJ Views

In this section, we introduce a variety of auxiliary view schemes for the restricted case of
SPJ views, and we study their relative performance in Section 3.3. In Sections 3.4-3.7, we
will extend our auxiliary view schemes to consider arbitrary multilevel ASPJ views.

Given an SPJ view = v(D) = m4(oc(Ty > --- = T,,,)) and a tuple sel’ C V to
be traced, Figure 3.2(a) shows the generic form of its tracing query from Theorent 2.5.2.

We consider tracing a tuple sEtrather than a single tuptefor generality: it sets the stage for generaliz-
ing our results to multilevel views, and in practice we expect that a warehouse tracing package might permit
multiple tuples to be traced together for convenience and efficiency.
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Figure 3.2: Tracing queries

We assume that all local selection conditions in the view—conditions that involve a single
base table—are pushed down to &, so oo contains join conditions only. Since the
size of T' tends to be small, in some cases we also push down the semijoin and rewrite
the tracing query as in Figure 3.2(b). The auxiliary views we consider are based on the
forms of these two query trees. (Of course since the traced tuplg sehot available
until tracing time, we cannot define or maintain auxiliary views on subqueries involving
T.) We propose seven schemes for storing auxiliary views to support tracing the lineage
of T" according tov. For each scheme we specify the new lineage tracing procedure that
takes advantage of auxiliary views, as well as the maintenance procedures for the auxiliary
views and the original view, since they are all factors in overall performance.

In the maintenance procedures, we dise denote the delta tables (as discussed in Sec-
tion 3.1), but with insertions and deletions combined, and wesusedenote application
of the delta tables [GMS93].

3.2.1 Store Nothing ©)

The extreme case is to store no auxiliary views for lineage tracing.

1. Auxiliary views: None

2. Lineage tracing:T’Qr,, = Splitr, .. 1. (cc(T1 X T) <+ (T, x T)) x T)

.....

3. Maintenance of auxiliary views: None
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4. Maintenance of [GMS93]: §V = ma(oc(0T1 < (ToWoTy) < - - - <1 (1, W T, W
Ty 0Ty (T3 W 6T3) < -+ - < (T, WOT ) W - WT -+ 1 T g 1 0T,))

This scheme retrieves all necessary information from source tables every time a user poses
a lineage tracing query. It incurs no extra storage or maintenance cost, but leads to poor
tracing performance. This scheme is included primarily as a baseline to compare with
other, more attractive, schemes.

3.2.2 Store Base Tables (BT)

If we can trace the lineage of any tuple in a view without querying the sources, then we say
that the view isself-traceable Self-traceable views can be traced correctly even if source
tables are inaccessible or inconsistent with the warehouse views. One easy way to make a
view self-traceable is to store in the warehouse a copy of each source table that the view is
defined on (after local selections), and issue the tracing queries to the local copies instead
of to the source tables during lineage tracing. We refer to these source copieBasé¢he
Tables (BTsjor v.

1. Auxiliary views: BT, =T;,i=1..m

2. Lineage tracing:T'Qr,, = Splitr,.. 1.(cc(BTy x T)pa--- > (BT, x T)) x T)

3. Maintenance oBTs: BT, = 61;,i = 1..m

4. Maintenance of: Same as schenm® replacingl; with BT;,i = 1..m
Storing base tables can improve primary view maintenance as well as lineage tracing, and
maintaining them is fairly easy. However, base tables can be large, even after applying
local selections, and much of the source data may be irrelevant to any view tuple’s lineage

if joins are selective. For the SPJ viealif from our running example, the base tables
are simply copies of tablescore, item, andsales.

3.2.3 Store Lineage Views (LV)

An alternative way of improving tracing query performance is to store an auxiliary view
based on the left subtree in Figure 3.2(a), which we calLtheage View (LVjor v, since
it contains all lineage information for all tuples in the primary view.
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| sid | s.name] city | state| i.id | i_name]| category | price | num |
001 | Target Palo Alto CA | 0001 | binder | stationery| $4 | 1000
001 | Target Palo Alto CA | 0002 | pencil | stationery| $1 | 3000
001 | Target Palo Alto CA | 0004 | pants | clothing | $30 | 600
003 | Macy’s | San Francisca CA | 0003 | shirt clothing | $45 | 1500
003 | Macy’s | San Franciscd CA | 0004 | pants | clothing | $60 | 600

Figure 3.3: Lineage View (LV)

1. Auxiliary views: LV = o¢(Ty > -+ -1 T,,)
2. Lineage tracing:7'Q;,, = Splitr, . 1. (LV x T)
3. Maintenance okV: LV = o¢ (6T < (To W 0T%) > -+ - 1 (T, W 6T,,) WY >
0T > (T3 W 0T3) <1+ < (Th, WOTh ) W - W Ty - 1 Ty g < 0T)
4. Maintenance of: 6V = m4(dLV)
The LV scheme significantly simplifies the tracing query and thus reduces tracing query
cost. In addition, like base tables, lineage views can be helpful in maintaining the pri-

mary view. However, lineage views can be large and are usually expensive to maintain
themselves. The contents of the lineage viewckdrif are shown in Figure 3.3.

3.2.4 Store Split Lineage Tables (SLT)

For views whose joins are many-to-many, lineage views as defined in Section 3.2.3 can
be very large, and thus not efficient when performing the semijoin Witturing lineage
tracing. One solution is to split the lineage view and store a set of tables instead, which
we call theSplit Lineage Tables (SLTsNote that we use lineage viel as defined in
Section 3.2.3 in the following definitions.

. Auxiliary views: SLT, = 7, (LV), 7 = 1.m

T (0c((SLTy X T) >t - - - 1 (SLT,, X T')) x T')
. Maintenance o8LTs: 0SLT; = 7, (6LV), i = 1..m

.....

1
2. Lineage tracing:7'Qr,, = Splitr,
3

4. Maintenance of: 6V = w4 (dLV)

Split lineage tables contain no irrelevant source data, since every tuplelin = 1..m,
contributes to some view tuples. Furthermore, the size of the split lineage tables can be
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SLT-item SLT-sales
SLT-store | idd | i_name]| category | (sid | iid | price | num |
| sid | sname| city [state] [0001 | binder | stationery| | o0k | 0001 | 4 | 1000

001 | 0002 1 3000
001 | 0004 | 30 600
003 | 0003 | 45 | 1500
003 | 0004 | 60 600

001 | Target Palo Alto CA 0002 | pencil | stationery
003 | Macy’s | San Franciscg CA 0003 | shirt clothing
0004 | pants | clothing

Figure 3.4: Split Lineage Tables (SLTSs)

much smaller than the lineage view. Their maintenance cost is similar to that of the lineage
view. Note that although we do not materialize the lineage \li&wn the SLT scheme,

we still computejLV, in order to maintain the primary vieW and auxiliary viewsSLT;,

1 = 1..m. The disadvantage of SLT is that lineage tracing queries may be more expensive.
The contents of the split lineage tables for viesi if are shown in Figure 3.4.

3.2.5 Store Partial Base Tables (PBT)

Reconsidering the BT scheme (Section 3.2.2), another way to reduce the size of the base
tables is to materialize the semijoin of each source t@bleith the primary viewV; we
call this semijoin result thPartial Base Table (PBTipr T; according tav.

. Auxiliary views: PBT, =T; x V,i=1..m

. Lineage tracing:I'Qr,, = Splitt,. .. 1. (cc((PBTyxT) -1 (PBT,,xT))xT)

.....

1
2
3. Maintenance oPBTs: 0PBT;, = 0T; x (VWIV)WT; x §V,i=1..m
4

. Maintenance of: Same as schemz

For views with selective join conditions, the PBT scheme replicates much less source data
than the BT scheme, with several benefits: It reduces the storage requirement, as well as the
cost of refreshing the auxiliary views. It also reduces the tracing cost, because the tracing
qguery operates on a much smaller table. However, partial base tables do not help with
the maintenance of the primary view. Instead, the primary view needs to be maintained
first. The partial base tables are then relatively cheap to maintain based on the primary
view’s contents and changes. The contents of the partial base tables fdr are shown

in Figure 3.5.
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PBT-store PBT-item _ IIDBT—saI.es
| sid | s.name] city | state| [ iid |i_name]| category | | O&(S | 0'(‘)'(?1 | pr;ce| F(;Jor:)] |
001 | Target Palo Alto CA 0001 bindgr stat?onery 001 T 0002 T 3000
002 | Target Albany NY 0002 | pencil | stationery

001 | 0004 | 30 600
003 | 0003 | 45 | 1500
003 | 0004 | 60 600

003 | Macy’s | San Francisco] CA 0003 | shirt clothing
004 | Macy's | New York City | NY 0004 | pants | clothing

Figure 3.5: Partial Base Tables (PBTSs)

3.2.6 Store Base Table Projections (BP)

When source tables have known keys, we can store in our auxiliary views key attributes
from the source tables together with other necessary attributes, which we cBlhskee
Table Projections (BPs)This scheme improves tracing query performance (over storing
nothing) while reducing view maintenance and storage costs (over storing full source repli-
cas).

1. Auxiliary views: BP; = 74, (T;), whereA; includes the key attributek’;, attributes
that are projected intd (T; N V), and attributes involved im’s join conditions
(T;NC)

2. Lineage tracing:T;* = T; X (oc((BPy x T) <+ - - 1 (BP,, x T)) x T'), v 1 p(T) =
(T ..., T")

3. Maintenance oBPs: 6BP; = my4,(67;),i = 1..m

4. Maintenance of: Same as scheme replacingl; with BP;, 7 = 1..m

Note that the semijoins in the tracing procedure are key-based. This scheme can be espe-
cially useful when a source table has wide tuples but the view projects only a small fraction.
During lineage tracing, the stored information identifies by key which source tuples really
contribute to a given view tuple, then the detailed source information is fetched from the
source using the key information. Maintenance of the primary view is easy. However, in
the BP scheme we do need to query the sources, which has its drawbacks as discussed
earlier. The contents of the base table projectiong4at f are shown in Figure 3.6
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BP-sales
[ sid | iid | num |
BP-store BP-item 001 | 0001 | 1000
| sid | s.name | state] | idid [ i_name] 881 888421 3600000
001 | Target | CA 0001 | binder
. 002 | 0001 | 800
002 | Target | NY 0002 | pencil
_ . 002 | 0002 | 2000
003 | Macy's | CA 0003 | shirt
; 002 | 0004 | 800
004 | Macy's | NY 0004 | pants
003 | 0003 | 1500
005 | Safeway| CA 0005 pot 003 10002 T 600
006 | Safeway| CO 0006 | plate

004 | 0003 | 2100
004 | 0004 | 1200
004 | 0005 | 200

Figure 3.6: Base Table Projections (BPSs)

3.2.7 Store Lineage View Projections (LP)

Again assuming source tables with known keys, we can store a projection over the lineage
view (Section 3.2.3) that includes only source table keys and primary view attributes. We
call this view theLineage View Projection (LPNote that we use lineage vidw as defined

in Section 3.2.3 in the following definitions.

1. Auxiliary views: LP= 74 k,u..ux,, (LV), whereA is the set of attributes iir, and
K; is the set of key attributes of table, : = 1..m

2. Lineage tracing:T;* = T; x (LPxT), v 'p(T) = (T\*, ..., Tn")
3. Maintenance ofP: 0LP= 7y k,u..uk,, (OLV), i = 1..m

4. Maintenance of: 6V = 74 (JLP)

Compared with the BP scheme, the LP scheme further simplifies the tracing query and im-
proves tracing performance. However, the maintenance cost for the lineage view projection
is higher than for the base table projections. LP also requires a source query as the last step
of the tracing process, with the disadvantages previously discussed. The contents of the
lineage view projection fo€alif are shown in Figure 3.7.
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| sid | s.name]| iiid [ i_-name| num ]
001 | Target | 0001 | binder | 1000
001 | Target | 0002 | pencil | 3000
001 | Target | 0004 | pants | 600
003 | Macy’s | 0003 | shirt | 1500
003 | Macy’s | 0004 | pants | 600

Figure 3.7: Lineage View Projection (LP)

scheme @ | BT | LV | SLT | PBT | BP | LP | LV-S | SLT-S| PBT-S
self-traceable? || no| yes|yes| yes| yes | no | no| yes | yes yes
self-maintainable?| no | yes| no | no no |yes| no| yes | yes yes

Table 3.1: Scheme self-traceability and self-maintainability

3.2.8 Self-Maintainability and Self-Traceability

As mentioned in Section 3.2.2, self-traceable views can be traced correctly even if the
sources are inaccessible or inconsistent with the warehouse views. Analogously, view self-
maintainability as introduced in Section 3.1 ensures that views can be maintained without
guerying the sources [QGMW96]. In cases where the sources are inaccessible, we must
ensure that the primary view together with our auxiliary views are both self-traceable and
self-maintainable. Table 3.1 summarizes these properties with respect to the seven schemes
introduced so far. We also consider self-maintainable extensions of three of the schemes,
LV, SLT, and PBT, calling the extensions LV-S, SLT-S, and PBT-S.

3.3 Performance of Auxiliary View Schemes for SPJ Views

This section presents a simulation-based performance evaluation of our proposed auxiliary
view schemes in Section 3.2. We address several questions, including: What is the trac-
ing/maintenance cost distribution and the storage requirement using each scheme? What
is the impact of parameters such as the source table size, the number of source tables, the
view selectivity, and the tracing-query/update ratio? Finally, which scheme performs the
best, in terms of tracing time and maintenance cost, in different settings?
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| Parameter | Description | Base value|

| view query load statistics |
queryrate # of tracing queries per unit time 80
querysize # of tuples traced per query 10

| source update load statistics |
updateratio # of source table updates per unit time 20
updatesize # of changed tuples per source table update 10

| view (segment) data statistics |
rel_num (fan out)| # of tables in the view (segment) 3
join_ratio # of joining tuples / cross-product size 0.000125
selectratio # of tuples after selection / before selection 0.1
proj_ratio # of bytes in projection / tuple size in bytes 0.2
aggrratio # of tuples in aggregate / # of tuples before aggregation 1

| source data statistics |
tuple.num # of tuples in source tables 10,000
tuplesize tuple size of source tables (in bytes) 1000

| system statistics |
block size block size in bytes at warehouse and source 8000
disk cost cost to read/write a disk block in ms/block 10
transcost network transmission cost (in ms/byte) 0.2
msg cost network setup cost (in ms/message) 100

Table 3.2: System and data statistics

3.3.1 System Model and Cost Metrics

We consider a simple warehousing system as depicted in Figure 1.1 of Chapter 1. Table 3.2
summarizes the configuration parameters. Recall that we study only SPJ views in this sec-
tion, and we consider two types of operations on the view: lineage tracing queries and view
maintenance. Most entries in the table are self-explanatory. We assume all local selection
conditions are pushed down to corresponding source tables and have been incorporated in
the source table size. For simplicity, we do not model cache behavior, and we assume that
all source tables in the view have the same statistics. We also assume that the warehouse
and the source databases have the same data block size and the same disk access cost. Fi-
nally, we assume that all sources can perform simple SPJ operations, and all join operations
are nested-loop index joins. We consider table scans as well as key-based index lookups.
We use the base values in Table 3.2 as the baseline setting for our experiments, varying
relevant parameters one at a time.
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In our performance analysis we consider several performance metrics. The first is lin-
eage tracing query performance, where we use the average tuple lineage tracing time as
the metric. The second metric measures view maintenance cost, including total time spent
maintaining auxiliary views as well as the primary view. We consider total view mainte-
nance cost since, as discussed earlier, certain auxiliary view schemes for lineage tracing
also improve the performance of primary view maintenance. For both lineage query and
view maintenance costs, we consider database access and network cost. More specifically:

lineage tracing (resp. view maintenance) cost

= disk_costx # of disk 1/Os in lineage tracing (resp. in view maintenance)

+ transcostx # of bytes transmitted in lineage tracing (resp. in view maintenance)
+ msgcostx # of network messages in lineage tracing (resp. in view maintenance)

To estimate the number of disk I/Os, bytes transmitted, and network messages in lineage
tracing and view maintenance, we use a fairly conventional cost model for relational queries
in a distributed database setting, similar to, e.g., [LQA97, UlI89b, ZGMHW95]. The cost
formulas rely on all of the statistics from Table 3.2 and the assumptions we made earlier.
We also consider total tracing query and view maintenance time based on the query/update
ratio. Finally, we consider the size of the primary view and auxiliary views, which com-
pares the schemes’ storage requirements.

3.3.2 Experiments and Results

We present a sample of five experiments addressing the questions raised at the beginning of
this section. For each experiment we simulated a total of 1000 operations and estimate the
tracing query and view maintenance costs based on the system and cost model introduced
in Section 3.3.1. Each operation is either a lineage tracing query (tracing a set of view
tuples) or view maintenance, which computes and applies changes to the primary view and
auxiliary views based on a set of source changes. We look at the overall performance of our
schemes using the base settings of Table 3.2, investigating their storage requirement and
how their cost distributes among the relevant cost components. We then study the impact
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MAINTENANCE COST TRACING QUERY COST
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Figure 3.8: Cost distribution under base settings

on the various schemes of source table size, number of source tables, view selectivity, and
guery/update ratio. Because we measure all ten schemes in our experiments, some graphs
are admittedly difficult to decipher, so we highlight the most important aspects of our re-
sults in text.

Cost Distribution and Storage. Our first experiment compares the performance of our ten
proposed schemes under the base settings. Figure 3.8 shows the cost distributions divided
into two parts: the tracing query cost on the right and the view maintenance cost on the left.
Figure 3.9 shows the storage requirement of each scheme, including the primary and aux-
iliary views. (The primary view is fairly selective under our base settings, resulting in the
high variance in storage requirement.) From Figure 3.8 we see that under our base settings,
LV-S and SLT-S achieve low lineage tracing cost as well as fairly low total co@NOTH)

has the highest tracing cost but low maintenance cost as expected, while conversely LV and
SLT have low tracing cost but high maintenance cost. BT and PBT are reasonable com-
promises between the two extremes. The self-maintainable extensions (LV-S, SLT-S, and
PBT-S) significantly reduce the network cost for maintenance, at the expense of higher re-
fresh 1/0O cost and higher storage requirements (Figure 3.9). The projection-based schemes
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Figure 3.9: Storage cost

(BP and LP) achieve low tracing and maintenance I/O cost, but since they require queries
to the sources the network cost remains high. Figure 3.9 showsstHat, SLT, BP, and
LP have the lowest storage requirements.

Impact of Source Table Size Next, we look at how our schemes are affected by source ta-

ble size scale-up. In Figure 3.10, we vary the size of each source tabladtono 50, 000

tuples and study the impact on tracing query cost (per traced tuple) and maintenance cost
(per updated tuple). The results tell us that as the source table size increases, SLT and SLT-S
provide the lowest tracing cost (the cost is identical for the two schemes), because they fil-
ter out all base tuples that are irrelevant to the lineage of any view tuple. BP and BT, on the
other hand, incur the lowest maintenance costs, because of the simplicity of their definition.

Impact of Source Table Number. We now consider scale-up in the number of source
tables. From the results in Figure 3.11, we observe that LV and LV-S, which performed
poorly in lineage tracing when scaling up source table size, present the best tracing perfor-
mance in source number scale-up: tracing queries using lineage views do not involve any
join operations. BP, BT, and PBT-S incur the lowest maintenance cost as the number of
source tables increases, because maintaining these auxiliary views does not require joining
multiple source tables.



average tracing time per tuple (sec)

average tracing time per tuple (sec)

80

16

CHAPTER 3. STORING AUXILIARY VIEWS

14t

12+

10 -

10

average maintenance time per tuple (sec)

20

15 -

10 -

N e SE e A 51
Rk I -
*/:.:,;1%—4;'7;“%‘\’ i 1 1 1 0
0 5 10 15 2 25 30 3B 4 45 50 0 5 10 15 2 25 30 3B 4 45 50
source table size (*1000) source table size (*1000)
Figure 3.10: Impact of source table size
- 10 /
G § / "
NOTH —-— ]2 NOTH —— i y
BT -+ o BT + / vy
LV =- /1 B 8F LV -=- / ey 3
SLT x / =] ST x & /)
PBT = Y B PBT - Sy
BP x / o] BP x Y
LP -« - AL -1 LP - / W 1
LV-S -+ Ny o LV-S + 7y
SLT-S = e § SLT-S = K sy
PBT-S x ; S = PBT-S x- VY
o 8,0 o ey « i
* /'t/ 7 / % 2 07 +
— , VAR .
o u d § st x i
* _ /+ - / e > VZ L
« e - v - Iz E 6 2L /,,/ _ - _ X * 4
_ _x s = e T X +
IS S S > o 1ot "
- SRS S /__,E"(r A«/(V + *
“’ALE-—m—-@A—m"’*-%”“ | | | g or ! ! ! ! !
1 2 3 4 5 6 7 8 2 1 2 3 4 5 6

Impact of View Join Selectivity. This experiment studies how the join selectivity of the
primary view affects the schemes. Figure 3.12 shows the results, where we vary the view
join ratio from0.0001 to 0.0005. We can see that the tracing performance of LV, LV-S, and

LP degrades substantially as the view join ratio increases, while other schemes are much
less sensitive. This behavior is because the size of the lineage view grows exponentially
with the join ratio, unlike the other auxiliary views. In summary, SLT and SLT-S provide

number of source tables

number of source tables

Figure 3.11: Impact of number of source tables

the lowest tracing cost, while BP and BT again incur the lowest maintenance cost.
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Impact of Workload Pattern. Our final experiment studies the impact of the query ratio

on total tracing and maintenance cost. In Figure 3.13, the x-axis varies the ratio from one
extreme where the query raticl£no tracing queries) to the other extreme where the query
ratio =1 (no view maintenance). According to the total cost shown in the figure, auxiliary
view schemes that lead to low tracing cost, such as LV-S and SLT-S, are preferred for high
guery ratios. BT, a simple scheme that benefits both lineage tracing and view maintenance,
is preferred for medium query ratios. Finally, BP, which incurs the lowest overall view
maintenance cost, is preferred for low query ratios.
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3.4 Auxiliary View Selection for General ASPJ Views

So far we have considered auxiliary view schemes for improved lineage tracing and view
maintenance performance for SPJ views only. In this section, we consider the problem of
selecting auxiliary views for arbitrary complex multilevel ASPJ primary views. We first
specify several types of potentially useful auxiliary views for an arbitrary ASPJ primary
view, based on our SPJ auxiliary views from Section 3.2, and discuss how view mainte-
nance procedures and lineage tracing queries can take advantage of these auxiliary views
in the more general setting of this section. We then formally define the auxiliary view se-
lection problem and estimate the size of our search space. In Sections 3.5 and 3.6, we will
discuss our detailed cost model and view selection algorithms. We use our example view
HighProfit from Section 3.1 throughout these sections.

3.4.1 The Auxiliary Views We Consider

Given an ASPJ view, we divide its normalized view definition into three types of compo-
nents, and for each type of component we consider certain choices of possible auxiliary
views to materialize:

1. Topmost Segmernt the segment at the root of the view definition tree. Recall from
the definition of ASPJ normal form (Section 2.5.1) that#her, o, and/onx opera-
tors (but not all of them) may be omitted in this segment. Also note that the topmost
node corresponds to the primary view itself, so its contents are always materialized.
For topmost segments we also consider materializing the lineage view (LV) or the
split lineage tables (SLTs) for this segment as defined in Section 3.2, but not both.
(If we store one, then storing the other will not further reduce the lineage tracing or
overall maintenance cost.)

2. Intermediate Segment a non-root segment that is defined over the source tables
and/or other segments. Recall again from the definition of ASPJ normal form that
ther, o, and/on< operators may be omitted in this segment, butittoperator is al-
ways present. For an intermediate segment, we consider materializing the following
auxiliary views:
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Figure 3.14: Possible auxiliary views fBighProfit

(a) The contents of the node, which we refer to as AG

(b) The lineage view (LV) or the split lineage tables (SLTs), but not both

3. Source Table We continue to assume that all local selection conditions in the view
are pushed down to the source tables. For each sourceitaile decide whether to
store a base table (BT) copy Bf as defined in Section 3.2. If BT is not materialized,
we may need to issue queries directly to source tabfer view maintenance and
lineage tracing.

Example 3.4.1 (Auxiliary Views) Recall viewHighProfit from Figure 3.1. Figure 3.14

shows the three ASPJ segments in the view definition, among which segment 1 is the top
segment, segments 2 and 3 are intermediate segments, and there are four source tables.
Figure 3.14 also shows all of the possible auxiliary views we consider materializing for
HighProfit. O

Notice that we are not considering all of the auxiliary view schemes introduced for SPJ
views earlier in this chapter. Instead, we restrict our search space to only three auxiliary
view choices for each ASPJ segment, BT, LV, and SLT, because these three auxiliary view
choices are the most representative and interesting ones for the multilevel ASPJ view sce-
nario. (Note that an intermediate aggregate view (AG) for the top of an ASPJ segment

2Most existing production data warehousing systems automatically store a copy of each source table in
the warehouse. However, as we will see in Section 3.6, sometimes it is not beneficial to store a copy.
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serves as a base table (BT) for the next higher segment.) We could extend our auxiliary
view search space to include all 11 choices for each ASPJ segment as proposed in Section
3.2, dramatically increasing an already very large search space. Also notice that we are not
considering different join combinations in the case of a many-way join. This special case
is considered in detail in previous work [LQA97], and we could extend our search space
accordingly.

3.4.2 Lineage Tracing and View Maintenance Using Auxiliary Views

In Section 3.2 we specified how to rewrite queries for lineage tracing and view maintenance
using the different auxiliary view schemes suggested for SPJ views. In general, when we
have a set of auxiliary views available, there may be more than one way to rewrite a query
to take advantage of auxiliary views. We assume that the “best” rewriting is selected, and
this assumption is reflected in the cost model to be presented in Section 3.5. For example,
we can rewrite the tracing query TQ for a tuplaccording to the topmost segment in the
definition ofHighProfit using different auxiliary views in Figure 3.14 as follows.

TQI = SplitRl,R2,R3(Jprofit—expenses>100000/\s_na.me:t.s_na.me (AGI > AG2 > BT4))
TQQ = SplitRl,RZ,R3(Js_nmne:t.smame(LVYQ))
TQ3 = SplitRl,RZRS(as_nmne:t.smame(SLT2R1 > SLTng > SLTQRS))

R1,R2,R3 in the tracing queries above represent the schemas of the three leaf nodes of
the topmost segment. Suppose th&t, AG,, and BT, are materialized. Then we could

use queryl'Q),, or (among other options) we could use a tracing query simil@itje that
recomputes the contents df7,. In this case it is likely tha?'); would be chosen as the

best query rewriting based on the available auxiliary views.

3.4.3 The View Selection Problem and the Search Space

We have shown various auxiliary views that can be used in the view maintenance and lin-
eage tracing processes for general ASPJ views, and obviously they will lead to different
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warehouse performance. Our goal is to select among the choices of auxiliary views de-
scribed in Section 3.4.1 a set that minimizes overall cost: the cost of lineage tracing plus
the cost of maintaining the primary and auxiliary views. Our detailed cost model is de-
scribed in Section 3.5. Here let us consider the size of our search space.

Given an ASPJ view, we say thaw is ann-level ASPJ view if traversing from the
root to any leaf in its normalized definition tree crosses at mastgments. Théan-out
of a segment is the number of operands of the segment’s join operator, or 1 if there is
no join. For instance, our example viélughProfit from Section 3.1 is a 2-level ASPJ
view containing three segments: the topmost-<x segment with fan-out 3, the leftmost
«a segment with fan-out 1, and the middie< segment with fan-out 2.

Suppose we have anlevel ASPJ view in normal form, and consider a balanced view
definition treé€ with a fan-out ofm in each segment. There is one topmost segment, and
for that segment we havgauxiliary view options: LV, SLTs, or nothing (case 1 in Sec-
tion 3.4.1). There arex! +m? + --- + m"! = O(m™™!) intermediate segments, each
having 2 options for case 2(a) in Section 3.4.1 (AG or nothing) and 3 options for case 2(b)
(LV, SLTs, or nothing). Finally, there am@™ source tables, each having 2 options: BT or
nothing. Therefore, the size of the entire search space is

31.(2.3)007" o™ — o(2m")

If & is the total number of components in the view definition, where a component is a
segment or a source table, ther= O(m™) and the search space siz&l&").

Example 3.4.2 (Search Space Siz&Jonsider our example viedd ghProfit (Figure 3.14).
The number of possible auxiliary view sets flirghProfit is 2 - 32 = 384. 0

The number of choices fdiighProfit is quite manageable. However, real warehouse
views tend to have much higher fan-outs, as well as possibly more levels. As we will see in
Section 3.7, even for a view with only 2 levels and average fan-out of 5, we cannot consider
all possible auxiliary view sets due to the large search space.

3A tree is balanced if each leaf node in the tree has the same depth. We consider this view definition shape
since it represents the largest search space size fedarel view.
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3.5 Cost Model

In this section we extend the cost model we introduced in Section 3.3 for SPJ views to
estimate the total view maintenance and lineage tracing costs for an arbitrary ASPJ primary
view given a set of auxiliary views. We also define a metric for measuring how close a given
auxiliary view set is to the optimal one.

Let cost(Q, s) denote the estimated cost of evaluating a qugat the warehouse given
a set of statistics. @ could be a lineage tracing query, or a query or update in a view
maintenance procedureost(Q, s) is computed based on the statistics from Table 3.2 as
described in Section 3.3.1.

Suppose we have a primary ASPJ viewnd a set of materialized auxiliary viewks=
{v1,...,v,}. To trace the lineage of tuples in the primary view given the auxiliary views in
A, there are various possible rewritings of the lineage tracing queries using the auxiliary
views (recall Section 3.4.2). Our cost model selects the sequence of lineage tracing queries
with the lowest estimated cost. Lefv, A, s) denote the estimated lineage tracing cost for
primary viewwv, auxiliary views.4, and statistics:

q(v, A, s) = Z cost(Qy, s)
1.m

where@)q, ..., Q,, is the set of tracing queries selected fogiven auxiliary view setA.

We assume that the lineage query rate and the average number of tuples traced in a lineage
query (part of our usage statistics in Table 3.2) are included in the input statisacsl

thus are incorporated into the lineage cost estimateg(tyA, s).

Maintenance costs are incurred both for the primary weamnd for the auxiliary views
in A = {vy,...,u,}. As with lineage tracing, when there are multiple possible rewritings
for the view maintenance queries and updates using the auxiliary viewls our cost
model selects the ones with the lowest estimated costrl(ef.4, s) denote the estimated
maintenance cost for primary viewy auxiliary views.A, and statistics:

m(v, A, s) = Z cost(M;, s)

1.n
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whereMy, ..., M, is the set of maintenance queries and updates selected to maintain pri-
mary viewv and the auxiliary views itd. We assume that the source table update rate and
average number of source tuples changed in each update (part of our usage statistics in Ta-
ble 3.2) are included in the input statistigsand thus are incorporated into the maintenance
cost estimated bya(v, A, s).

Finally, the total cost is the combination of lineage tracing cost and view maintenance
cost:

total_cost(v, A, s) = q(v, A, s) + m(v, A, s)

The optimality of a set of auxiliary views represents how close the set is to the auxiliary
view set that yields the lowest estimated cost. For a given primaryweavd statistics, let

A, denote the set of auxiliary views within our search space (Section 3.4) with the lowest
total costtotal_cost(v, A, s). For a set of auxiliary viewsl, we define the optimality of

A as:

o total_cost(v, Aopt, S)
timality(A) = o
optimality(A) total_cost(v, A, s)

For example, if the total cost for auxiliary view sdtis three times the total cost for
Aoyt then the optimality of4 is 1/3, or 33%. The optimality ofA,,; is 1, or 100%.

3.6 Algorithms for Selecting Auxiliary Views

Having defined our search space for the optimization problem and the cost model that
we use, we now introduce four different algorithms for selecting a set of auxiliary views
within the search space. The input to each algorithm is the primary view definition
ASPJ normal form, and a set of statisticas specified in Table 3.2. The output is a set of
auxiliary views A.
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Parameter Values

HighProfit || employee| sales | item | store || segment1] segment2 segment3
queryrate 100
qguerysize 1
updaterate 10 10 10 0
updatesize 1 100 1 0
tuple.num 10000 | 1000000( 100000| 100
tuplesize 1000 500 500 400
fan-out 1 2 3
join_ratio 0.0002 0.0001
selectratio 0.1
proj_ratio 0.1 0.1 0.1
aggrratio 0.01 0.001 0.2
block size 8K 8K 8K 8K 8K
disk cost 1 1 1 1 1
netcost 0 0.00001 | 0.0001 | 0.0001 | 0.0001

Table 3.3: Sample statistics for view HighProfit

3.6.1 Exhaustive Algorithm

The exhaustive algorithm enumerates all choices in the search space, estimates the cost of
each choice, and picks the cheapest one. For our examplélyghProfit, the exhaus-

tive algorithm considers all 384 possible combinations of auxiliary views (recall Example
3.4.2). We set a sample set of statisti@s shown in Table 3.3, including statistics for view
HighProfit, source tablesmployee, sales, item, andstore, as well as each ASPJ seg-

ment in the view definition (Figure 3.14). Over this set of statistics, the exhaustive algo-
rithm selects4d = {BT,, AG,, AG,, SLT, LV,}. The exhaustive algorithm always finds

the optimal auxiliary view set according to our cost model. However, the complexity of the
algorithm is the same as the search space 6¥#2*) wherek is the number of components

in the view definition (recall Section 3.4.3).

3.6.2 Naive Algorithm

At the other end of the spectrum, we consider a naive algorithm that selects a fixed set of
auxiliary views: LVs for the topmost and all intermediate segments, AGs for all interme-
diate segments, and all BTs. For example viesghProfit, the naive algorithm selects

A = {BT,, BT», BTs, BTy, AGy, AG,, LVy, LV, } (Figure 3.14). Even though this naive
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fixed set of auxiliary views may not be optimal—in fact it can be arbitrarily bad compared
to the optimal set—our experimental results in Section 3.7 show that the naive algorithm
selects reasonably good view sets in many cases, especially considering its simplicity. The
complexity of the naive algorithm i9(1).

3.6.3 Greedy Algorithm

We also consider a conventional greedy algorithm. This algorithm initializes the auxiliary
view set.A to be empty. In each iteration, it adds intbthe auxiliary view (not yet in

A) that brings the most benefit, i.e., reduces the total cost the most given the current set
of views in A. Iteration continues until there are no more auxiliary views outgldéat

can further reduce the total cost. For our example \HeghProfit and the same sample
statistics used in the exhaustive algorithm (Section 3.6.1), the greedy algorithm selects the
optimal set of auxiliary views in the following orderG,, SLT;, AG,, LV,, BT}.

The greedy algorithm has complexi®(%?) instead ofO(2*) as in the exhaustive algo-
rithm, and it selects the optimal auxiliary view set in most cases (see Section 3.7). However,
the greedy algorithm cannot guarantee an optimal answer, nor even an answer within some
percentage of optimal. In Section 3.7.3, we will see a scenario where the greedy algorithm
performs poorly.

3.6.4 Three-Step Algorithm

Our last algorithm divides the auxiliary view selection process into three phases. See Fig-
ure 3.15. In the first phase, we use a greedy approach to add auxiliary views of the AG
and BT types only. In the second phase, we decide for the topmost and each intermediate
segment whether to add LV or SLTs. At this point, it may turn out that some of the AG
or BT views selected in the first phase are no longer beneficial given the LV or SLT views
selected in the second phase, and they incur maintenance cost. Thus, in third phase we
remove AG and BT views that are not beneficial, and we do so in a greedy manner.

For example vieWighProfit and the same sample statistics from Table 3.3, the three-
step algorithm also selects the optimal set of auxiliary views. In phase 1, it selects AG and
BT views in the following orderAG,, AG:, BT,, BTs, BT},. In phase 2, it selectSLT;
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input: primary viewwv, statisticss
output: auxiliary view setd
begin

A — &;

Il phase 1: use greedy algorithm on AG and BT nodes

Aqu < all possible auxiliary views for;

while truedo
for eachv; € A,y of type AG or BT such that; ¢ A do

benefif < total_cost(v, A, s) — total_cost(v, AU {v;},s);

pick v; with the highesbenefif;
if benefit < 0 then breakelseA + AU {v;};

endwhile;

I/l phase 2: decide LV and SLTs
for the topmost and each intermediate segnaent
/Il Let LV andSLT be the Lineage View and Split Lineage Tables for the segmen
costy < cost(v, AU{LV},s);
costy < cost(v, AU{SLT},s);
if cost; > costy > cost(v, A,s) then A+ AU{LV}
else ifcosty > cost; > cost(v, A, s) then A« AU{SLT};
endfor;

I/l phase 3: remove useless AGs and BTs
while truedo
for eachv; € A of type AG or BTdo
benefit < total_cost(v, A —{v;}, s) — total_cost(v, A, s);
pick v; with the lowestbenefit;
if benefit > 0 then breakelseA < A — {v;};
endwhile;
return A;

end

t

Figure 3.15: The three-step algorithm

and LV5. In phase 3, it removeBT, and BT3 (in that order) because they are no longer

beneficial given the views selected in phase 2.

The three-step algorithm has complexiif4?), which is the same as the greedy al-

gorithm, but its actual running time is less than the greedy algorithm by a linear factor.
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The first phase of the three-step algorithm is faster than the greedy algorithm since it only
selects from the AG and BT views, instead of from all auxiliary views. The second phase
is linear in the number of segments. The third phase only examines the AG and BT views
selected in the first phase, which is a small number in most cases.

Like the greedy algorithm, the three-step algorithm usually selects the optimal set of
auxiliary views (see Section 3.7). However, also like the greedy algorithm, the three-step
algorithm cannot make any guarantees about the optimality of its answers. In Section 3.7.3
we will see a scenario where the three-step algorithm performs poorly. Interestingly, in
the case we show where the three-step algorithm performs poorly, the greedy algorithm
performs well, and vice-versa. Thus, one practical option is to combine the two algorithms:
run both algorithms and select whichever answer has lower estimated cost. The running
time of the combined algorithm remaifg%?).

3.7 Performance of Auxiliary View Selection Algorithms

In this section, we study the performance of our four auxiliary view selection algorithms
specified in Section 3.6, comparing their running times and the optimality of the answers
they produce. We also compare the cost of the answers produced by these algorithms
against the cost of storing no auxiliary views. In Section 3.7.1, we present results of ex-
periments using the schema, statistics, and some views from the TPC-D benchmark. In
Section 3.7.2, we present results of experiments using more complex synthetic view defi-
nitions. Since the greedy and three-step algorithms perform quite well in all of the exper-
iments in Sections 3.7.1 and 3.7.2, in Section 3.7.3 we show experiments illustrating that
greedy and three-step can perform poorly.

3.7.1 TPC-D Experiments

Ouir first set of experiments is based on the TPC-D benchmark [TPC96]. We use the schema
of tablesCustomer, Order, Lineitem, Supplier, Nation, Region, PartSupp, andPart

from the benchmark for our experiments. The table statistics we use correspond to a scaling
factor of 1. The remaining statistics from Table 3.2 are set according to the benchmark and
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Figure 3.16: Materialized views for TPC-D experiments
Parameter Values
Qs || Customer] Order [ Lineltem | Supplier| Nation | Region || segment 1
queryrate || 100
query.size 1
updaterate 1 10 40 1 0 0
updatesize 1 10 10 1 0 0
tuple.num 150000 | 1500000/ 6000000| 10000 25 5
tuplesize 300 100 300 200 100 100
fan-out 6
join_ratio 0.00001
selectratio 0.01
proj_ratio 0.1
aggrratio 0.001
block size || 8K 8K 8K 8K 8K 8K 8K
disk cost 1 1 1 1 1 1 1
net.cost 0 0.0001 | 0.00001| 0.00001| 0.0001 | 0.0001| 0.0001

Table 3.4: Statistics faf)s

commonly used database and network system settings. For example, we set the update rate
for theLineitem andOrder tables to be much higher than other tables, siniaeeitem
andOrder are thefact tablesaccording to the benchmark specification. For views, we
select queries);, 11, and@Q,; from the benchmark, since they are relatively complex

and differ somewhat from each other. In each case, we treat the benchmark query as the
definition of our primary materialized view to be stored at the warehouse. The general
structure of each of the three views is shown in Figure 3.16. The complete list of statistical
settings (recall Table 3.2) for our three TPC-D experiments is shown in Tables 3.4-3.6.

Recall that we are comparing five algorithms—the four algorithms from Section 3.6,
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Parameter Values

Q1 || PartSupp| Supplier| Nation || segment 1] segment 2] segment 3
queryrate || 100
querysize 1
updaterate 10 1 0
updatesize 1 1 0
tuple.num 800000 | 10000 25
tuplesize 100 200 100
fan-out 1 3 3
join_ratio 0.0006 0.0006
selectratio 0.1 0.04 0.04
proj_ratio 0.6 0.1 0.1
aggrratio 0.005 0.005
block size 8K 8K 8K 8K
disk cost 1 1 1 1
netcost 0 0.0001 | 0.0001 | 0.0001

Table 3.5: Statistics faf);

Parameter Values

Q17 || Part [ Lineitem || segment 1] segment 2
queryrate || 100
qguerysize 1
updaterate 10 10
updatesize 1 10
tuple.num 200000| 6000000
tuplesize 200 300
fan-out 3 1
join_ratio 0.0002
selectratio 0.002
proj_ratio 0.1 0.2
aggrratio 0.001 0.03
blocksize 8K 8K 8K
disk cost 1 1 1
netcost 0 0.0001 | 0.00001

Table 3.6: Statistics faf);

as well as the “algorithm” that selects no auxiliary views (which we call algoritiomg).

Figure 3.17 plots the optimality of the five algorithms for each of the TPC-D views we
consider. Recall from Section 3.5 that optimality is defined as the cost of the optimal
auxiliary view set divided by the cost of the chosen view set. The rightmost bar for Q17
in Figure 3.17 is barely visible, meaning that the scheme of storing no auxiliary views
has extremely low optimality (i.e., high cost). Figure 3.18 plots the running time of the
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Figure 3.17: Optimality for TPC-D views

| | exhaustive] greedy| three-step| naive | none]

Qs 11.15 4.79 2.38 0.08 [ 0.09
Q11 14.07 0.94 0.38 0.03 | 0.04
Q17 0.62 0.29 0.10 0.02 | 0.03

Figure 3.18: Running time (seconds) for TPC-D

algorithms. Note that algorithmsaiveandnonedo incur a small running time, which is
the time required to compute the cost of their one solution.

We can see from Figure 3.17 that storing no auxiliary views can be dramatically worse
than storing some, even those selected by the naive algorithm. We also see from Figure 3.17
that the greedy and three-step algorithms select the optimal auxiliary view set for all three
views, and from Figure 3.18 we see that they do so in a small fraction of the running
time required by the exhaustive algorithm. We also note that the three-step algorithm runs
considerably faster than the greedy algorithm.

3.7.2 Synthetic Experiments

Our next set of experiments is conducted using synthetic views and data statistics. The
views we consider all have a regular tree definition, as illustrated bywiemwFigure 3.19.

We consider seven different views. Figure 3.20 summarizes the “shape” of each view
definition tree (number of levels and fan-out of each segment), along with the query/update
ratio, which represents the ratio of the average number of tracing queries per unit time to
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Figure 3.19: Structure of view,

Parameter Values

vi | va | v3 | vy | vs || eachsource tabl§ each segment
queryrate || 1000| 100| 10 | 1 0
querysize 1 1 1 1 1
updaterate 10
updatesize 1
tuplenum 10000
tuplesize 100
levels 2 2 2 2 2
fan-out 3
join_ratio 0.001
selectratio 0.2
proj_ratio 0.4
aggrratio 0.1
block size 8K | 8K | 8K | 8K | 8K 8K
disk cost 1 1 1 1 1 1
netcost 0 0 0 0 0 0.0001

Table 3.7: Statistics for synthetic views—vs

the average number of source updates (recall Table 3.2). The complete set of statistical
settings for the seven experiments is summarized in Tables 3.7-3.9.

Figure 3.21 plots the optimality of our five algorithms for each of the seven synthetic
views we consider. Figure 3.22 plots the running time of the algorithms. The greedy and
three-step algorithms always select the optimal auxiliary view set or, in the one case of
the three-step algorithm an, very near to optimal. (Actually, for view, the exhaustive
algorithm never finished, so optimality is measured against the auxiliary view set selected
by the greedy algorithm.) The greedy and three-step algorithms find their answer in a small
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Parameter Values Parameter Values
vs || source tabldg] segment v7 || source tablg] segment

queryrate | 100 queryrate || 100
query.size 1 query.size 1
updaterate 10 updaterate 10
updatesize 1 updatesize 1
tuple.num 1000000 tuple.num 10000
tuple_size 1000 tuplesize 100
levels 6 levels 2
fan-out 1 fan-out 5
join_ratio join_ratio 0.001
selectratio 0.5 selectratio 0.2
proj_ratio 0.8 proj_ratio 0.4
aggcratio 0.2 aggcratio 0.1
block size 8K 8K block size 8K 8K
disk cost 1 1 disk cost 1 1
netcost 0 0.0001 netcost 0 0.0001

Table 3.8: Statistics fow Table 3.9: Statistics faw,

[l exhaustive
[ greed
100% M M M M M M M 9 Y
(] three-step
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60%
40% |

20% —

0% Vl_ V2 V3 \(4 _V5 V6 V7_ i
Figure 3.21: Optimality for synthetic views

fraction of the running time required by the exhaustive algorithm, and three-step is much
faster than greedy. Another interesting result is that algoritbmeperforms better when

the query/update ratio is lower (experimentsvs). However, we should not infer that

the benefit of auxiliary views is primarily for lineage tracing. In fact, in experimenihe
guery/update ratio is set to O (indicating view maintenance only), and we still see significant
benefit to using auxiliary views.

Next, we consider in more detail how the running times of the exhaustive, greedy, and
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Figure 3.22: Running time for synthetic views (sec)
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three-step algorithms are affected by view complexity. In Figure 3.23, we consider views
where we fix the number of levels at 2 and increase the fan-out from 1 to 9. The exhaustive,
greedy, and three-step algorithms become prohibitive when the fan-out exceeds 3, 7, and
8, respectively. We see similar behavior in Figure 3.24, where we fix the fan-out at 2 and

increase the number of levels from 1 to 8.
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3.7.3 When Greedy and Three-Step Fall

The greedy and three-step algorithms select the optimal (or in one case very near to opti-
mal) auxiliary view set in all of the experiments reported in Sections 3.7.1 and 3.7.2. How-
ever, there are cases in which these algorithms fail to pick an optimal or even near-optimal

answer.

Consider a simple view definitiomand the auxiliary views that are considereddon
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Parameter Values Parameter Values
vs | R | S ] segmentl v | R | S | segmentl

queryrate || 100 queryrate || 100
querysize 1 guerysize 1
updaterate 0 0 updaterate 0 10
updatesize 0 0 updatesize 0 20
tuplenum 100000| 100000 tuplenum 10000 | 1000000
tuplesize 1000 1000 tuplesize 1000 1000
fan-out 2 fan-out 2
join_ratio 0.001 join_ratio 0.00003
selectratio 0.2 selectratio 0.2
proj_ratio 0.6 proj_ratio 0.6
aggrratio 0.2 aggrratio 0.2
block size || 8K 8K 8K block size || 8K 8K 8K
disk cost 1 1 1 disk cost 1 1 1
netcost 0 0.01 0.01 netcost 0 0.0001| 0.001

Table 3.10: Statistics farg Table 3.11: Statistics far

Figure 3.25. By setting the data statistics (Table 3.2) to different values, we can vary the
costs and benefits of the four different auxiliary views. We have set two different configu-
rations, which we callg andwvg, both based on the view in Figure 3.25. The complete set
of statistical settings for these two experiments is summarized in Tables 3.10 and 3.11. In
particular, we set the source table network costafdo be much higher than far,, and
we set the join ratio ofig higher (less selective) thag. The optimal set of auxiliary views
for vg is { BT, BTs}, and the optimal set fary is {LV'}.

Figure 3.26 plots the optimality of all five algorithms on viewsanduvy. In partic-
ular, the greedy algorithm performs extremely poorly«@n(selecting{ LV} instead of
{BTg, BTs}), while the three-step algorithm misses the optimal solutiorvfofselect-
ing {BTg, BTs} instead of{ LV'}). However, as suggested in Section 3.6, if we use a
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combined algorithm that runs both greedy and three-step and then selects the lower-cost
solution, we will select the optimal view set for bathanduw,.

3.8 Lineage Tracing System Implementation

Based on the techniques introduced so far in this thesis, we implemented a prototype lin-
eage tracing system within the WHIPS [HGM\85] data warehousing prototype at Stan-
ford. In this section, we first describe the architecture of our lineage tracing system, then
introduce the system’s Web user interface by walking through a lineage tracing demonstra-
tion.

3.8.1 System Architecture

We have shown the basic architecture of WHIPS in Figure 1.1 of Chapter 1. Figure 3.27
illustrates how our lineage tracing system extends this architecture. When a view is defined
through theview Specifigrthe view definition is transformed into its normal form (Section
2.5.1). If the view specification indicates that the view should be traceabléutkibary

View Generatol(AVGer) automatically generates auxiliary view definitions based on the
user view definition. In our implementation, we store a lineage view (LV) for each ASPJ
segment directly defined on a source table, and an aggregate view (AG) for each interme-
diate aggregate node in the view definition tree. Mantenance Procedure Generator



100 CHAPTER 3. STORING AUXILIARY VIEWS

Administrator User

M@ﬂ%

Data Integrator
[—

Sourceg |

é

Data Warehouse

Figure 3.27: The lineage tracing system

(MPGern and theTracing Procedure GeneratdiTPGer) then generate the maintenance
procedures (see [HGMWB5]) and lineage tracing queries (Section 3.2) for the user view
as well as its auxiliary views, and store them as part oMle¢adata

When the warehouse is loaded, hata Integratoralso populates the auxiliary view
tables in the warehouse based on their definitions in the metadata store. In addition, each
time a source table is changed, the data integrator calls the corresponding maintenance
procedures to compute the changes to the user view and the auxiliary views. As mentioned
earlier in the Chapter, the auxiliary views we store for lineage tracing can also be used in
the maintenance procedure for the user view as shown in Section 3.2.

Finally, when a user issues a lineage request throughrteng InterfacetheLineage
Traceris activated and calls the appropriate sequence of tracing queries recursively (Section
2.5). Because the auxiliary views we store ensure self-tracability, we never need to query
the source tables for lineage tracing. The lineage results are returned to the user as a list of
tables. If the user further requests to seedievation procesghe lineage tracer combines
the lineage results and the view definition to generateravation treefor the user, showing
how the traced view tuple is derived from its lineage tuples step-by-step along the view
definition tree. We discuss and illustrate the tracing interface in detail in Section 3.8.2.
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Figure 3.28: Tracing process

Figure 3.28 shows the auxiliary views and the tracing process for our example view
Clothing from Section 3.1. The query tree on the left side of Figure 3.28 is the original
definition of viewClothing. One auxiliary viewA11Clothing maintains intermediate
aggregation results. Furthermore, to trace tuplédiiflothing, a second auxiliary view,
the lineage viewLV_A11Clothing, is maintained. The final set of materialized views are:

Clothing = Tyota1 (Otora1>5000(A11Clothing))
Al1Clothing = (s name,sum(num) as total (LV_A11C10thing)

LV_A11Clothing = Ocategory='clothing’ (Store > item 1 sales)

Each view is computed and maintained based on the views (or source tables) directly
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beneath it using pregenerated incremental view maintenance procedures. Bold arrows on
the right side of Figure 3.28 show the query and answer data flows. Ordinary view queries
are sent to the viewlothing, while lineage queries are sent to tieeage TracerWhen
receiving a request for the lineage of a tuple Clothing, the Lineage Tracer first is-

sues a lineage tracing query to auxiliary viéil Clothing to obtaint’s derivation7; in
Al1Clothing as specified in Theorem 2.4.3. It then queligsA11Clothing for the lin-

eag€l; of 71 in D as specified in Section 3.2 is t’s lineage inD, and is returned to the

user through the Lineage Tracer.

3.8.2 Lineage Tracing User Interface

In addition to core support for lineage tracing, we developed a Web-based user interface to
our lineage tracing system on top of WHIPS. We demonstrated our lineage tracing system
in [CWO00a]. The demonstration was based on a synthetic financial data warehouse derived
from three tables at three different sources:

sl.portfolio(tickerS1,datel,price,bought,owned)
s2.daily(tickerS2,date2,high,low,closep,volume)
s3.earnings(tickerS3,earnings)

Tableportfolio at source 1 contains all customer stock purchases including the buying
date, price, shares bought, and shares owned (in the case of a split)ddabfeat source
2 contains the daily price information of each stock, including the high, low, closing prices.
Tableearnings at source 3 contains the latest monthly earnings per share of each stock.
Figure 3.29 shows a screen-shot with the three source ta&plededto the data warehouse.
(Once a source table is reported to the data warehouse, we can define materialized views
over that source table at the warehouse. WHIPS will populate the warehouse view contents
based on the source table contents, and will maintain the warehouse views when the source
tables change.) Figure 3.30 shows sample contents of sourcestaptetfolio. Note
that we use a small data set for illustration purposes.

Over the three source tables, we define three warehouse views as indicated in Figure
3.31. ViewGaining is defined over source tables$.portfolio ands2.daily, returning
all the stocks that are gaining money for the customer. \BeweEarnings computes the
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Figure 3.30: Source tabRortfolio
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Figure 3.31: User views

latest price-earnings ratio for each stock. ViewwPEGain is defined over view§aining
andPriceEarnings in the warehouse, and returns the gaining stocks with a price-earnings
ratio lower than 100. The SQL definitions of the three views are as follows, where “trace
remote” indicates that the view should enable lineage tracing.

CREATE VIEW Gaining TRACE REMOTE AS
SELECT P.tickerS1 AS tickerS1, D.closep AS closep,
SUM(P.owned) AS totalShares,
SUM(D.closep * P.owned - P.price * P.bought) AS gain
FROM s2.daily D, sl.portfolio P
WHERE D.tickerS2 = P.tickerS1 AND D.date2 = '10/17/97
GROUP BY P.tickerS1, D.closep
HAVING SUM(D.closep * P.owned - P.price * P.bought) > 0;

CREATE VIEW PriceEarnings TRACE REMOTE AS
SELECT D.tickerS2 AS tickerS2,
(D.closep / E.earnings) AS pe
FROM s2.daily D, s3.earnings E
WHERE D.tickerS2 = E.tickerS3 AND D.date2 = '10/17/97’;
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Figure 3.32: ViewL.owPEGain

CREATE VIEW LowPEGain TRACE REMOTE AS

SELECT G.tickerS1 AS tickerS, G.gain

FROM  Warehouse.Gaining G, Warehouse.PriceEarnings P
WHERE G.tickerS1 = P.tickerS2 AND P.pe < 100;

Figure 3.32 shows the contents of vi@wwPEGain. Through this interface, we can se-
lect any tuple in the view table, choose to trace its data lineage one level dowrethe
hierarchy, or trace its data lineage to the source tables.

Suppose we want to trace the lineage of view tyMRFT, 11800) to learn why MSFT
stock is so profitable, and we decide to trace lineage one level at a time. After press-
ing “Trace One Level”, the system applies the tracing proceduredePEGain to views
Gaining andPriceEarnings over whichLowPEGain is defined, and returns the lineage
results in these view tables, as shown in Figure 3.33. We can further inspect the detailed
process through which the selected view tuple is derived from its lineage tuples. Figure 3.34
shows thederivation tree We can then trace the lineage of tuglSFT, 125, 600, 11800)
in view Gaining to the next level below; in this case, to the source tables. The result
including the derivation tree is shown in Figure 3.35.
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We could instead choose to trace the lineage of t(§88T, 11800) in view LowPEGain
immediately all the way to the source tables. The system then recursively applies tracing
procedures down the view hierarchy until it reaches the source tables. Figure 3.36 shows
the result, including the entire derivation tree.

For the three user views in our example, the system stores three additional auxiliary
views: an intermediate aggregate vietmtViewO) and a lineage viewAuxViewl) for
Gaining, and a lineage viewA(ixView?2) for PriceEarnings. See Figure 3.37. When the
source tables change, these auxiliary views are maintained in a consistent fashion with the
user views in order to guarrantee consistent lineage results. All three auxiliary views we
store to improve lineage tracing also help the maintenance of the user views.

3.8.3 Implementation Experience

Our lineage tracing system was built as part of the WHIPS data warehousing prototype, on
top of a commercial database management system (DBMS) that does not provide any lin-
eage tracing functionality. WHIPS, and our lineage tracing system, operate as middleware
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Figure 3.36: Entire derivation tree

between applications and the backend DBMS, instead of as an extension to any specific
DBMS. As a result, the implemented system is almost independent of the backend DBMS.
The lineage tracing system does, however, require that the backend DBMS supports stored
procedures, since both lineage tracing and view maintenance are implemented using stored

procedures.
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Figure 3.37: Auxiliary views

3.9 Related Work

Previous work most closely related to the auxiliary view problem discussed in this chapter
falls into two categories: selecting views to materialize in order to minimize query costs,
e.g., [HRU96, Gup97], and selecting auxiliary views to materialize in order to minimize
the cost of maintaining given primary views, e.g., [LQA97, RSS96].

[HRU96] proposes a greedy algorithm for selecting auxiliary views to materialize, with
the goal of minimizing the cost of queries over aggregate views given certain constraints
such as the maximum number of views that can be materialized. The work considers data-
cube views only, and can make certain simplifying assumptions based on this restriction.
[Gup97] extends the work in [HRU96] to general relational views, and proves that the
auxiliary view selection problem under maintenance cost constraints is NP-hard.

[RSS96] proposes an exhaustive algorithm for selecting auxiliary views to optimize
view maintenance, and suggests simple search space pruning strategies when the view is too
complex for exhaustive search. [LQA97] presents an A* algorithm for selecting auxiliary
views and indexes on different join combinations for SPJ view maintenance. Both [RSS96]
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and [LQA97] consider a single algorithm for selecting auxiliary views (and indexes in the
case of [LQA97]), designed specifically for optimizing view maintenance. They consider
as potential auxiliary views all nodes in all possible relevant query plans, making the search
space doubly exponential in the view definition size.

Our work differs from the previous work discussed above in several ways:

¢ Unlike all previous work, we consider lineage tracing as well as view maintenance
costs when selecting auxiliary views to materialize.

¢ Instead of considering a doubly exponential search space of auxiliary views (as
in [HRU96, Gup97, LQA97, RSS96]), we consider a fixed set of auxiliary view
schemes for SPJ views, then explore a relatively small (although still exponential)
search space for ASPJ views based on our view definition normal form.

e For ASPJ views we propose several different auxiliary view selection algorithms, as
opposed to a single algorithm, and we compare the performance of our algorithms
(both running time and quality of solution) through experiments.

As discussed in Section 3.1, the previously studied problersetffmaintainability
[QGMWO96] determines which auxiliary views need to be added so that sources never need
to be accessed for view maintenance. This problem differs from ours since we consider
lineage tracing as well, and we do not prohibit accessing sources. However, we do use
techniques from self-maintainability, as discussed in Sections 3.1 and 3.2. Also, we use
existing incremental view maintenance techniques [GMS93, ZGMHW95] to estimate the
cost of different auxiliary schemes and to maintain views in the WHIPS system.

3.10 Chapter Summary

In this chapter, we first introduced a family of schemes for storing auxiliary views for SPJ
primary views that enable and improve the performance of lineage tracing and view main-
tenance in a distributed multi-source warehousing environment. We compared the lineage
tracing and warehouse maintenance performance of the schemes through simulations. Our
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performance studies show that different schemes offer different advantages and thus are
suitable for different settings.

We then examined the problem of selecting auxiliary views to materialize in a data
warehouse in order to reduce the overall lineage tracing and view maintenance cost for
complex ASPJ views. We used our ASPJ normal form from Chapter 2 to define an initial
search space of potentially beneficial auxiliary views, and presented four algorithms for
exploring the search space and selecting a set of auxiliary vexistiustivegreedy three-
step andnaive We compared the optimality and running time of the algorithms using
experiments based on the TPC-D benchmark, as well as on a variety of synthetic views and
statistics. Our experiments indicate that in terms of running time and optimality, the three-
step algorithm appears to be the best, although the running time of the greedy algorithm
probably also is fast enough in practice for most complex warehouse views. (The exhaus-
tive algorithm, on the other hand, becomes intractable quite quickly.) Both the greedy
and three-step algorithms find the optimal auxiliary view set in most cases, although we
have shown (complementary) situations in which either one algorithm or the other per-
forms poorly. Our experiments also illustrate that even a naive selection of auxiliary views
reduces overall cost dramatically in most cases, underscoring the importance of material-
izing auxiliary views for the dual purposes of view maintenance and lineage tracing in a
warehousing environment.

Although we have presented our work in the context of selecting an auxiliary view set
for a single primary warehouse view, our approach extends easily to considering multiple
primary views together. Then the cost of an auxiliary view may be “shared” if the auxiliary
view is beneficial to view maintenance or lineage tracing for more than one primary view.
Furthermore, although we have studied an environment in which both view maintenance
and lineage tracing are important, if only one type of activity is present our algorithms
remain applicable.

Finally, we described our implementation of a lineage tracing system within the WHIPS
[HGMW *95] data warehousing prototype at Stanford, based on the results presented in this
chapter and Chapter 2.



Chapter 4
View Update Using Data Lineage

In Chapters 1-3 we discussed relational views as a technique for specifying and main-
taining the contents of data warehouses. Even in the context of conventional relational
database systems, data management through user-defined views is a standard and impor-
tant feature [Sto75]. However, to make views truly first class, we must not only allow
users to query and browse the database through views, as is typically supported in most
DBMSs today, but we should also allow database updates through views. Note again we
are now referring to standard database management systems. Data warehouses typically
do not support user updates [CD97, LW95]. A number of problems arise when updating

a database through views, yielding the well-known and well-studied update problem

[BS81, Cle78, DB82, KU84, LS91, Mas84, Shu96, Sto75, Tom94]. The core of the view
update problem is to translate updates against views to updates against the base tables that
the view is defined on.

As mentioned in Chapter 1, data lineage when considered independently of data ware-
houses is closely related to the view update problem for deletions. In this chapter, we
study this relationship and use techniques based on data lineage for translating deletions
against view tuples (referred to agew deletionsinto deletions against base tables (re-
ferred to adase deletion)s in a conventional database setting. Specifically, we provide a
fully automatic algorithm that uses only the view definition at compile-time and the base
data at view-update time to find a translation that is guaranteedexdunt(side-effect free)
whenever an exact translation exists.

112
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In Chapters 2 and 3, we considered warehouses consistingatarializedrelational
views. A view is materialized if a table is created for it, its contents are computed from
the base tables over which it is defined, and it is kept up to date (maintained) as the base
tables change. Conventional DBMSs more commonly supgddal views. A virtual
view consists solely of the view definition. When a query references a virtual view, before
processing the query is rewritten based on the view definition into an equivalent query that
references base tables only. The work in this chapter applies to both kinds of views since
actual view contents are never needed by our algorithms.

The remainder of the chapter proceeds as follows. Section 4.1 introduces the view
update problem and gives a running example that will be used throughout the chapter. Sec-
tion 4.2 then formalizes the view update problem for deletions. In Section 4.3, we explore
the relationship between data lineage and view deletions, which is used as the basis for
our translation algorithm for single-tuple deletions presented in Section 4.4. Sections 4.5
and 4.6 extend our algorithm to handle sets of deletions and deletions specified by a selec-
tion condition. We have implemented our translation algorithms, and empirical results are
presented in Section 4.7. Section 4.8 surveys related work, and Section 4.9 concludes the
chapter. The work presented in this chapter appeared originally in [CWO01].

4.1 Introduction and Running Example

Let us assume a base relational datalasend a viewV defined over tables ifv. In this
chapter we focus our attention to SPJ views as defined originally in Chapter 2 (Section 2.2).
The typical steps involved in a view update are:

(1) The user requests an updéaketo view V.

(2) Some process, referred to\asw update translatiortakeslUy, and produces an up-
dateU) to the underlying base dafa.

(3) Up is applied to the base database. If the view is materialized (as opposed to virtual),

then the view is modified to reflect the base data uptate

Many previous approaches, e.g., [Cle78, Kel86, LS91, RS79], require participation from
the view definer and/or the view updater in specifying view update translations. In this
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chapter, we use techniques based on data lineage to devise a fully automatic algorithm that
translates view deletions using only the view definition at compile-time and the base data
at view-update time.

Referring back to the steps outlined above for view update, when the base data update
Up is applied in step (3), the view is modified, either logically or physically, as a result.
Let U, denote the view modifications induced by database ugdaté/{, should certainly
contain the user’s requested view upd&ie from step (1), in which casé&}, is called
a correct view update translation. Even bettéf;, should be identical td/y,, in which
caseUp, is called anexactview update translation. Surprisingly, most previous work on
the view update problem does not consider exactness, e.g., [Mas84, LS91], or guarantees
exactness only for a restricted class of select-project-join (SPJ) views, e.g., [DB82, Kel85].
Unlike these algorithms, our run-time translation algorithm finds a translation for any view
deletion against any SPJ view that is guaranteed to be exact whenever an exact translation
exists. Data lineage helps us achieve this result.

There may be more than one translation for a view update—even more than one exact
translation—Ileading to an inhereambiguityin the view update translation process that
has been the focus of much previous work, e.g., [BS81, Kel86, LS91]. We do not explore
the ambiguity issue in our work. Instead, our goal is to find, as fast as possible and without
view definer or user intervention, an exact translation that updates a small number of base
tuples. Also we do not consider constraints on the base tables in our work: we assume that
all deletions on base tables are valid. Some discussion on how base table constraints can
affect the view update translation process can be found in [DB82, Kel85]. Finally, we do
not consider insertions or modifications to views. After some exploratory work it is our
belief that our work in data lineage is applicable only to view deletions, and by extension
to a portion of the view modification problem (complemented by a solution to the insertion
“half” of the problem). For a complete view update translation package, our deletion algo-
rithm could be combined with any previous algorithm for translating view insertions, e.g.,
[DB82], although as noted earlier these algorithms do not guarantee exactness.

In summary, we focus on the automation and exactness aspects of the view update

translation process, and present a fully automatic algorithm that uses techniques based on
data lineage for translating deletions against SPJ views into deletions against the underlying
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UserGroup GroupAccess v
user | group group | file User | file
john | sale sale fl .
. lisa | f3
lisa mkt mkt f2 .
. lisa | f4
lisa | engl engl | f3 .
. joe | f3
lisa | eng6 engl | f4 .
: joe | f4
joe | engl eng2 | f3
d mary | f3
joe | eng2 eng2 | f4

mary | f4
mary | eng2 engd | f5

mary | f5
mary | eng4 engb | f5

ted | 5
ted | eng4 eng5 | f6 ed | 16
ted | eng5 eng6 | f3

Figure 4.1: Base tables Figure 4.2: View contents

database. Our algorithm yields translations that are guaranteed to be exact whenever an
exact translation exists.

4.1.1 Running Example

Consider a simple user access control database with two talslesGroup(user, group)
andGroupAccess(group, file). TheUserGroup table contains the groups that each user
belongs to, and théroupAccess table lists the files accessible by each group. Figure 4.1
shows a small example database.

Consider an SPJ vieW defined in relational algebra as follows:
V' = Tuser £ite (Tgroup='eng% (UserGroup > GroupAccess))

V' contains information about all files accessible by users in the “eng” (engineering) groups;
its contents over our sample base data are shown in Figure 4.2. We consider six example
view deletions, listed in Table 4.1. All translations shown in the table are exact except for
Example 4, which has no exact translation. The remainder of this chapter will show how
we can use data lineage techniques to find the translations shown in this example, and more
generally to translate any deletions against any SPJ view.
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| Example #| View deletions | Translation

1 delete(ted, £5) from V delete(ted, eng4) from UserGroup
delete(eng5, £5) from GroupAccess

2 delete(lisa, £3) fromV delete(lisa, eng6) from UserGroup
delete(engl, £3) from GroupAccess

3 delete(joe, £3) fromV delete(joe, eng?2) from UserGroup
delete(engl, £3) from GroupAccess

4 delete(joe, £4) fromV delete(joe, engl), (joe, eng2) from UserGroup

5 delete(lisa, f4), (joe, £4) fromV | delete(engi, £4) from GroupAccess

6 delete from V wheraser = 'ted’ | delete(ted, eng4), (ted, eng5) from UserGroup
delete(engb, £5), (eng5, £6) from GroupAccess

Table 4.1: Example view deletions and translations

4.2 The View Update Problem for Deletions

We now formally define the view update translation problem for deletions. In this chapter
we consider only select-project-join (SPJ) views, as defined originally in Section 2.2. As
discussed in Section 2.4, every SPJ viéwan be written as

V= 7TA(O'C(R1 U " Rn))

whereRy, ..., R, are base tableg, is a boolean condition, and is a list of projected
attributes. We represent deletions on a base t&bés VR and deletions on a database
D=Ry,...,R,asVD = VR,,...,VR,. We assume set semantics (no duplicates) and

no base table constraints throughout the chapter.

Given a viewV, we use—t to denote a request to delete a single view tupte V.
(In Section 4.5 we generalize to view update requests that are sets of deleted tuples, as in
Example 5 of Table 4.1, and in Section 4.6 we handle view update requests specified by a
selection condition, as in Example 6 of Table 4.1.) Note that in this chapter we will use
“V” generically to represent the name of a view, its definition, and sometimes its (virtual
or actual) contents. We now formalize the concept wieav deletion translationConcrete
examples will be seen in Section 4.3.

Definition 4.2.1 (View Deletion Translation) Given a viewV and a deletion requestt
wheret € V, we say that database deleti®iD is atranslation for—t if VD causes the
deletion oft from V. when applied to databade. More formally, letV’ be the new view
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based on the updated databése VD, and letVV = V — V' be the actual deleted view
tuples, which we call theiew deletions induced by D. We say thatv D is a translation
for —tif {t} C VV.If VV = {t} thenV D is anexacttranslation for—¢. Otherwise VD

is inexactand causeside-effecfor extra deletions £ = VV' — {t}. O

For SPJ views, when we perform a deletigiD on the base data, the changes to the
view induced byV D are always deletions, never insertions or modifications. However,
when we translate a deletion requestinto updates on the base data, it is not necessary
to produce only deletions. For example, in translatiftigve might choose to delete some
existing base tuples, then insert some new ones to compensate for view side-effects caused
by the deletions. We do not consider the compensation approach in our work, focusing only
on the pure deletions-to-deletions translation problem. In considering the more general
problem we found that cases where view deletions benefit from translations encompassing
all types of base data updates are very rare, although such cases do exist.

4.3 Relationship Between Data Lineage and View Dele-

tions

In this section, we formalize the relationship between data lineage and view deletions, to
lay the groundwork for our deletion translation algorithm to be specified in Section 4.4.
We continue to focus on single-tuple deletions, and we will extend our results to deletions
of a view tuple set and deletions specified by a selection condition in Sections 4.5 and 4.6,
respectively.

First, let us briefly review the lineage definition for SPJ views and introduce a new
concept ofexclusive lineagéor view update. Consider an SPJ vidv= m4(o¢c(R; <
-+~ R,)) over databas® and a tuple € V. From Definition 2.3.9 in Chapter 2, a tuple
t; € R; belongs ta’s lineageR; in R;, which we also refer to ass ith lineage branchif
and only if:

{t} - WA(Uc(Rl D .- ] Ri—l > {tz} > Ri-l—l D - XA Rn))
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Example 4.3.1Recall viewV from Section 4.1, containing user file access control infor-
mation. Given tuplé = (ted, £5) in V, based on Definition 2.3 85 lineage is:

lineage(t,V, D) = (UserGroup* = {(ted, eng4), (ted, engb)},
GroupAccess* = {(eng4, £5), (engb, £5)})
In this chapter, we modify our formal lineage notatigg (¢) from Chapter 2 to the more
procedural appearingneage(t, V, D), representing’s lineage(R;, . .., R) in D accord-
ingtoV. O

Theexclusive lineagef a view tuplet is the set of base tuples that contribute end
only tot. Formally:

Definition 4.3.2 (Exclusive Lineage)Consider an SPJ vieW = mg(o¢(R; > «-+ X
R,)) and a view tuplé € V. Atuplet; € R; belongs ta’s exclusive lineage brancR;*
if and only if:

{t} =ma(oc(Ri > A Ri_y > {t;} >} R - X R,y,))

(The difference from Definition 2.3.9 is simply = instead ©f) We denotet’s entire
exclusive lineage irD aselineage(t,V, D) = (R;*,..., R). Note thatR!* C R, i =
1.n. O

Example 4.3.3 Again, consider view/ from Section 4.1 and tuple = (ted, £5) in V.
Based on Definition 4.3.2’s exclusive lineage is:

elineage(t,V, D) = (UserGroup™ = {(ted, engd)}, GroupAccess™ = {(eng5, £5)})

Tuples(ted, eng5) and(eng4, £5) fromt’s lineage (Example 4.3.1) are nottis exclusive
lineage, becausged, eng5) also is in the lineage of view tupleed, £6), and(eng4, £5)
also is in the lineage of view tupl@ob, £5). O

Now consider a view deletion request againstV. Ideally, deletingt’s exclusive
lineage (Definition 4.3.2) fronD induces the deletion af from V, as in the following
example.
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Example 4.3.4 Consider Example 1 from Table 4.1, which deletes tuple (ted, £5)
from V. Example 4.3.3 showed thés exclusive lineage is:

elineage(t,V, D) = (UserGroup™ = {(ted, engd)}, GroupAccess™ = {(eng5, £5)})

If we delete these tuples from the base tablesyill be deleted fromV. Therefore,
Velineage(t,V, D) is a translation for-t. O

An important property of a translation that deletes the exclusive lineage of the deleted
view tuple, as in Example 4.3.4, is that the translation is guaranteed to be exact. By Defi-
nition 4.3.2 of exclusive lineage, none of the tuplesiifi, . . ., R:* contribute to any view
tuples other tham, so translatiorvVD* = VR;*,..., VR:* can induce only the deletion
of t. Unfortunately,V D** is not always a translation, even-#t has an exact translation,
as shown by the following example.

Example 4.3.5 Consider Example 2 from Table 4.1, which deletes tupte (1isa, £3)
from V. Based on Definition 4.3.2’s exclusive lineage is:

elineage(t,V, D) = (UserGroup™ = {(1lisa, eng6)}, GroupAccess™ = &)

Deletingelineage(t, V, D) does not induce the deletion ©f Thus,Velineage(t, V, D) is
not a translation for-t. However,—t does have an exact translation, namely, delete tuple
(lisa, eng6) from UserGroup and(engl, £3) from GroupAccess. O

When the exclusive lineage does not provide us with a translation, we can instead con-
sider deleting one branch? of ¢'s lineage. (We also could consider deleting all branches,
but each branch individually always is sufficient to induce the deletiar) d&fnlike V D**,
anyV R} is a translation, but it may not be exact even when there is an exact translation, as
shown by the following example.

Example 4.3.6 Consider again Example 1 from Table 4.1, which deletes tupléted, £5)
from view V. Example 4.3.1 showed thés$ lineage is:
lineage(t,V, D) = (UserGroup* = {(ted, eng4), (ted, eng5b)},
GroupAccess* = {(eng4, £5), (engb, £5)})
Deleting either lineage branch is a translation far, but neither translation is exact:
VUserGroup* also induces the deletion of view tupleed, £6), while VGroupAccess*
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also induces the deletion of view tugleary, £5). Example 4.3.4 illustrated an exact trans-
lation for —¢. O

So far we have seen th&D** may provide an exact translation or may not be a trans-
lation at all, andV R} (for any: € 1..n) provides a translation but it may not be exact. In
neither case are we guaranteed to be provided with an exact translation even if one exists.
Nor is it the case that wheviD** fails V R} succeeds, or vice-versa. Thus, if neitReb**
nor VR! (: = 1..n) provides an exact translation, the brute-force approach is to enumer-
ate all possible subsets of all base relations, checking if deleting those subsets is an exact
translation. Fortunately we can reduce the search space considerably using the following
theorem, which tells us that if there is an exact translation-fgrthen there is an exact
translation that is contained i's lineage. We will further reduce the search space with
pruning techniques in our algorithm presented in Section 4.4.

Theorem 4.3.7 Consider an SPJ view over databasé and a tuplet € V. If dele-
tion —¢ has an exact translation, thert has an exact translatioiD such thatvD C
lineage(t,V, D).: O

Proof: The proof relies on the following two facts, which are obvious enough that we
omit detailed justification:

o Let(R],...,R:) = lineage(t,V,D). R} # @ fori=1..n.
e Thereexist; € Ry,...,t, € R, suchthatry(oc({t:} b --- > {t,})) = {t}.

Suppose-t has an exact translatioiD = VRy,..., VR, whereVR; C R;,i = 1..n.
We prove thaV D’ = VR;,...,VR] whereVR, = VR, N R}, i = 1..n, also is an exact
translation. First, we prove that D’ is a translation, i.et ¢ V' whereV’ is the new
view based on the updated datab&se V D'. Suppose for the sake of a contradiction that
t € V'. Then, we know there exigf € R, — VR, for i = 1..n such thatr4(oc({t1} v

-+ {t,})) = {t}. Based on Definition 2.3.9 of lineagg, € R}, i = 1..n. Since

t; € R, — VR,, we know that; ¢ VR, = VR; N R}. Therefore since; € R!,t; ¢ VR,,

INote that we abuse the subset symbal’‘to operate on lists of tablesVD C lineage(t,V, D) is
shorthand foVR; C R},..., VR, C R}.
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and thug; € R, — VR;. Therefore € ms(oc((R1—VRy) -+ (R, —VR,))), which
contradicts the fact thaf D is a translation for-¢. Thus,t ¢ V' andV D’ is a translation
for —t. Becausév D is an exact translation andD’ C VD, by the definition of an exact
translationV D’ also is exact. O

4.4 View Tuple Deletion Algorithm

Based on our observations in Section 4.3, we specify an algorithm DELETH?) in
Figure 4.3 that translates deletiert on view V' into deletionsV D on base databade.

The algorithm performs the deletioR&D on the base database. We assume thet i
materialized (or if there are other materialized views ok®y then a view maintenance
algorithm will detect the deletions and modify any materialized views accordingly. Our
algorithm can be modified easily to retuxnD and/orVV (the deletions oV induced

by VD; noteVV = {t} in the case of an exact translation) if desired. DELETE finds an
exact translation for-¢ whenever one exists. In cases whehhas no exact translation,
DELETE uses an inexact translation, with some attempt to minimize the side-effect. The
algorithm proceeds as follows.

In line 1 of Figure 4.3, we computes lineage using the tracing query from Section
2.4. We then computés exclusive lineage)** based on Definition 4.3.2 (lines 2-5), and
delete it fromD (line 6). Computing the exclusive lineage requires en&ay join for
each tuple irt’s lineage, but lineage is typically very small, and each join is expected to be
cheap since one branch of the join is simply the lineage t{iple If deletingt’s exclusive
lineage induces the deletion bfrom V' (line 7), then we are done, as in Example 4.3.4.
We know thatt has not been deleted if it is still derivable from its remaining lineage:
t € ma(oc((Rf — Ry) ba -+ 0 (R — Ry))).

If deleting the exclusive lineage did not successfully detgetthen we try the next
step discussed in Section 4.3, which is to consider deleting the remainder of some lineage
branchR;. Before exploring this option, we recompute lineage in our smalleD, i.e.,
in the D that remains after deletin®** (line 8). Any tuplet; that is eliminated fromR;
in the recomputed lineage no longer contributes tthe tuples it formerly joined with to
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procedure DELETE(,V = ma(oc(R1 > --- < Ry,)), D)
/l Computet’s lineage:
(1) D* = <RT, ... ,R;> — SplitRhm’Rn (O'C/\A:t(Rl Y Rn));

/I Compute and deletet’s exclusive lineage:

(2 D™ = (Ry*,...,R) « (@,...,9);

(3)for i =1..ndo

(4) foreacht; € R} do

(5) if Ta(oc(Ry><--->xa{t;}pa--- > Ry)) = {t} then R «+ R™ U {t;};
(6) D + D — D**;

/Il Check if ¢ is deleted:
(N ift € maloc((Ry — Ry*) <+ (R — RY*))) then return;

/I Recomputet’s lineage in smaller D:
(8) D* = (R7,...,R}) < Splitr,,.. R, (0cra=t(R1 > -+ > Ry));

/l Find a lineage branch with zero or smallest side-effect:
(9) minFE < oo;

(10)for i = 1..ndo

(11) E<+7ma(oc(Ri>--- xR - Ry)) — {t};

(12) E<+ E—maloc(Ripa--->a (R — RY) -+ > Ry,))
(13) if E=gothenR; + R; — R}, return;

(14) if |E| < minE thenm < i; minE + |E|;

/l Enumerate subsets ot’s lineage with limited size:
(15)k < |oc(Ry < --- < RY)|;
(16) S «+ all subsets ofD* that contain at most tuples;

(17)for eachD’ = (R},...,R]) € Sdo

(18) ift € ma(oo((Rf — Ry)v< -~ (Ry — R})))

(19) then prune all subsets @b’ from S;

(20) elseE «+ U,y ,ma(oc(Ripa--- >R pa--- 1 Ry)) — {t};

(21) E<+ E—7my(oc((R1 — Ry)><--- = (R, — R))));
(22) if =2 thenD «+ D — D’'; return;
(23) elseprune all supersets db’ from S;

/I Delete the lineage branchi;;,, with smallest side-effect:
(24)R,, + R, — RY,; return;

m?

Figure 4.3: Translating the deletion of a view tuple

producet must have been deleted as part of the exclusive lineage.

In lines 9—14 we consider each remaining lineage bragjcim turn. If VR is an exact
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translation, then we are done. During the iteration, we keep track of the lineage branch
with smallest side-effect, in case we eventually fail to find an exact translation at all. To
determine the side-effect & R}, we first compute all potential extra deletiafisising the
queryma(oc(Ry < -1 RY < - - - 1 Ry,)) —{t} (line 11). We then remove frotf tuples

that are still derivable after deleting; (line 12). The remaining’ is the actual side-effect
induced byV R;. In terms of efficiency, line 11 performs a join where one brare}j (s
expected to be very small. Line 12 appears to be expensive—nearly a recomputation of the
entire view—however a good optimizer can effectively introduce a semijoin withto

the right-hand operand of the difference to keep the join small. If we find a translation with
no side-effect, i.e./ = &, then we are done (line 13). Otherwise, line 14 determines if we
are seeing the smallest side-effect so far and, if so, records the side-effect size and current
branch inminE andm, respectively.

Example 4.4.1 Consider Example 2 from Table 4.1, which deletes tupte (1isa, £3)
from V. In procedure DELETE, we computs lineage and exclusive lineage, and obtain:

lineage(t,V, D) = (UserGroup* = {(lisa, engl), (1isa, eng6)},
GroupAccess® = {(engl, £3), (eng6, £3)})
elineage(t,V, D) = (UserGroup™ = {(1lisa, eng6)}, GroupAccess™ = &)

We first delete’s exclusive lineage from the base datab&s@ines 1-6), which does not
induce the deletion of (line 7). We then recomputes lineage in the updated (line 8)
and obtain:

lineage(t,V, D) = (UserGroup* = {(lisa,engl)}, GroupAccess* = {(engl, £3)})
Deleting the lineage brandiserGroup* has the side-effect of deletif@isa, £4) as well
as(lisa, £3). However, deleting the lineage bran@houpAccess* has no side-effect, so

we further delet@roupAccess*. The entire exact translation is to delete tufllesa, eng6)
from UserGroup and(eng1, £3) from GroupAccess. O

If t does not have a lineage branch whose deletion is side-effect free, we next look
for a combination of tuples from different lineage branches whose deletion forms an exact
translation for—t (lines 15-23). We look for an exact translation by enumerating subsets
of t's lineage, based on Theorem 4.3.7. Letting= |R;| + |R3| + ... + |RX|, we
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must enumerate and check uRtopossible translations. Althoughtends to be relatively

small, in some cases we can further bound the size of the search space based on the number
of different ways of deriving as shown in Theorem 4.4.2. Recall that we consider set
semantics in this chapter, and by Theorem 2.3.2 there is always a unique derivation for any
given view tuple under set semantics. However, had the view been duplicate-preserving,
may have multiple derivations (Section 2.7), which effectively represent different ways of
derivingt through the view. Here and later in this chapter, we use the term “derivation of

t” to mean one ot’s derivations had the view been duplicate-preserving.

Theorem 4.4.2 Consider an SPJ vieW = m4(oc(Ry > - - - 1 R,,)) over databas® and
atuplet € V. Letlineage(t,V,D) = (R},...,R:), and letk = |oc(R; <1 - -+ 1 RY).
k is the number of different ways of deriving tuplelIf —t has an exact translation, then
it has an exact translatioiD’ = VR/,..., VR such thatk, C R} for i = 1..n, and
R+ +|R,| < k. 0

Proof: Informally, to delete¢ we need only delete one tuple from eaclt'sf derivations.
If we have an exact translation farit must delete at least one tuple from eaclietieriva-
tions. We can eliminate from the exact translation all but one tuple from each derivation,
and we still have an exact translatitn.

The proof relies on the following fact, which is obvious enough that we omit detailed
justification:

e Foranyt; € Ry,...,t, € R, ma(oc({t1} b+ {t,})) = {t} orma(oc({t:1}
-+ {t,})) = @. The number of distinct combinations such tha{oc({t1} >

s {t ) = [t} isk.

Let the following list enumerate thedistinct combinations of, € R}, ..., t, € R} such
thatma(oc({t1} < - - {t,,})) = {t}.

2This proof might lead us to consider an alternate approach: Instead of considering all lineage subsets
up to sizek, we compute the derivations efand then consider all combinations of one tuple from each
derivation. It turns out that this enumeration can actually be more expensive than the one we are using,
because without expensive bookkeeping it might end up considering the same subset multiple times.
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()3, t2,...,t2

n

(k) th, ¢k ...tk

n

We know—t has an exact translationD” = VRY,..., VR, . Without loss of generality
(by Theorem 4.3.7), assuni&’ C R;, i = 1..n. We need to prove that there is an exact
translationVD’ = VR),...,VR! suchthatR}| + - - -+ |R]| < k. For each combination

j = 1..k in the list above, there exists at least afig € 1..n, such that! € VR!, because
otherwiset would remain in the view after deletinG”. Let D’ = Uj:1..k{tf} which is of
sizek. VD' is a translation, because it deletes one tuple from each d&f toenbinations
that produce. Furthermore, it is an exact translation because it is a sub&ebdf which

is an exact translation. O

Lines 15-17 compute the boukdrom Theorem 4.4.2 and initiate the subset enumera-
tion. For each candidate translati®il)’, line 18 checks itV D’ is indeed a translation, by
checking ift is still derivable after deletin@’. If so, thenV D’ is not a translation, but it
does give us information that we can use to further prune the search space: If déleting
does not deletg then nor can deleting any subset/of(line 19). (This pruning technique
seems to suggest we should enumerate larger subsets first, but in the other brandh of the
statement we introduce a pruning technique that eliminates supersets.)

Lines 20-22 check if the candidate translatiop’ is an exact translation, by checking
if it has any side-effect. The procedure is similar but not identical to lines 11-13. We first
compute all potential extra deletiodsby joining eachR; to the remaining relations (line
20). We then remove fromi' tuples that are still derivable after deletify (line 21). The
remainingk is the actual side-effect induced B¥D’ .2 If E is empty, then we have found
an exact translation, so we perform the deletion and are done (line 22). Otherwise, line 23
performs additional pruning: If deletin®’ introduces a side-effect, then so will deleting
any superset ab’.

Example 4.4.3 Consider Example 3 from Table 4.1, which deletes tuple (joe, £3)
from V. In DELETE, we compute:

3Note that this computation is similar to incremental view maintenance [GMS93], which we used in
Chapter 3.
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lineage(t,V, D) = (UserGroup* = {(joe, engl), (joe, eng2)},
GroupAccess® = {(engl, £3), (eng2,£3)})
elineage(t,V, D) = (UserGroup™ = &, GroupAccess™ = &)

We first deletet’s exclusive lineage, which does not induce the deletion, nd then

we recompute’s lineage. (Obviously we can add ainstatement in the algorithm to

skip these deletion and recomputation steps when the exclusive lineage is empty, as in
this example.) Deleting either remaining lineage branch @flll cause a side-effect,

so we proceed to enumerate subsetg’'®flineage. The number ofs derivations is

k = |0group='eng% (UserGroup* 1 GroupAccess®)| = 2, so we only need to consider
lineage subsets containing one or two tuples. Enumerating these subsets, we find an ex-
act translatiorV D’ for —t whereD’ = (UserGroup’ = {(joe, eng2)}, GroupAccess’ =

{(eng1,£3)}). O

Let us consider the complexity of lines 15-23. The number of iterations ifotHeop
is bounded byD*|*, wherek is the number of derivations of In general, bothD*| andk
are small, and we use pruning techniques to further reduce the number of iterations. Within
each iteration, the complexity of line 18 is similar to that of line 7, the complexity of line 20
is n times the complexity of line 11 (recall our view is arway join), and the complexity
of line 21 is similar to line 12. Empirical results are reported in Section 4.7.

As the final step of the algorithm (line 24), if we cannot find a lineage subsethose
deletion causes exactly the deletiont ghen by Theorem 4.3.#t has no exact translation.
In this case, we delete the lineage brard¢h with the smallest side-effect of all lineage
branches, which we saved in line 14.

Example 4.4.4 Consider Example 4 from Table 4.1, which deletes tuple (joe, £4)
from V. In DELETE, we compute:

lineage(t,V, D) = (UserGroup* = {(joe, engl), (joe, eng2)},
GroupAccess* = {(engl, f4), (eng2, £4)})
elineage(t,V, D) = (UserGroup™ = &, GroupAccess™ = o)

Through lines 1-23 in the DELETE algorithm, we discover thahas no exact translation:
The number of’s derivations isc = 2, and deleting any subset ©$ lineage with no more
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than two tuples either does not cause the deletianasfcauses deletions in addition#o
Thus, we delet8serGroup*, which has the smaller side-effect of the two lineage branches.
O

To our knowledge, all previous view update algorithms either do not guarantee exact
translations for deletions even when they exist, e.g., [Mas84, LS91], or they guarantee ex-
actness for a restricted class of views satisfying certain functional dependencies or foreign
key constraints, e.g., [DB82, Kel86]. Algorithm DELETE is the first to guarantee exact
deletion translations whenever they exist for general SPJ views.

4.5 Deleting Sets of View Tuples

So far we have considered translating the deletion of a single tufptem view V. In
general, users may want to request the deletion of a set of tiipfes/, specified either
by value or by a selection condition. In this section we extend our algorithm to translate a
view deletion request T, while in the next section we consider condition-based deletions.
We might be tempted to translate view deletief (7' C V') by translating deletion-¢
for eacht € T using algorithm DELETE from Section 4.4. In addition to being inefficient,
this approach is too conservative: it is possible that there is an exact translatiefi for
even when there is no exact translation for some tupéed’. This case occurs when extra
deletions from an inexact translation fet, t € T, are not actually a side-effect, because
the extra deletions are contained/in Thus, we must translate7” as a unit.
First let us generalize Definition 4.2.1 of a view deletion translation:

Definition 4.5.1 (View Deletion Translation for —7") Consider a view/, a deletion re-
guest—T whereT C V, and a database deleti&GhD. Let V' be the new view based on
the updated databade — VD, and letVlV = V — V' be the actual deleted view tuples.
We say thatv D is atranslationfor —7'if T C VV. If T = VV thenVD is anexact
translation, otherwis& D causeside-effectt = VV — T. a

Recall from Section 2.4 that we can compdts lineage according t& using one

query(R;, ..., R:) = Splitr,.. . r,(cc(Ry < --- 1 R,) x T), and recall from Section

.....
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4.3 that atuple; € R; belongs tdls exclusive lineagéz;* if and only if:

7TA(0'0(R1D<]"'NRi_lN{ti}NRi_HDQ"'NRn))CT

Thus, the observations we made on the relationship between data lineage and single-tuple
deletions in Section 4.3 all carry over directly to the deletion of a view tuple set. Further-
more, Theorem 4.4.2 in Section 4.4 can be extended to ce¥eas follows.

Theorem 4.5.2 Consider an SPJ vieW = m4(o¢(Ry > - - - 1 R,,)) over databas® and
atuple sefl’ C V. Letlineage(T,V,D) = (Rf,...,R:). If =T has an exact translation,
then it has an exact translation that deletes at miasiples in7’s lineage, where: =
loc(R; > -+ -1 RY) x T'| is the total number of derivations of all tuples 7. 0

Proof: The proof is very similar to the proof of Theorem 4.4.2, with the only notable
difference being the computationkfHere, we reduce the size bafter joining all lineage
branches by performing a semijoin wilhy because joining lineage tuples that result from
two different view tupleg; andts in 7" may result in view tupleg; outside ofl’. We do
not want to accidentally count derivationstgfin our boundk.

The proof relies on the following fact, which is obvious enough that we omit detailed
justification:

e Consider all combinations € Rj,...,t, € R;. The number of distinct combina-
tions such thatr 4 (oc({t1} > --- > {t,})) = {t} andt € T'is k.

Let the following list enumerate thedistinct combinations of, € R;,...,t, € R} such
thatma(oc({t1} < -+ - {t,})) = {t} andt € T

Q) ¢, 3.tk
)2, 2.2

(k) th, th ...tk

We know7 has an exact translation D” = VR/,...,VR,. Without loss of general-
ity (by the obvious set generalization of Theorem 4.3.7), assithe. R}, i = 1..n.
We need to prove that there is an exact translaid’ = VR),...,VR] such that



4.5. DELETING SETS OF VIEW TUPLES 129

|R,| + --- 4 |R.| < k. For each combinatioi = 1.k in the list above, there exists
at least one’, i € 1..n, such that! ¢ VR, because otherwise some T would remain
in the view after deleting)”. Let D’ = Uj:l..k{tg} which is of sizek. VD' is a translation,
because it deletes one tuple from each ofitlmmbinations that produce all of ths in
T. Furthermore, it is an exact translation because it is a subseDdf which is an exact
translation. O

Thus, we need only small modifications to our DELETE algorithm from Section 4.4
to translate the deletion of a view subget Figure 4.4 shows the modified algorithm
DELETE-SET with all changes underlined. DELETE-SET finds a translation-fOrthat
is guaranteed to be exact whenever an exact translation exists.

Example 4.5.3Consider Example 5 from Table 4.1, which deletes a tuplelset
{(joe, £4), (1isa, f4)} from V. In DELETE-SET, we comput@’s lineage and exclusive
lineage as:

lineage(T,V, D) = (UserGroup* = {(joe, engl), (1isa, engl)},
GroupAccess* = {(engl,f4)})

elineage(T,V, D) = (UserGroup™ = &, GroupAccess™ = {(engl, eng4)})

DeletingT"s exclusive lineage induces the deletiorifofThus, we find an exact translation
Velineage(T,V, D) for —T.

Now consider what would have happened had we translated the deletion of the two
tuples (joe, £4) and (1isa, f4) separately, using our original algorithm DELETE. Sup-
pose we translate deletign= (joe, £f4) first. In Example 4.4.4 we showed that delet-
ing (joe, £4) has no exact translation, so the algorithm chooses to delete lineage branch
UserGroup* = {(joe, engl), (joe, eng2)}. The side-effeckl = {(joe, £3)} of this trans-
lation is not contained in the original view requést {(joe, f4), (1isa, £4)}, so regard-
less of the translation chosen for tuple deletica (1isa, £4), the final translation for-7'
will be inexact. O
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procedure DELETE-SET(I" ,V = ma(oc(R1 < --- < Ry)), D)
/I Compute IT'’s lineage:

(1) D* =(Ry,..., Ry) < Splitr,,. R, (0c(R1 <= Ry) x T);

/l Compute and delete T 's exclusive lineage:
(3)for i =1..ndo
for eacht; € R} do

(4)
(®)

(6) D + D — D**;

/I Check ifg is deleted:
(Nift LOmaloc((RY — Ry) o<+ (R — RyY)))

/l Recomputel”s lineage in smallerD:

(8) D* = (RY,..., R:) < Splitr, .. R, (0c(Rypa--- 1 Ry,) x T);

// Find a lineage branch with zero or smallest side-effect:
(9) minE + oo;
(10)for i = 1..n do

(11)
(12)
(13)
(14)

/l Enumerate subsets off’s lineage with limited size:
(15)k < |oc(R; pa--->a Ry) < T;

(16) S <+ all subsets of>* that contain at mosk tuples;
(17)for eachD’ = (R),...,R]) € S do

(18)
(19)
(20)
(21)
(22)
(23)

/I Delete the lineage branchi;, with smallest side-effect:
(24) R, <+ Ry, — R},;

(RY*,...,R) «+(9,...,9),

if 7TA(0'0(R1 DI -- - D] {tz} DI - - - D] Rn)) C T then R < R* U {ti};

then return;

5

E <« mg(oc(Ry>a-- AR >a--- A Ry)) — T,

E<+ E—ma(oc(Ry>---pa(R; — RY) > --- >4 Ry,))
if £ =@ thenR; < R; — R}, return;,

if |[E| < minE thenm < i; minE < |E|;

f T Nma(oc((Rf — Ry b+ (Ry — Ry))) £ 9
then prune all subsets @b’ from S;
elseE « U,_; ,ma(occ(Ri < <R -+ X1 Ry)) = T

if E=2 thenD < D — D'; return;
elseprune all supersets db’ from S;

return;

m?

Figure 4.4: Translating the deletion of a view suliBet
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4.6 Deleting View Tuples Specified by Selection Conditions

Consider as usual our SPJ viév= m4(oc(Ry < --- 1 R,)). Suppose that instead of
specifying an actual view tuple or set of tuples to be deleted, the user performs a condition-
based deletion as in SQLDELETE FROM V' WHERE C’” where C' can be any selection
condition, similar to the conditionS used in view definitions. A naive approach is to first
compute the tuple s&t = o/ (V), then translate-T using algorithm DELETE-SET from
Section 4.5. However, the computation®f= o (V') can be expensive, particularly if

V' is a virtual view. Fortunately, instead of computiig we can incorporate the selec-
tion conditionC” into our translation algorithm. The new algorithm DELETE-COND is
specified in Figure 4.5, with the changes from DELETE-SET underlined.

In lines 1 and 8, to compute the lineagelot= o (V') according tol’, we use query
Splitr, .. r,(0cre(Ry > --- 1 R,)), instead of performing a semijoin with' as in
DELETE-SET. In line 5, we test whether a tuplec R; belongs to the exclusive lineage
of T = oo (V) by testing whetherra(ocop-c/ (R > -+ 1 {t;} > -+ 1 Ry,)) = &,
because this condition is satisfied if and only; ifloes not contribute to any view tuple that
fails conditionC’. We can similarly compute the potential side-effect of a base deletion
VR usingma(oop-cr(R1 > -1 Rf - - - 1 Ry,)) inlines 11 and 20. Finally, in lines 7
and 18, we test whether deleting base tughkés= (R,..., R) is a translation by testing
whetherr(ooac (R} — Ry) > - (RE — R))) = @.

Example 4.6.1 Consider Example 6 from Table 4.1, which deletes all tuples watr =
'ted’ from view V. Let U and G denote the schemas of base tatilesrGroup and
GroupAccess, respectively. In DELETE-COND, we compute the lineag&'cf o,ser—rtear (V)
as follows:

(UserGroup*, GroupAccess®) = Splity,c(Tgroup=eng’% ruser—'tea’ (Us€rGroup I GroupAccess))

The result is shown in Figure 4.6. We then complite exclusive lineage and obtain
D** = (UserGroup**, GroupAccess™) in Figure 4.6.V D** is a translation, and therefore
is an exact translation for the condition-based view deletion. a
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procedure DELETE-COND(C', V' = ma(oc(R1><d -+ > Ry,)), D)
Il ComputeT = ¢+ (V)'s lineage:
(1) D* = <Ri< - R;> — SplitRhan (O'C/\:C’(Rl D - D] Rn));

/l Compute and deletel”s exclusive lineage:
(2) D = (Ry*,...,R) «+ (@,...,9);
(3)for i =1..ndo

(6) D + D — D**;

/Il Check if T' is deleted:
(N if ta(ocopc ((RY — RY*) - (R} — RyY))) = @ then return;

/I RecomputeT™s lineage in smallerD:
(8) D* = <RI . R;;> < SplitRl,,,,7Rn (UC’/\:C’(Rl DJ .- X Rn)),

// Find a lineage branch with zero or smallest side-effect:
(9) minE + oo;

(10)for i = 1..n do

(11) E <+ malocp-c/(Ri>a--- > RI -2 Ry,));

(12) E<+ E—ma(oc(Ripa---a (R — RY) - > Ry,))
(13) if E=gothenR; + R; — R}, return;

(14) if |E| < minE thenm < i; minE + |E|;

/[l Enumerate subsets ofl”’s lineage with limited size:

(15)/€ — |0'C/\C’(RT D] e D] Rfl)‘;

(16) S « all subsets ofD* that contain at most tuples;

(17)for eachD’ = (R),...,R]) € S do

(18) i malooac (BT — Ry) o<+ (R — Ry))) # @

(19) then prune all subsets @b’ from S;

(20) elseE + |, ,ma(ocp—ct(Rip--- >R, --- > Ry));

(21) E<+ E—7my(oc((Ry — Ry) - (R, — R))));
(22) if =2 thenD «+ D — D’'; return;
(23) elseprune all supersets dd’ from S;

/Il Delete the lineage branchi;;,, with smallest side-effect:
(24) R, < R, — R},

for eacht; € R} do
if Ta(oop-cr (R >xa{t;} -+ > Ry)) =@ then RY* < R U{t;};

return;

m?

Figure 4.5: Translating view deletions based on a selection condition
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UserGroup* G::oupAcc:lss UserGroup™* GroupAccess™*

user| group group ne user| group group file

ted | eng4 eng4 5 ted | eng4 eng5 5

ted | eng5 engs 5 ted | eng5 eng5 f6
eng5 f6

Figure 4.6:T = oyser—r+ea (V), its lineage and exclusive lineage

4.7 Empirical Results

We have implemented our view deletion translation algorithm using stored procedures in a
standard commercial relational DBMS. In this section, we present some preliminary per-
formance results that explore the following two questions:

1. Roughly how often is there an exact translation for a view deletibthat deletes
the exclusive lineage af? That deletes a lineage brancht®fThat deletes a subset
of t’s lineage? How often is there no exact translation at all?

2. How does our algorithm perform as we scale up the size of the base data?

We use synthetic data for the experiments based on the user access control database in
our example from Section 4.1. Recall that the two base tablésat&roup(user, group)
andGroupAccess(group, file). The view we consider i¥ = myser ri1e(UserGroup i
GroupAccess). (We omit the selection condition from our original example view.) Con-
tents of the base tables are generated using the parameters listed in Table 4.2. There are
#groupsgroups. The users in each group and the files that each group has access to are
picked randomly from a fixed set of users and files with siZzesersand#files respec-
tively. The base data size dependstgmoups as well as parameteusers-per-grouguG
for short) andiles-per-grouFG for short). The actual number of users for a given group
is selected from a Gaussian distribution centerdd@tvith a standard deviation &1G/2,
and similarly for the number of files each group has access to. For our experiments we
always setUG = FG, and we refer to this parameter @snsity When this number is low,
the join is very selective, while when it is high, the join is heavily intertwined. Our exper-
iments focus on the single-tuple deletion case, i.e., each request is to delete a single view
tuple.
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| Parameter | Description
#groups total number of groups
#users maximum number of users
#files maximum number of files

users-per-group (UG) average number of users that belong to each group
files-per-group (FG) | average number of files that each group has acceps to

Table 4.2: Data generation parameters

4.7.1 Four Cases of Translations

Given a view deletion requestt, there are four possible outcomes for the translation ac-
cording to algorithm DELETE:

1. —t has an exact translationD** that deleteg’s exclusive lineage>**. In this case,
our algorithm finds the exact translati®D** and returns at line 7 of Figure 4.3.

2. Case (1) fails, but-t has an exact translatioiz; that deletes a lineage brangl
of —t. In this case, our algorithm finds an exact translalihl; and returns at line
13. The number of iterations of lines 10-14 will vary from deletion to deletion.

3. Cases (1) and (2) both fail, but has an exact translation. In this case, our algorithm
finds an exact translatiov D by deleting a subset @f lineage. It returns at line 22,
and the number of iterations of lines 17-23 will vary from deletion to deletion.

4. —t has no exact translations, so the algorithm returns at line 24.

In our experiment, we study how often each of the above four cases occurs under dif-
ferent base data scenarios. Specifically, when generating the base data #getigs
#users and#filesat 50, and we increase the densityq andFG) from 1 to 30. For each
base data scenario, we issue a deletion requefdr each tuple € V', and count the num-
ber of translations that belong to each of the four cases. Figure 4.7 presents the percentage
of each case among all four cases.

The result shows that for very sparse base data, case (1) happens frequently: most
deletions—t have an exact translation that deletissexclusive lineage. At the extreme,
when the density is 1, each groypas exactly one user and one filef, so all lineage
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Figure 4.7: Four cases of translations Figure 4.8: Translation time

tuples of any view tuple = (u, f) are exclusive. Therefore deleting the entire exclusive
lineage is always an exact translation. As the density increases, case (4) occurs more often.
The intuition is that as more tuples are joined with each other, deleting any lineage tuple
of t is likely to affect other view tuples, set often does not have an exact translation.
However, as the density further increases, cases (2) and (3) start to occur more frequently.
Now, because each view tuple often has several derivations, although deleting a branch or
subset oft’s lineage may affect some derivations of another view tuplg often can be
derived in another way, set still has an exact translation. Finally, when the base data is
very dense, case (2) completely takes over.

4.7.2 Algorithm Scalability

In this experiment, we study the scalability of our algorithm to the size of the base data.
Specifically, we fix the density at 8 and incredggoupsfrom 10 to 100,000. (We also set
#users= #files= #groups but these values do not affect the base data size.) We continue

to consider the four translation cases from Section 4.7.1 separately, and we delete view
tuples one at a time until we have several representative instances of each case. Figure 4.8
shows the average time for the translation in each case (in seconds) as the total size of the
base data increases. From the results plotted on log-scale x and y axes, we see that the
translation time for each case grows at worst approximately linearly in the size of the base
data.
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4.8 Related Work

One of the biggest differences between our approach to the view update problem and most
previous approaches is that we determine view update translations at view-update time in-
stead of at view-definition time. Consequently, other approaches may miss exact view up-
date translations when they exist, because those approaches cannot take all data-dependent
information into account. Of course, there is a cost for this extra accuracy, namely exam-
ining the database state at run-time to compute the exact translation. However, in certain
cases itis a cost that applications may want to pay.

Some previous approaches ask the view definer to specify, as part of a view defini-
tion, the set of permitted view update operations together with their translations, e.g.,
[Cle78, RS79]. A somewhat more automated approach is for the system to enumerate
different view update translations at view definition time and let the view definer choose
the preferable ones, e.g., [Kel86]. Another approach, proposed in [LS91], translates view
updates using user-provided information at view-definition time as well as at view-update
time. All of these approaches require input from the view definer or view updater, unlike
our approach which can be fully automatic, allowing exact view update translations without
any additional effort at view definition or update time.

A fully automatic approach is suggested in [Mas84], which provides ten general rules
for translating view deletions and insertions on select, project, and join views. The concept
of view complements introduced in [BS81] to supply extra semantic information for
selecting a view update translation. Neither of these approaches guarantees translation
exactness.

An algorithm proposed in [DB82] guarantees exact translations in restricted cases by
requiring certain functional dependencies on the base data. A concspumck-tuplas
defined in [DB82], similar in spirit but with a different definition than data lineage. [Kel85]
also proposed an algorithm that guarantees exact translations for a very restricted classes of
SPJ views: to be updatable a view must include all key and join attributes of the base tables,
and the base tables must join on the key attributes and satisfy foreign key constraints. Our
approach makes no restrictions on the SPJ views we consider.
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4.9 Chapter Summary

In this chapter we considered the view update problem in a conventional database (not data
warehousing) environment. Exploiting the data lineage techniques developed in Chapter
2, we developed a fully automatic algorithm for translating deletions against any relational
SPJ view into deletions against the underlying database. Deletions can be specified as a
single tuple, a set of tuples, or as a selection condition over the view. Our algorithm can be
parameterized by the view definition at compile-time, and by the view update request (and
base data) at run-time. By taking data-dependent information into account at run-time and
using techniques based on data lineage, our algorithm finds translations that are guaranteed
to be exact whenever such translations exist. No previous algorithms we know of can make
the same claim. Empirical results show that our algorithm often finds exact translations
very quickly, and that it scales at worst linearly in the database size.



Chapter 5

Data Lineage for General Data
Transformations

In Chapters 2—3 we studied the data lineage problem for warehouse data defined as re-
lational views over relational sources, i.e., views specified using SQL or relational al-
gebra. In many deployed production data warehouses, however, data imported from the
sources may be “cleansed”, integrated, and summarized through a sequence or graph of
transformations Many commercial warehousing systems provide tools for creating and
managing such transformations as part oféktract-transform-loadETL) process, e.g.,

[Inf, Mic, PPD, Sag]. The transformations may vary from simple algebraic operations or
aggregations to complex procedural code.

In this chapter we consider the problem of lineage tracing in data warehouses created
by general transformations. In this environment, the lineage tracing problem becomes
considerably more difficult and open-ended, because we no longer have the luxury of a
fixed set of operators or the algebraic properties offered by relational views. Furthermore,
since transformation graphs in real ETL processes can often be quite complex—containing
as many as 60 or more transformations—the storage requirements and runtime overhead
associated with lineage tracing are very important considerations.

To define data lineage and provide lineage tracing algorithms for general transforma-
tions, we take advantage of known structure or properties of transformations when present.

138
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Our lineage tracing algorithms apply to single transformations, to linear sequences of trans-
formations, and to arbitrary acyclic transformation graphs. We also propose optimization
techniques for improving tracing performance in the case of large transformation graphs.
Our results can guide the design of transformational data warehouses that enable effective
lineage tracing.

The chapter proceeds as follows. Section 5.1 introduces our running example for lin-
eage tracing in the presence of general data transformations, and Section 5.2 formalizes
the problem. In Section 5.3 we identify a set of relevant transformation properties. We
then provide formal definitions of lineage and tracing algorithms for general warehouse
transformations based on these properties. Section 5.4 presents an algorithm for combin-
ing transformations in a transformation sequence to improve tracing performance. Section
5.5 extends the algorithms to handle transformations with multiple inputs and outputs, and
Section 5.6 presents our overall approach for tracing lineage through an arbitrary trans-
formation graph. We have studied the performance of our algorithms empirically and we
present the results in Section 5.7. Section 5.8 surveys related work and Section 5.9 con-
cludes the chapter.

5.1 Running Example

We now present a running example to be used throughout the chapter. Consider a data
warehouse with retail store data derived from two source tables:

Product(prod-id, prod-name, category, price,valid)

Order(order-id, cust-id, date, prod-list)

The Product table is mostly self-explanatory. Attributealid specifies the time period
during which a price is effectiveand is part of the key because a given product may have
different prices over time, and thus multiple tuplesPiroduct. TheOrder table also is
mostly self-explanatory. Attributerod-1ist specifies the list of ordered products with
product ID and (parenthesized) quantity for each. Sample contents of small source tables

We assume thatalid is a simple string, which unfortunately is a typical ad-hoc treatment of time.
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| prod-id | prod-name | category | price | valid
111 | Apple IMAC | computer | 1200 10/1/1998-
222 Sony VAIO computer | 3280 | 9/1/1998-11/30/199
222 Sony VAIO | computer | 2250 | 12/1/1998-9/30/199
222 Sony VAIO | computer | 1950 10/1/1999-
333 Canon A5 | electronics| 400 4/2/1999—
444 Sony VAIO | computer | 2750 12/1/1998-

Figure 5.1: Source data set fexroduct

| order-id| cust-id|  date [ prod-list |
0101 AAA 2/1/1999 | 333(10),222(10
0102 | BBB | 2/8/1999 | 111(10)
0379 | CCC | 4/9/1999 | 222(5), 333(5)
0524 | DDD | 6/9/1999 | 111(20), 333(20
0761 EEE 8/21/1999 | 111(10)
0052 | CCC | 11/8/1999 | 111(5)
1028 DDD | 11/24/1999| 222(10)
1250 | BBB | 12/15/1999 222(10), 333(10

Figure 5.2: Source data set farder

are shown in Figures 5.1 and 5.2.

Suppose an analyst wants to build a warehouse table listing computer products that had
a significant sales jump in the last quarter: the last quarter sales were more than twice the

average sales for the preceding three quarters. A tilesJump is defined in the data

warehouse for this purpose. Figure 5.3 shows how the contents oftaldeJump can be

specified using &ansformation graplg with inputsOrder andProduct. G is a directed

acyclic graph composed of the following seven transformations:

e 77 splits each input order according to its product list into multiple orders, each with

a single ordered product and quantity. The output has sciendar-id, cust-id,

date, prod-id, quantity).

e 7 filters out products not in the computer category.

e 75 effectively performs a relational join on the outputs from and 75, with
7Ti.prod-id = 75.prod-id and7;.date occurring in the period df;.valid. 73 also
drops attributesust-id andcategory, So the output has schen@rder-id, date,

prod-id, quantity, prod-name, price,valid).
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Or der @
@ @ @ @ @ Sal esJunp
Product@

Figure 5.3: Transformations to derigelesJump

| Name | Description |
T split orders

T2 select on productategory
T3 join products and orders
Ta aggregate and pivot quarterly sales
Ts add a columravg3
Te select omavg3

Tz remove columns

Figure 5.4: Transformation summary

e 7, computes the quarterly sales for each product. It groups the output/idim
prod-name, computes the total sales for each product for the four previous quar-
ters, and pivots the results to output a table with sch@med-name, q1, q2, 93, q4),
whereq1—q4 are the quarterly sales.

e 75 computes from the output 6f, the average sales of each product in the first three
quarters. The output schem&jgrod-name, q1, 92, 93, avg3, g4), whereavg3 is the
average sale®1 + g2 + g3)/3.

e 7 selects those products whose last quarter’s sales were greater than twice the aver-
age of the preceding three quarters.

e 7; performs a final projection to outpS&lesJump with schemgprod-name, avg3, q4).

Figure 5.4 summarizes the transformationg/inNote that some of these transformations
(72, Ts, Te, andT;) could be expressed as standard relational operations, while ofhers (
T3, and7;) could not.

As a simple lineage example, for the data in Figures 5.1 and 5.2 the warehouse table
SalesJump contains tuple = (Sony VAIO, 11250,39600), indicating that the sales of
VAIO computers jumped from an average of 11250 in the first three quarters to 39600 in
the last quarter. An analyst may want to see the relevant detailed information by tracing the
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Order
| order-id| cust-id|  date [ prod-list |
0101 | AAA | 2/1/1999 | 333(10), 222(10
0379 | CCC | 4/9/1999 | 222(5), 333(5)
1028 | DDD | 11/24/1999| 222(10)

1250 BBB | 12/15/1999| 222(10), 333(10

Product
| prod-id | prod-name]| category | price | valid |
222 | Sony VAIO | computer| 2250 | 12/1/1998-9/30/1999
222 | Sony VAIO | computer| 1980 10/1/1999-

Figure 5.5: Lineage ofSony VAIO, 11250, 39600)

lineage of tuple, that is, by inspecting the original input data items that producél$ing
the techniques to be developed in this chapter, from the source data in Figures 5.1 and 5.2
the analyst will be presented with the lineage result in Figure 5.5.

5.2 Transformations and Their Data Lineage

In this section, we formalize general data transformations and data lineage for transfor-
mations. We then briefly motivate why transformation properties can help us with lineage
tracing.

5.2.1 Transformations

In this chapter we generally considedata seto be any set of data items—tuples, values,
complex objects—with no duplicates in the set. (The effect duplicates have on lineage
tracing has been addressed in some detail earlier in Section 2.7, and the issues do not change
fundamentally in the presence of transformations.yrahsformation7 is any procedure

that takes data sets as input and produces data sets as output. For now, we will consider
only transformations that take a single data set as input and produce a single output set. We
will extend our results to transformations with multiple input sets and output sets in Section
5.5. For any input data séf we say that the application @f to I resulting in an output set

O, denoted/ (1) = O, is aninstanceof 7.
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Given transformation$; and7s, theircompositior/ = 7; o 75 is the transformation
that first applies/; to I to obtainl’, then applies; to I’ to obtainO. 7; and7; are called
T’s component transformationg/e assume the composition operation is associafie:
T3) o T3 = T1 o (T2 o T3). Thus, given transformatior, 75, . .., 7,, we represent the
composition(7;073)o...)oT, as aransformation sequencgo- - -o7,. Atransformation
that is not defined as a composition of other transformatioasisic

For now we will assume that all of our transformations stiebleanddeterministic A
transformatior is stable if it never produces spurious output items, T€g) = @. A
transformation is deterministic if it always produces the same output set given the same in-
put set. All of the example transformations we have seen so far are stable and deterministic.
An example of an unstable transformation is one that appends a fixed data item or set of
items to every output set, regardless of the input. An example of a nondeterministic trans-
formation is one that transforms a random sample of the input set. In practice we usually
require transformations to be stable but often do not require them to be deterministic. We
will defer our discussion of when the deterministic assumption can be dropped to Section
5.3.5, after we have formalized data lineage for transformations and presented our lineage
tracing algorithms.

5.2.2 Data Lineage

In the general case a transformation may inspect the entire input data set to produce each
item in the output data set, but in most cases there is a much more fine-grained relationship
between the input and output data items: a data heémthe output set may have been
derived from a small subset of the input data items (maybe only one), as opposed to the
entire input data set. Given a transformation inst&h¢g) = O and an output item € O,

the lineage ob is the actual set* C I of input data items that contributeddts derivation.

We denote’s lineage ad* = T*(o, I). The lineage of a set of output data ites C O

is the union of the lineage of each item in the sEt(O*,I) = |J T*(o,I). A detailed

0eO*
definition of data lineage for different types of transformations will be given in Section 5.3.

Knowing something about the workings of a transformation is important for tracing data
lineage—if we know nothing, any input data item may have participated in the derivation
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! 70)=0
X Y X %
a -1 .
a | 2 J a 2
b | O b | O

Figure 5.6: A transformation instance

of an output item. Let us consider an example. Given a transform@tiand its instance

T (I) = O in Figure 5.6, the lineage of the output itém 2) depends off"’s definition, as
we will illustrate. Suppos# is a transformation that filters out input items with a negative
Y value (i.e.,7 = oy in relational algebra). Then the lineage of output item (a, 2)
should include only input itenfa, 2). Now, suppose instead th@t groups the input data
items based on theX values and computes the sum of théivalues multiplied by 2 (i.e.,

T = ax2wum(y) as v IN relational algebra, where performs grouping and aggregation).
Then the lineage of output item= (a,2) should include input iteméa, —1) and (a, 2),
because is computed from both of them. We will refer back to these two transformations
later (along with our earlier examples from Section 5.1), so let us call the firsToaed
the second ong,.

Given a transformation specified as a standard relational operator or view, we can define
and retrieve the exact data lineage for any output data item using the techniques introduced
in Chapter 2. On the other hand, if we know nothing at all about a transformation, then the
lineage of an output item must be defined as the entire input set. In reality transformations
often lie between these two extremes—they are not standard relational operators, but they
have some known structure or properties that can help us identify and trace data lineage.

The transformation properties we will consider often can be specified easily by the
transformation author, or they can be inferred from the transformation definition (as rela-
tional operators, for example), or possibly even “learned” from the transformation’s behav-
ior. We do not focus on how properties are specified or discovered, but rather on how they
are exploited for lineage tracing.
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5.3 Lineage Tracing Using Transformation Properties

We consider three overall kinds of properties and provide algorithms that trace data lineage
using these properties. First, each transformation is in a ceéréaisformation clasased

on how it maps input data items to output items (Section 5.3.1). Second, we may have one
or moreschema mapping®r a transformation, specifying how certain output attributes
relate to input attributes (Section 5.3.2). Third, a transformation may be accompanied by
atracing procedureor inverse transformationwhich is the best case for lineage tracing
(Section 5.3.3). When a transformation exhibits many properties, we determine the best
one to exploit for lineage tracing based on a property hierarchy (Section 5.3.4). We also
discuss nondeterministic transformations (Section 5.3.5), and how indexes can be used to
further improve tracing performance (Section 5.3.6).

5.3.1 Transformation Classes

In this section, we define three transformation clasdisgiatchersaggregatorsandblack-

boxes For each class, we give a formal definition of data lineage and specify a lineage
tracing procedure. We also consider several subclasses for which we specify more efficient
tracing procedures. Our informal studies have shown that about 95% of the transformations
used in real data warehouses are dispatchers, aggregators, or their compositions (covered
in Sections 5.4-5.6), and a large majority fall into the more efficient subclasses.

Dispatchers

A transformation7 is a dispatcherif, for each individual data item in an input séf;
produces zero or more of the output data itei$; 7 (1) = (J7({:}). Figure 5.7(a)
el

illustrates a dispatcher, in which input item 1 produces oatput items 1-4, input item 3
produces output items 3—6, and input item 2 produces no output items. The lineage of an
output itemo according to a dispatchér is defined ag (o, I) = {i € I |0 € T({i})}.

As an example, a relational selection or projection operator is a typical dispatcher, while a
transformation that computes the sum of a list of input numbers is not a dispatcher, because
it computes an output data item based on two or more input data items.
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I O O I O

>

|
=
< e
(a) dispatcher  (b) aggregator (c) black—-box

Figure 5.7: Transformation classes

A simple procedurdraceDS( 7,0* I) in Figure 5.8 can be used to trace the lineage
of a set of output item®* C O according to a dispatchéfr. The procedure applieg to
the input data items one at a time and returns those items that produce one or more items
in O*.2 Note that all of our tracing procedures are specified to take a set of output items as
a parameter instead of a single output item, for generality and also so tracing procedures
can be composed when we consider transformation sequences (Section 5.4) and graphs
(Section 5.6).

Example 5.3.1 (Lineage Tracing for Dispatchers)Transformatiori/; in Section 5.1 is a
dispatcher, because each input order produces one or more output ordBrs@igen an
output itemo = (0101, AAA;2/1/1999,222 10) based on the sample data of Figure 5.2,
we can trace’s lineage according t@; using procedurdraceDS( 7i, {0}, Order) to
obtain7;*(o,0rder) = {(0101,AAA,2/1/1999, “333(10),222(10)”)}. Transformations
T2, Ts, Te, @and 77 in Section 5.1 and in Section 5.2.2 all are dispatchers, and we can
similarly trace data lineage for them. a

TraceDS requires a complete scan of the input data set. For each input;jtém
calls transformatiofi” over{:}, which can be very expensiveT]f has significant overhead
(e.g., startup time). In Section 5.3.6 we will discuss how indexes can be used to improve the
performance ofraceDS . However, next we introduce a common subclass of dispatchers,
filters, for which lineage tracing is trivial.

2For now we are assuming that the input set is readily available. Cases where the input set is unavailable
or unnecessary will be considered later.
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procedure TraceDST, O*, I)
I* <~ @,
for eachi € I do
if 7({i}) NO* # @thenI* «+ I* w {i};
return I*;

Figure 5.8: Tracing procedure for dispatchers

Filters. A dispatchefT is afilter if each input item produces either itself or nothing:c I,

T({i}) = {i} orT({i}) = @. Thus, the lineage of any output data item is the same item in
the input setvo € O, T*(0) = {o}. The tracing procedure for a filteF simply returns the

traced item seO* as its own lineage. It does not need to call the transform&fion scan

the input data set, which can be a significant advantage in many cases (see Section 5.4).
Transformatiorg in Section 5.2.2 is a filter, and the lineage of output item (a,2) is

the same itenfa, 2) in the input set. Other examples of filters &eand7s in Section 5.1.

Aggregators

A transformation/” is completaf each input data item always contributes to some output
dataitemVI # &, T(I) # @. A transformatior/ is anaggregatorif 7" is complete, and
forall I and7 (I) = O = {o4,...,0,}, there exists a unique disjoint partitidp, . . ., I,

of I such that7 (1) = {ox} fork = 1..n. I1,..., I, is called thenput partition, andy is

oy’s lineage according t@: 7*(ox, I) = I;. Figure 5.7(b) illustrates an aggregator, where
the lineage of output item 1 is input itenj$, 2}, the lineage of output item 2 i3}, and

the lineage of output item 3 gL, 5,6}.

Transformatiorv, in Section 5.2.2 is an aggregator. The input partitioh is- {(a, —1),
(a,2)}, Iy = {(b,0)}, and the lineage of output item= (a, 2) is I;. Among the trans-
formations in Section 5.1, 75, and7; are aggregators. Note that transformations can
be both aggregators and dispatchers (§gand7; in Section 5.1). We will address how
overlapping properties affect lineage tracing in Section 5.3.4.

To trace the lineage of an output sub&&taccording to an aggregat@r, we can use
the procedurdraceAG( 7,0*, 1) in Figure 5.9 that enumerates subsets of inpultt
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procedure TraceAG({, O*, I)
L + all subsets of sorted by size;
for eachI* € L in increasing ordedo
if 7(I*) = O* then
if 7(I —I*) = O — O* then break;
elseL = all supersets of* sorted by size;
return I*;

Figure 5.9: Tracing procedure for aggregators

returns the unique subsgt such that/* produces exactlp*, i.e., 7 (I*) = O*, and the
rest of the input set produces the rest of the output set7id.— I*) = O — O*. During
the enumeration, we examine the subsets in increasing size. If we find a Sutisst that
T(I')=O*butT (I —1I') # O — O*, we then need to examine only supersets pivhich
can reduce the work significantly.

TraceAG may call7 as many ag!!! times in the worst case, which can be prohibitive.
We introduce two common subclasses of aggregatastext-free aggregatorand key-
preserving aggregatorsvhich allow us to apply much more efficient tracing procedures.

Context-Free Aggregators. An aggregatof/ is context-fredf any two input data items

either always belong to the same input partition, or they always do not, regardless of the
other items in the input set. In other words, a context-free aggregator determines the parti-
tion that an input item belongs to based on its own value, and not on the values of any other
input items. All example aggregators we have seen are context-free. As an example of
a non-context-free aggregator, consider a transformdfidimat clusters input data points
based on their x-y coordinates and outputs some aggregate value of items in each cluster.
Suppose€ specifies that any two points within distanéé&om each other must belong to

the same cluster7 is an aggregator, but it is not context-free, since whether two items
belong to the same cluster or not may depend on the existence of a third item near to both.

We specify lineage tracing procedufeaceCF( 7,0*,I) in Figure 5.10 for context-
free aggregators. This procedure first scans the input data set to create the partitions (which
we could not do linearly if the aggregator were not context-free). Then it checks each
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procedure TraceCF{, O*, I)
I* <~ @,
pnum < 0;
for eachi € I do
if pnum = 0 then I; < {i}; pnum < 1; continue;
for (k < 1;k < pnum;k + +) do
if |7 (I U{i})| = 1then I < I U{i},; break;
if & > pnum then pnum < pnum + 1; Ippym < {i};
for k + 1..pnum do
if 7(Ix) C O*then I* « I* U I};
return I*;

Figure 5.10: Tracing procedure for context-free aggregators

partition to find those that produce itemsini. TraceCF reduces the number of transfor-
mation calls td 72| + |I] in the worst case, which is a significant improvement.

Key-Preserving Aggregators.Suppose each input item and output item contains a unique
keyvalue in the relational sense, denotdeyfor itemi. An aggregato? is key-preserving

if given any input sef and its input partition/y, . . ., I,, for output7 (1) = {o1,..., 0.},

all subsets of, produce a single output item with the same key value,afor &k = 1..n.
Thatis,VI' C I: T(I') = {0} } andoj.key= o,.key.

Theorem 5.3.2 All key-preserving aggregators are context-free. O

Proof: Given a key-preserving aggregatpr we want to prove thaf is context-free,

i.e, Vi andi’, they either always belong to the same input partition or they always do not.
Suppose for the sake of a contradiction tfiats not context-free. Then there exist input
sets/ andl’ and itemg andi’ in both I and/’ such that

1. 7 and?’ belong to the same input partitidn in transformation instanc@ (1) = O.
Let 7(I;) = o;. According to the definition of key-preserving aggregatof{:})
and7 ({i'}) produce output items with the same key value akey.

2. ¢ andi’ belong to different input partition$; and I, respectively in7 (I') = O'.
Let 7(I;) = o; andT(I;) = o,. According to the definition of key-preserving
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procedure TraceKP{, O*, I)
I* + @;
for eachi € I do
if They (T ({7})) C They(O*) then I* < I* W {i};
return I*;

Figure 5.11: Tracing procedure for key-preserving aggregators

aggregatory ({i}) produces an item with key valug.key, while 7 ({:'}) produces
an item with key value;.key.

Sinceo;.key # oi.key by the definition of a key, we obtain our contradiction. O

All example aggregators we have seen are key-preserving. As an example of a context-free
but non-key-preserving aggregator, consider a relational groupby-aggregation that does not
retain the grouping attribute.

TraceKP( 7,0*,I) inFigure 5.11 traces the lineage®@f according to a key-preserving
aggregatof/ . It scans the input data set once and returns all input items that produce output
items with the same key as itemsdri. TraceKP reduces the number of transformation
calls to|I|, with each call operating on a single input data item. We can further improve
performance offraceKP using an index, as discussed in Section 5.3.6.

Black-box Transformations

An atomic transformation is calledtdack-boxtransformation if it is neither a dispatcher
nor an aggregator, and it does not hapeavided lineage tracing procedu(&ection 5.3.3).
In general, any subset of the input items may have been used to produce a given output item
through a black-box transformation, as illustrated in Figure 5.7(c), so all we can say is that
the entire input data set is the lineage of each output itésn= O, T*(o,I) = I. Thus,
the tracing procedure for a black-box transformation simply returns the entirelinput

As an example of a true black-box, consider a transformgfidimat sorts the input data
items and attaches a serial number to each output item according to its sorted position. For
instance, given input data set= {(f, 10), (b, 20), (¢, 5)} and sorting by the first attribute,
the output isT (1) = {(1,9,20), (2,¢,5), (3, f,10)}, and the lineage of each output data
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item is the entire input sdt Note that in this case each output item, in particular its serial
number, is indeed derived from all input data items.

5.3.2 Schema Mappings

Schema informatiooan be very useful in the ETL process, and many data warehousing
systems require transformation programmers to provide some schema information. In this
section, we discuss how we can use schema information to improve lineage tracing for dis-
patchers and aggregators. Sometimes schema information also can improve lineage trac-
ing for a black-box transformatiof, specifically wheri/” can be combined with another
non-black-box transformation based %rs schema information (Section 5.4). A schema
specification may include:

input schema = (A4, ..., 4,), andinput keyA;., C A
output schem® = (B, ..., B,), andoutput keyBy., C B

The specification also may includehema mappingslefined as follows.

Definition 5.3.3 (Schema Mappings)Consider a transformatigf with input schema\
and output schemB. Let A C A andB C B be lists of input and output attributes. Let
1.A denote thed attribute values of, and similarly foro.B. Let f andg be functions from
tuples of attribute values to tuples of attribute values. We sayfthas aforward schema
mappingf(A) 7, Bifwe can partition any input sdtinto I, . . ., I, based on equality of
f(A) values® and partition the output sé2 = 7(I) into Oy, ..., O,, based on equality of
B values, such that > n and:

1. fork=1..n,T(Iy) = Orandly ={i € I | f(i.A) = 0.B for someo € Oy}.
2. fork=(n+1)..m, T(Ix) = 2.

Similarly, we say thaf has abackward schema mapping L g(B) if we can partition
any input set/ into I, ..., I,, based on equality ofl values, and partition the output set
O=T()intoOy,...,0, based on equality of( B) values, such that. > n and:

1. fork=1..n, T(Iy) = Orandl, = {i € I | i.A = g(0.B) for someo € Oy }.

3That is, two inputitems; € I andiy € I are in the same partitioh, iff f(i;.A) = f(iz.A).
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2. fork=(n+1).m, T(Ix) = 2.

When f (or g) is the identity function, we simply writel 7B (or A L B). If A B
andA £ B we write A & B. O

Although Definition 5.3.3 may seem cumbersome, it formally and accurately captures
the intuitive notion of schema mappings (certain input attributes producing certain output
attributes) that transformations do frequently exhibit.

Example 5.3.4 Schema information for transformatig@ in Section 5.1 can be specified
as:

Input schema and keyA = (prod-name, q1, q2, 93, g4), Ake, = (prod-name)

Output schema and ke = (prod-name, q1, 92, 43, avg3, q4). By, = (prod-name)

Schema mappingsgprod-name, q1, 92, q3, q4) VA (prod-name, q1, 92, q3, q4)
f({q1,92,93)) i (avg3), wheref({a,b,c)) = (a+b+¢)/3 O

Theorem 5.3.5 Consider a transformatioh that is a dispatcher or an aggregator, and con-
sider any instanc& (1) = O. Given any output item € O, letI* beo’s lineage according

to 7. If T has a forward schema mappifigA) 7, B, thenI* C {iel|f(i.A)=o0.B}.

If 7 has a backward schema mappitig"- g(B),thenI* C {ieI|iA=g(o.B)}. O

Proof: Consider a dispatcher or aggregafoand an instanc& (1) = O. We prove that
if 7 has a forward schema mappifigA) 7 B, then the lineage of any output iteste O

is asubsetofi € | f(i.A) = 0.B}. The case foff” with backward schema mapping
AL g(B) can be proved in the same manner.

If 7 is a dispatcher’s lineage is{:} such thato € T ({i}), according to the lineage
definition for dispatchers in Section 5.3.1. Thus, we just need to pfoiel) = o.B.
Consider transformation instan@€{i}) = O’. By Definition 5.3.3 of schema mappings,
this transformation instance has a single input partition,7ze= 1, becausdi} contains
a single item. Furthermore; > 1 becaus&)’ is nonempty. Sincen > n, we have
m = n = 1. Thus, according to Definition 5.3.3(i.A) = 0.B.

Now suppos€] is an aggregator. From Definition 5.3.3 we can partition instance
T (I) = O according to the schema mapping to obtain input and output partitions, I,,,
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andOq, ..., O,. Since aggregators are complete, we know- n. Fork = 1..n, the pair

of partitions;, and O, generate a transformation instari€¢l;) = Oy, = {0}, ..., oﬁj}.

From the definition of aggregator, given transformation instghndg) = Oy, there exists a
unique partitionr} ..., I'* of I, such that7 (I]) = {o}} for j = 1., andf(i.A) = 0}.B
foralli € I]. Considering the entire input seand7 (1) = O = {o},..., o}, I}, ... I

is a partition ofI such that7(I}) = {o}}, so it is the unique such partition. Accord-
ing to the lineage definition for aggregators in Section 5.3.1, given an output data item
o = o} € 0, 0)s lineage isI]. Sincef(i.A) = o}.Bforalli € I}, ando = o, we
concludel] C {i € I'| f(i.A) = 0.B}. O

Based on Theorem 5.3.5, when tracing lineage for a dispatcher or aggregator, we can
narrow down the lineage of any output data item to a (possibly very small) subset of the
input data set based on a schema mapping. We can then retrieve the exact lineage within
that subset using the algorithms in Section 5.3.1. For example, consider an aggvegator
with a backward schema mappimlgl g(B). When tracing the lineage of an output item
o € O according td7, we can first find the input subs&t= {i € I | i.A = g(0.B)}, then
enumerate subsets 6fusingTraceAG( 7,0, I') to findo's lineagel* C I'. If we have
multiple schema mappings fgr, we can use the intersection of the subsets for improved
tracing efficiency.

The narrowing technique of the previous paragraph is an improvement over the tracing
procedures based on lineage definition (Section 5.3.1). However, when schema mappings
satisfy certain additional conditions, we can do even better.

Definition 5.3.6 (Schema Mapping Properties)Consider a transformatioi with input
schemaA, input keyAy.,, output schem#, and output keyB.,,.

1. T is aforward key-map (fkmagj it is complete ¢¥I # @, T(I) # @) and it has a
forward schema mapping to the output kgy:A) 7 Bley-

2. T is abackward key-map (bkmap)it has a backward schema mapping to the input
key: Ak, L 9(B).

3. T is abackward total-map (btmaphit has a backward schema mapping to all input
attributes:A. < 9(B). O
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Suppose that schema information and mappings are given for all transformations in Sec-
tion 5.1. Then all of the transformations excéptare backward key-map%;, 75, and7s
are backward total-map$;, 75, and7; are forward key-maps.

Theorem 5.3.7 (1) All filters are backward total-maps. (2) All backward total-maps are
backward key-maps. (3) All backward key-maps are dispatchers. (4) All forward key-
maps are key-preserving aggregators. 0

Proof:

1. Given a filter7, each input item either produces itself or nothing, i¥g.,€ I:
T({i}) = {i} or @. Thus,I andO always have the same schema, calAitand
we can partition any input and outpuD = 7 () into singleton set$,, ..., I, and
O4,...,0, suchthatn > n and:

(@) fork = 1..n, T(I;) = Oy, andl; andOy, both contain the same single item, so
Iy ={ie€I|i=oforsomeo € O}.
(b) fork=(n+1)..m,T(Ilx) = 9.

Therefore, we have a backward schema mapyéinéL A to all input attributes, so
T is a backward total-map.

2. Consider a backward total-m&@pwhere the input has schemg so we haveA L
g(B). SinceA is an input key (we are assuming set semanti¢sjs a backward
key-map.

3. LetT be a backward key-map witH., L g(B). We want to prove thaf is a
dispatcher, i.e¥I: T(I) = U7 ({i}). Given any instanc& (/) = O, according to

i€l
Definition 5.3.3 of schema mapping, we can partitianto 1, . . ., I,,, based oMy,

equality and partitior© into Oy, .. ., O,, based ory(B) equality such thaf (1) =
Opfork = 1.nandT(l;) = @fork = (n+1).m. Thus, 7(I) = U O =

k=1..n
U 7(Ix). Since eachl;, contains items with the saméy., value, it contains
k=1..m
a single item by the definition of key. Thereforg(I) = |J7 ({:}), andT is a
el
dispatcher.
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4. Let T be a forward key-map with schema mappifigd) 7 Bie,. We want to
prove that7 is a key-preserving aggregator. We first prove thas an aggregator,
i.e., 7 is complete and given any instan@€l) = O = {oy,...,0,}, there exists
a unique partition/y, ..., I,, of I such that7 (I;) = {ox}. By Definition 5.3.6 of
forward key-map;T is complete. Consider arfj(I) = O. From Definition 5.3.3
of schema mapping we obtain input and output partitins. ., I,,, andOq, . . ., O,
wherem = n since7T is complete. We will prove thafy, ..., I, is the unique
input partition for7 (I) = O as specified in the aggregator definition (Section 5.3.1).
Since eacl);, k = 1..n, contains items with the sanig,., value, it contains a single
item; let it beo,. Then,y, ..., I, is an input partition such thgt () = {0}, and
by Definition 5.3.3[;, = {i € I | f(i.A) = 04.Bkey}. We now prove that this
input partition is unique. Suppose there exists another input parfitjon. , I;, such
that 7(7;,) = {ox} for £ = 1..n. Consider transformation instan@€l;) = {ox}
for any givenk. Because its output contains a single item @nd complete, this
transformation instance has a single input partition and a single output partition based
on 7’s schema mapping. From Definition 5.3.3, we know tiat I;: f(i.A) =
0k.Biey. Thus, I}, C I, fork = 1.n. Since; U ---U [, = [ U---UI =TI and
the partitions are disjoint, we know that = I; for £ = 1..n. Therefore [y, ..., I,
is unique, and/” is an aggregator.

We now prove thafl is key-preserving. Consider instan@él) = O with
aggregator partitiody, ..., I,, for output{os,...,0,}. VI, C I;: T(I;) = {0}}
whereoy,. Brey = 0k.Bjey, K = 1..n. Consider anyc = 1..n and anyl; C I, and
let O, = T (I;). Since all items in/; have the samg(i.A), according to Definition
5.3.3, we can partition this instance based on the schema mapping to obtain a single
input partition and a single output partition. Thidg, contains items with the same
0.By,, Which meang);, contains a single item; letit bg. ThenVi € I;: f(i.A) =
0. Byey. Sincel;, C Iy, Vi € I;: i € Ii. Further because € I f(i.A) = 0k.Byey,
we know thab),. By, = o;.Bye,. Therefore;T is key-preserving. O

Theorem 5.3.8 Consider a transformation instang¢é/) = O. Given an output itera €
O, let I* beo’s lineage based ofi’s transformation class as defined in Section 5.3.1.
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1. If T is a forward key-map with schema mappifig4) 7 Byey, thenI* = {i €
I'| f(i.A) = 0.Byey}-

2. If T is a backward key-map with schema mappitg, L g(B), thenl* = {i €
I|i.Agey = g(0.B)}.

3. If T is a backward total-map with schema mappitng" g(B), thenl* = {g(0.B)}.

O

Proof:

1. Let 7 be a forward key-map with schema mappifigd) 7 Biey. Consider an
instance7 (I) = O = {o1,...,0,}. We want to prove thatog, o;'s lineage is
{i € I'| f(i.A) = ox.Byey}. According to Theorem 5.3.7] is an aggregator,
and from part (4) of our proof for Theorem 5.3.7, we know that partifion. ., I,
wherel, = {i € I | f(i.A) = o0x.Biey} is the unique input partition such that
T (1) = {ox}. According to the lineage definition for aggregatarss lineage is
Iy ={ieI| f(i.A) = 0k.Bhey}-

2. LetT be a backward key-map with schema mappihg, L g(B). Consider an
instance7 (I) = O. We want to prove thato € O, o's lineage is{i € I | i. Ay, =
g(0.B)}. According to Theorem 5.3.7] is a dispatcher. Thus, according to the
lineage definition for dispatchers's lineage isl* = {i € I | 0 € T({i})}. Ac-
cording to Theorem 5.3.59 is a subsetof’ = {i € I | i.Ak., = g(0.B)}. Since
I’ contains a single item by the definition of ke, is either empty or contains a
single item. We will prove that* is nonempty by contradiction, from which we can
conclude thafl* = I' = {i € I | i. Ay, = g(0.B)}. Suppose that* is empty. Then,
Vi e I,0¢ T({i}). Therefore, sincd is a dispatcher according to Theorem 5.3.7,
o¢ UT({i}) = T(I), which contradict® € O.

el

3. Let7 be a backward total-map with schema mapp&ngl g(B) to the entire input
schemaA. We want to prove that/ andvo € O = T(I), o's lineage is{g(0.B)}.
Since a backward total-map is a backward key-map, by part(2) of this proof we know
that the lineage ob is I* = {i € I |i.A = g(0.B)}. Sincei.A = iforalli € I,

I ={g(0.B)}. O
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procedure TraceFM{, O*, I) I/ let f(A) 1, Bhey
I«
for eachi € I do
if f(i.A) € mg,,,(0") then I"«+I* v {i},
return I*;

procedure TraceBM(/", O*,I) /I let A, L 9(B)
I+
for eachi € I do
if i.Akey € Ty(B) (O*) then I*«I* {’L},
return I*;

procedure TraceTM({, O*) // let A L 9(B)
return 7,z (0*);

Figure 5.12: Tracing procedures using schema mappings

According to Theorem 5.3.8, we can use the tracing procedures shown in Figure 5.12
for transformations with the schema mapping properties specified in Definition 5.3.6. For
example, proceduréraceFM( 7, 0O*, I) performs lineage tracing for a forward key-map
T, which by Theorem 5.3.7 also could be traced using procethaeeKP of Figure 5.11.

Both algorithms scan each input item once, howéwaceKP applies transformatioff”

to each item, whil@raceFM applies functionf to some attributes of each item. Certainly

f is very unlikely to be more expensive th@nsinceT effectively computeg and may do

other work as wellf may in fact be quite a bit cheapd@raceBM( 7, O*, I) uses a similar
approach for a backward key-map, and is usually more efficientfreceDS( 7, O*, )

of Figure 5.8 for the same reason3raceTM( 7,0*) performs lineage tracing for a
backward total-map, which is very efficient since it does not need to scan the input data set
and makes no transformation calls.

Example 5.3.9 Considering some examples from Section 5.1:

e 7 is a backward key-map with schema mappsider-id L order-id. We can
trace the lineage of an output data itemusing TraceBM, which simply retrieves
items inOrder that have the samerder-id aso.
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e 7, is a forward key-map with schema mappipugpd-name U\ prod-name. We can
trace the lineage of an output data itenasing TraceFM , which simply retrieves
the input items that have the safed-name aso.

e 7T;is abackward total-map wit{prod-name, q1, 92, 93, 94) YAl (prod-name, q1, g2, q3, q4).
We can trace the lineage of an output data iteasing TraceTM , which directly
constructso.prod-name, 0.q1, 0.92, 0.93, 0.q4) aso’s lineage. a

In Section 5.3.6 we will discuss how indexes can be used to further speed up procedures
TraceFM andTraceBM.

5.3.3 Provided Tracing Procedure or Transformation Inverse

If we are very lucky, a lineageacing procedurenay be provided along with the specifica-
tion of a transformatiory. The tracing procedur€P may require access to the input data
set, i.e.,TP(O*, I) returnsO*’s lineage according tg", or the tracing procedure may not
require access to the input, i.@RP(O*) returnsO*’s lineage. A related but not identical
situation is when we are provided with theversefor a transformatiory”. Sometimes, but
not always, the inverse gf can be used &§’s tracing procedure.

Definition 5.3.10 (Inverse Transformation) A transformatior7 is invertibleif there ex-
ists a transformatioff ! such thatvl, 7-*(7(I)) = I, andvO, T(T*(0)) = 0. T*
is called7’s inverse O

Theorem 5.3.111f a transformatiori7” is an aggregator with inversg—, then for all in-
stances/ (I) = O and allo € O, the lineage ob according to7 is 7 ({o}). O

Proof: Consider an aggregatdr with inverse7 . We want to prove that given any
instance7 (I) = O ando € O, o's lineage isT ~*({o}). SinceT is an aggregator, ac-
cording to the definition of aggregator in Section 5.3.1,fa) = O = {o1,...,0,}
there exists a unique partitiaR, . .., I,, of I such that7 (1) = {0} for £ = 1..n, and
I, is o4's lineage. According to Definition 5.3.10!(7(I)) = I. Thereforeyo, € O,
T *{ox}) =T HT(I})) = I, which iso,’s lineage. O
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Note that in fact a full invers§ ! is not needed for Theorem 5.3.11 to hold, but only a
weak inverse A weak inverse guarante&d, 7'(7(I)) = I, but not necessarilyO,
T(T71(0)) =0.

According to Theorem 5.3.11, we can use a transformation’s inverse for lineage tracing
if the invertible transformation is an aggregator, as we will illustrate in Example 5.3.12(1).
However, if the invertible transformation is a dispatcher or black-box, we cannot always
use its inverse for lineage tracing, as we will illustrate in Example 5.3.12(2).

Example 5.3.12 (Lineage Tracing Using Inverses)

1. Consider a transformatich that performs list merging, essentially the opposite of
transformation7; in Section 5.1. 7 takes a two-attribute input set and produces
a two-attribute output set. It groups the input set according to the first attribute.
For each group, it produces one output item containing the grouping value along
with a list of the second attribute values from the input. For instance, given in-
put data setl = {(1,a),(1,c),(2,b),(2,9) (2,h)}, the output isO = T(I) =
{(1, “a, ), (2, “b,g,h”)}. T has an invers@& ~! which splits the second attribute of
its input data items to produce multiple output items, i7e-; (O) = I.

T is an aggregator, so according to Theorem 5.3.11 we can perform lineage tracing
for 7 by applying its inverse¢l ~! to the traced data item(s). For example, given
outputitemo = (2, “b, g, h”) € O, o's lineage isT ~*({o}) = {(2,0), (2,9), (2, h)}.

2. Now consider transformatigfy from Section 5.1, which is a dispatcher and has an
inverse7, ! that assembles lists in a similar manner to transformafias described
in (1). If we apply inverse transformatiofy ! to output item(0101, AAA, 2/1/1999,
222,10) then we obtaif{ (0101, AAA, 2/1/1999, “222(10)”)}, instead of the correct
lineage{ (0101, AAA,2/1/1999, “333(10),222(10)”)}. 0

Although we can guarantee very little about the accuracy or efficiency of provided
tracing procedures or transformation inverses in the general case, it is our experience that,
when provided, they are usually the most effective way to perform lineage tracing. We will
make this assumption in the remainder of the chapter.
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| Property | Tracing Procedure # of Transformation Call§ # of Input Accesses
dispatcher TraceDS | ||
filter return o 0 0
aggregator TraceAG o2 o2
context-free aggregator TraceCF o(1)?) o(1?%)
key-preserving aggregator TraceKP | 1] | 1]

| black-box | return I | 0 | 0 |
forward key-map TraceFM 0 I
backward key-map TraceBM 0 I
backward total-map TraceTM 0 0
tracing procedure requiring input TP ? ?
tracing procedure not requiring inpuit TP ? 0

Table 5.1: Summary of transformation properties

5.3.4 Transformation Property Summary and Hierarchy

Table 5.1 summarizes the transformation properties covered in the previous three sections.
The table specifies which tracing procedure is applicable for each property, along with the
number of transformation calls and number of input data item accesses for each procedure.
We omit transformation inverses from the table, since when applicable they are equivalent
to a provided tracing procedure not requiring input.

As discussed earlier, a transformation may satisfy more than one property. Some prop-
erties are better than others: tracing procedures may be more efficient, they may return
a more accurate lineage result, or they may not require access to input data. Figure 5.13
specifies a hierarchy for determining which property is best to use for a specific transforma-
tion. In the hierarchy, a solid arrow from propeftyto p, means thap, is more restrictive
thanp,, i.e., all transformations that satisfy propegtyalso satisfy property;. Further,
according to Table 5.1, whenevgris more restrictive thap,, the tracing procedure fox,
is no less efficient (and usually more efficient) by any measure: number of transformation
calls, number of input accesses, and whether the input data is required at all. (Black-box
transformations, which are the only type with less accurate lineage results, are placed in a
separate branch of the hierarchy.) A dashed arrow from propettyp, in the hierarchy
means that even though is not strictly more restrictive thapy,, p, does yield a tracing



5.3. LINEAGE TRACING USING TRANSFORMATION PROPERTIES 161
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Figure 5.13: Transformation property hierarchy

procedure that again is no less efficient (and usually more efficient) by any méasure.

Let us make the reasonable assumption that a provided tracing procedure requiring
input is more efficient thaifraceBM, and that a tracing procedure not requiring input is
more efficient thadraceTM . Then we can derive a total order of the properties as shown
by the numbers in Figure 5.13: the lower the number, the better the property is for lineage
tracing. Given a set of properties for a transformatigrwe always use the best one, i.e.,
the one with the lowest number, to trace data lineag&tofable 5.2 lists the best property
for example transformatiorig—7; from Section 5.1 andz—7, from Section 5.2.2, along
with other properties satisfied by these transformations. Note that we list only the most
restrictive property on each branch of the hierarchy.

5.3.5 Nondeterministic Transformations

Recall from Section 5.2 that we have assumed all transformations to be deterministic. The
reason we sometimes require determinism is that several of our tracing procedures call

4In some cases the tracing efficiency difference represented by a solid or dashed arrow is significant, while
in other cases itis less so. This issue is discussed further in Section 5.4.
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| | BestProperty | Additional Properties
T || backward key-map
T filter

T3 see Section 5.5
Ta forward key-map
Ts || backward total-map forward key-map

Ts filter
T7 || backward key-map| forward key-map
Ts filter

To forward key-map

Table 5.2: Properties of;—7,

transformationr/, often repeatedly, as part of the lineage tracing process, specifically pro-
ceduresTraceAG, TraceCF , TraceKP , andTraceDS . Those procedures that do not

call transformatiori/—TraceBM, TraceTM, TraceFM, tracing procedures for filters

and black-boxes, and user-provided tracing procedures—do not require determinism. Note
that a transformation that selects a random sample of the input is a filter, and a transforma-
tion that attaches timestamps to tuples is a backward total-map, so neither of these common
nondeterministic transformations poses a problem in our approach.

5.3.6 Improving Tracing Performance Using Indexes

Several of the lineage tracing algorithms presented in Sections 5.3.1-5.3.3 can be sped up
if we can build indexes on the input data set. We consider two types of indexes:

e Conventional indexgsvhich allow us to quickly locate data items matching a given
value. We can use a conventional index on a key ffido speed up procedure
TraceBM, as well as the schema mapping “narrowing down” technique in Sec-
tion 5.3.2.

e Functional indexege.g., [Ora]), which are constructed for a given functiérand
allow us to quickly locate data itemissuch thatF'(i) = V for a valueV. We can
use a functional index witlf" = f, where f is the schema mapping function, to
speed up procedurgraceFM (and again the schema mapping “narrowing down”
in Section 5.3.2). We can also use a functional index with= 7 to speed up
procedure§raceDS andTraceKP .
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Of course we could also build a compldieeage indexwhich maps the key of an
output data itena to the set of input items that comprise lineage. This approach is sim-
ilar to usingannotationdo record instance-level lineage, which can be very expensive and
tends to be worthwhile only for lineage-intensive warehouses. We will discuss annotation-
based lineage tracing further in Section 6.1.1. Some intermediate kinds of indexes—Iless
expensive than lineage indexes but more specialized than the two index types discussed
above—may also be beneficial for some of our tracing procedures, but are not explored
further in this thesis.

5.4 Lineage Tracing through a Transformation Sequence

Now that we have specified how to perform lineage tracing for a single transformation with
one input set and one output set, we will consider lineage tracing for sequences of such
transformations. Multiple input and output sets are discussed in Section 5.5, and arbitrary
acyclic transformation graphs are covered in Section 5.6.

5.4.1 Data Lineage for a Transformation Sequence

Consider a simple sequence of two transformations, sug¢hegs in Figure 5.14 composed
from Figures 5.7(a) and 5.7(b). For an input datalsdet I, = 71(I) andO = T5(I3).
Given an output data iteme O, if I; C I, is the lineage 0b according td/,, andl* C I
is the lineage of’; according to7;, then/* is the lineage ob according to7; o 75. For
example, in Figure 5.14 6 € O is item 3, thenl; is items{4,5,6} in I, and* is items
{1,3}in I. This lineage definition generalizes to arbitrarily long transformation sequences
using the associativity of composition.

Consider a transformation sequerngeo - - - o 7,, as illustrated in Figure 5.15, where
eachl; is the intermediate result output froff}_; and input to7,. A correct but brute-
force approach is to store all intermediate resiyts. ., I,, (in addition to initial inputl)
at loading time, then trace lineage backward through one transformation at a time. This
approach is inefficient both due to the large number of tracing procedure calls when iter-
ating through all transformations in the sequence, and due to the high storage cost for all



164 CHAPTER 5. DATA LINEAGE FOR GENERAL DATA TRANSFORMATIONS

Figure 5.14:7; o 7,

@ -l (T~ o= ==
| (T =ty T2y~ 1y === 1y (Ta) = O . 1 =Ticd—= Iy o1
“'*'k—1|k+1*“'

Figure 5.15: Transformation sequence o _
Figure 5.16: Combining transformations

intermediate results. The longer the sequence, the less efficient the overall tracing process.
For realistic transformation sequences (in practice sometimes as many as 60 transforma-
tions) the cost can be prohibitive. Furthermore, if any transformgfiomthe sequence is
a black-box, we will end up tracing the lineage of the entire input tegardless of what
transformations folloviy” in the sequence. Fortunately, it is often possible to mitigate these
problems bycombiningadjacent transformations in a sequence for the purpose of lineage
tracing. Also since we do not always need input sets for lineage tracing as discussed in
Sections 5.3.1-5.3.3, some intermediate results can be discarded.

We will use the following overall strategy.

e When a transformation sequene= 7; o - - - o 7, is defined, we firshormalizethe
sequence, to be specified in Section 5.4.2, by combining transformatiSrghen it
is beneficial to do so. We then determine which intermediate results need to be saved
for lineage tracing, based on the best properties for the remaining transformations.

¢ When data is loaded through the transformation sequence, the necessary intermediate
results are saved.

¢ We can then trace the lineage of any output data ii@mthe warehouse through the
normalized transformation sequence using the iterative tracing procedure described
at the beginning of this section.
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5.4.2 Transformation Sequence Normalization

As discussed in Section 5.4.1, we want to combine transformations in a sequence for the
purpose of lineage tracing when it is beneficial to do so. Specifically, wecoarbine
transformationg/,_; and7; as shown in Figure 5.16(a) by replacing the two transforma-
tions with the single transformatiol = 7;_, o 7 as shown in Figure 5.16(b), eliminating

the intermediate resuly, and tracing through the combined transformation in one step.

To decide whether combining a pair of transformations is beneficial, and to use com-
bined transformations for lineage tracing, as a first step we need to determine the properties
of a combined transformation based on the properties of its component transformations.
Let us associate with each transformatirall known schema information (input schema
Tr-A, input keyTy,. Ay, Output schemd;,.B, output key7;,. By, ), all known schema map-
pings (forward mapping%;.fmappingsand backward mappindgg..bmapping}y whether
T i1s complete T,.completg, and a sef/,.propertiesof all known properties,, satisfies
from the hierarchy in Figure 5.13. Proced@embine( 77,7;) in Figure 5.17 sets these
features for combined transformati§n = 7; o 7, based on the features fgf and 7.

Note from the algorithm that we need all of these features in order to properly determine
T .propertiesfrom 7; and7,. However, only theropertiessets will be important in our
final decision of whether to combine transformations.

Theoretically we can combine any adjacent transformations in a sequence. In fact we
can collapse the entire sequence into one large transformation. However, combined trans-
formations may have less desirable properties than their component transformations, lead-
ing to less efficient or less accurate lineage tracing. Thus, we want to combine transfor-
mations only if it is beneficial to do so. Given a transformation sequence, determining the
best way to combine transformations in the sequence is a difficult combinatorial problem—
solving it accurately, or even just determining accurately when it is beneficial to combine
two transformations, would require a detailed cost model that takes into account transfor-
mation properties, the cost of applying a transformation, the cost of storing intermediate
results, and an estimated workload (including, e.g., data size and tracing frequency). De-
veloping such a cost model is beyond the scope of this thesis.
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procedure Combine(, 73)
T < TioTs;
T.A <+ Ti.A; T'Akey — 7-1'Akey;
T.B < T2.B; T .Bjey < T2.Biey;
T fmappings— @; 7 .bmappings— @; T .properties«+ &;
T.complete«— 7;.completeand 73.complete
for each property in {aggregator dispatcher filter, tracing-proc w/o inpu} do
if p € T1.propertiesand p € T,.propertiestnen addp to 7 .properties
for eachf;(A4)— A’ in T;.fmappingsdo
if 3 fo(A")— B in Ta.fmappingshen add f; o fo(A)— B to T.fmappings
for eachA«g;(A’) in 7;.bmappingdo
if 3 A’+—go(B) in T2.bmappingghen add A« g5 o g1 (B) to T.bmappings
if 3 f(A)—=T .Biey in T .fmappingsand 7 .completethen addfkmapto 7 .properties
if 37 . Apey<—g(B) in T.bmappingghen addbkmapto 7 .properties
if 37.A«g(B) in T .bmappingghen addbtmapto 7 .properties
return 7

Figure 5.17: Combining Transformation Pairs

Instead, we suggest a greedy algorithimrmalize  shown in Figure 5.18. The al-
gorithm repeatedly finds beneficial combinations of transformation pairs in the sequence,
combines the “best” pair, and continues until no more beneficial combinations are found.
In general, a combination should be considered beneficial only if it reduces the overall
tracing cost while improving or retaining tracing accuracy. We determine whether it is ben-
eficial to combine two transformations based solely on their properties using the following
two heuristics. First, we do not combine transformations into black-boxes, unless we are
certain that the combination will not degrade the accuracy of the lineage result, which can
only be determined as a last step of thermalize procedure. Second, we do not com-
bine transformations if their composition is significantly worse for lineage tracing, i.e., it
has much higher tracing cost or leads to a less accurate result. We divide the properties
in Figure 5.13 into five groups: group 1 contains properties 1-3, group 2 contains proper-
ties 4—-8, group 3 contains property 9, group 4 contains property 10, and group 5 contains
property 11. Within each group, the efficiency and accuracy of the tracing procedures are
fairly similar, while they differ significantly across groups. The group of a transformation
T, denotedyroup(T), is the group tha¥’s best property belongs to. The lower the group
number, the bettey is for lineage tracing, and we consider it beneficial to combine two
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procedure Normalize€ = Ty 0---07T,)
while (k + BestComba§)) # 0
replaceT; andTy.1 in S with 7 <— Combine(x, Tx+1);
if S contains black-box transformatiottsen
j + lowest index of a black-box i&§;
replace transformatiorig;, ..., 7, inSwith 7 < T;o0---0 Ty,

procedure BestCombaf = 71 0---07T,)
k < 0; NJ[1..5] < [0,0,0,0,0];
for j = 1..ndo g < group(T;); Nlg] + Nlg] + 1; /initialize vector
forj=1.n—1do
curN < N,
T < Combine(;, 7;+1);
g < group(T);
if g < 5then// T is not a black-box
g1 < group(T;); g2 < group(Tji1);
curN[g| < curN|[g] +1; curN][gi] - curN[g1] — 1, curN|[gs] < curNJ[gs] — 1,
if curN < N thenk < j; N < curN; [l see text for defn. ofur N < N
return k;

Figure 5.18: Normalizing a transformation sequence

transformationg; and7; only if group(7; o T3) < maz(group(T:), group(Ts)).>

Based on the above approach, proced@gstCombo in Figure 5.18, called biNor-
malize , finds the best pair of adjacent transformations to combine in sequ&need
returns its index. The procedure retuthg no combination is beneficial. We consider a
beneficial combination to be the best if the combination leaves the fewest “bad” transfor-
mations in the sequence, compared with other candidates. Formally, we associate with
a vectorN[1..5], whereN[j] is the number of transformations & that belong to group

j. (So >  N[j] equals the length a$.) Given two sequence$, andsS, with vectorsiNV;
j=1.5
and N, respectively, lek be the highest index in which; [£] differs from N, [k]. We say

Ny < Ny if Ni[k] < Nylk], which implies thatS; has fewer “bad” transformations than
S,. Then we say that the best combination is the one that leads to the lowest Vefcior

SNote that the presence of non-key-map schema mappings (Section 5.3.2) or indexes (Section 5.3.6) for a
transformatiory” does not improvd s tracing efficiency to the point of moving it to a different group. Thus,
we do not take these factors into account in our decision process.
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fkmap btmap filter bkmap fkmap bkmap
Figure 5.19: Before normalization Figure 5.20: After normalization

the resulting sequence.

After we finish combining transformations as described above, suppose the sequence
still contains one or more black-box transformations. During lineage tracing, we will end
up tracing the lineage of the entire input to the earliest (left-most) blackfbox S, re-
gardless of what transformations follofv. Therefore, as a final step we combinewith
all transformations that folloWw™ to eliminate unnecessary tracing and storage costs.

Our Normalize procedure has complexit(n?) for a transformation sequence of
lengthn. Although we use a greedy algorithm and heuristics for estimating the benefit
of combining transformations, our approach is quite effective in improving tracing perfor-
mance for sequences, as we will see in Section 5.7.

Example 5.4.1 Consider the sequence of transformatidhs= 7, o 75 o Tg o 77 from
Section 5.1. Figure 5.19 shows the sequence and the best property of each transformation.
The initial vector ofS is N = [2,2,0, 0, 0]. Using our greedy normalization algorithm, we
first consider combiningy o 75 into 7, with best propertykmap combining7; o 7g into

7 with best propertyptmap or combining7s o 77 into 7 with best propertyokmap It
turns out that all these combinations red&gvectorN to [1, 2,0, 0, 0]. So let us combine

T, o T obtainingT/, Ts, and77. In the new sequence, combinifigo 75 results in a black-
box, which is disallowed, while combinirif o 7; results in a transformatiofy, with best
propertybkmap which reducesv to [0, 2, 0, 0, 0]. Therefore, we choose to combifigo 77
obtaining7, and7;. Combining these two transformations would result in a black-box, so
we stop at this point. The final normalized sequence is shown in Figure 5.20. O

5.5 Transformations with Multiple Input and Output Sets

So far we have addressed the lineage tracing problem for transformations with a single input
set and single output set (Section 5.3), and for linear sequences of such transformations
(Section 5.4). In this section, we extend our approach to handle individual transformations
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with multiple input and/or multiple output sets. In Section 5.6, we put everything together
to tackle the lineage tracing problem for arbitrary acyclic transformation graphs.

5.5.1 Multiple-Input Single-Output Transformations

We first consider transformations with multiple input sets but only one output set, which
we callMultiple-Input Single-OutpuiMISO) transformations. What is most relevant about

a transformatiory~ with multiple input sets is how exactly  combines its input sets to
produce its output. After studying MISO transformations in practice we determined that
although it is possible to define a large number of narrow MISO transformation classes, it
makes more sense to define just two broad classasiusiveandinclusiveMISO trans-
formations. These classes still enable efficient and accurate lineage tracing in almost all
cases. Furthermore, as will be seen, this approach to MISO transformations exploits our
entire framework for single-input transformations, simply adding to it the mechanics for
handling transformations that operate on multiple inputs.

Exclusive MISO Transformations

Consider a MISO transformatigh with m input setsly, ..., I,, and one output seb.
Informally, 7 is anexclusivetransformation if it effectively transforms each input set in-
dependently and produces as output the union of the results. More forimglly, ., 1.,
T(,....I,)= U T(2,...,1;...,9). Note that since we are considering set union,

j=1l.m

it is still possible for an output item € O to be produced by more than one input set.

By the above definition of an exclusive MISO transformation, we can “sflithto
j independent transformations, one for each input. Specifically; fer1..m we define
a single-inputsplit transformation7 [j](/) = 7(2,...,9;-1,1,@,41,...,9). Now let
Olj] = Tj]({;) for j = 1..m; that is,O[;] is the portion of the output produced from the
jthiinput. We define the lineage of an output itere O according to7 to be the lineage
of o according to all split transformatiors[j] whereo € O[j].

Based on these definitions, let us now consider how we enable and perform lineage trac-
ing. Since an exclusive MISO transformation effectively transforms each input indepen-
dently, we assume that the transformation author can understand and specify the properties
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of each split transformatioff [;], just as he would do for a single-input transformation.
Any of the properties from our hierarchy in Figure 5.13 can be specified. Thus, to trace the
lineage of an output item € O, we first determine ali’s such thab € O[j] (we may want
to compute and store th@[;]'s at load time for this purpose). Then we tracéhrough
each relevant [;] to input; based orV [j]'s specified properties, using the algorithms of
Section 5.3.

The most obvious example of an exclusive MISO transformation is set union, for which
each split transformation is a filter.

Inclusive MISO Transformations

The other class of MISO transformations—all MISO transformations that are not exclusive—
is theinclusive MISO transformations. Informally, MISO transformations are inclusive
when all of their input sets need to be combined together in some fashion to produce the
output set. (A MISO transformation could treat some inputs exclusively and others inclu-
sively, but such transformations are rare in practice and we treat them as purely inclusive.)

For inclusive transformations we also define the notiospiit transformationgo en-
able the definition of lineage and the tracing process. However, the definition of split
transformation differs from that for exclusive MISO transformations, in that it must be
based on each transformation instance. For an inclusive MISO transformation instance
T(I1,...,IL,) = O, the splittransformatioff [;] is defined ag [j](I) = T (1, ..., I;—1, 1,
I;,...,1,). Thatis,T|j] takes as a parameter thith input set and treats the other input
sets as constants. Note tha](Z;) = O for all j = 1..m, so we do not need the concept of
O[j]. Otherwise, we proceed in the same way as for the exclusive case: The transformation
author specifies properties for each split transformation. To trace the lineage of an output
itemo € O, we trace its lineage through each split transformafidyj.

It is easy to see intuitively why standard relational operators such as join, intersection,
and difference are inclusive: they need all of their inputs in order to produce their output.
As a concrete example, consider transformafignn Section 5.1, which joins the order
information in input/; and the product information in input. 73’s split transformation
T3[1](1;) effectively takes each ordeére I3, finds (in I,) the corresponding product in-
formation, and attaches it toto produce an output item73[1] has a backward schema
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mappingorder-id T order-id to the input key, so itis a backward key-map. Similarly,
73[2] is a backward key-map. Thus, to trace an output iteimrough7;, we find the cor-
responding order tuple in input through7s([1] using TraceBM, and the corresponding
product tuple in inpuf, through7;[2] also usinglraceBM.

5.5.2 Multiple-Input Multiple-Output Transformations

Consider a multiple-input multiple-output transformatibthat takesn input setd, . . ., I,,,

and produces output sets)y, ..., O,. To trace the lineage of an output itene Oy, we
consider aestriction 7* of 7 on outputO,, such that7*(I,,...,I,,) = O. Thatis, T*

acts like7 but produces only),, ignoring the other output sets. We define the lineage of
according to7” aso’s lineage according t@*. SinceT* is a MISO transformation, we pro-

ceed as in Section 5.5.1. Note that the transformation author must understand the restricted
transformationg™*, but they are usually very straightforward and frequently symmetric.

5.6 Lineage Tracing Through Transformation Graphs

Finally we consider the most general case: lineage tracing for arbitrary acyclic graphs of
transformations. Consider a transformation grgpwith m initial inputs 4, ..., I,, and

n outputsOs, ..., O,. Each transformation ig can have any number of inputs and out-
puts, and we know from Section 5.5.2 how to trace through any such transformation. Thus,
to trace the lineage of an output itesne Oy, we can trace through the entire graph
backwards, similar to our approach for sequences but possibly needing to follow multiple
backward paths through the graph. To enable tracing in this fashion, at loading time we
may need to store all intermediate results for each edge of the graph, add indexes as appro-
priate, and store split transformation outputs for exclusive multiple-input transformations
as described in Section 5.5.1.

It is not immediately obvious how to fully generalize our idea of improving lineage
tracing performance by combining transformations (Section 5.4) to the graph case, and
doing so in depth is beyond the scope of this thesis. However, because our approach to lin-
eage tracing for multiple-input transformations is based on the notion of single-input split
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transformations (Sections 5.5.1 and 5.5.1), often we can improve overall performance of
lineage tracing through a transformation graph by applying techniques developed earlier in
this chapter—we normalize and trace lineage through each path in the graph independently:

1. Wheng is defined, we createteacing sequencsé for each path iry from an initial
input set to a final output set. If a transformatidnon the path has multiple inputs
and/or multiple outputs, then in sequerieve replacey” with its restricted (Section
5.5.2) and split (Section 5.5.1) transformatiph|j], where the previous transforma-
tion in S providesT’s jth input inG, and the next transformation étakes7’s kth
output inG. Given our overall approach, the transformation author will already have
specified properties for alf*[;j]'s. We then normalize each sequeitas described
in Section 5.4.2. When finished, we hayaormalized tracing sequencss, . . ., S,
for g paths ing.

2. When the warehouse data is loaded, intermediate results required for tracing through
each normalized tracing sequersgg. . ., S, are saved (sharing is sometimes possi-
ble), and indexes are built as desired.

3. When tracing the lineage of output iteine O, we simply traceo through each
normalized tracing sequenéethat ends irOy, and combine the results.

Example 5.6.1 (Lineage Tracing forSalesJump) Recall the warehouse talelesJump

from Section 5.1, created by transformation grgpim Figure 5.3. Frong, we create two
tracing sequences as shown in Figure 5.21(a), wHefg and 73[2] are split transfor-
mations of7;. The figure also shows the best property for each transformation in the se-
guences. We then use our greedy algoritthonmalize to combine transformations in the

two tracing sequences as described in Section 5.4.2. We obtain the two normalized tracing
sequences shown in Figure 5.21(b). At loading time, to enable lineage tracing through our
two normalized tracing sequences, we only need to save the initial inputs and the intermedi-
ate results from transformatioffg and7; in the original graplg;. At tracing time, consider

as an example output data item= (Sony VAIO, 11250, 39600) in SalesJump, which was

also used as a motivating example in Section 5.1. We first tratieeage in0rder through
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bkmap bkmap fkmap btmap filter bkmap
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bkmap fkmap bkmap
g OO T GG el esdum
Pr oduct 4H Sal esJunp

Figure 5.21: Tracing sequences (unnormalized and normalizefl3 fes Jump

(@

| order-id|  date | prod-id | quantity | prod-name]| price | valid |
0101 2/1/1999 222 10 Sony VAIO | 2250 | 12/1/1998-9/30/1999
0379 4/9/1999 222 5 Sony VAIO | 2250 | 12/1/1998-9/30/1999
1028 | 11/24/1999| 222 10 Sony VAIO | 1980 10/1/1999-
1250 | 12/15/1999| 222 10 Sony VAIO | 1980 10/1/1999-

Figure 5.22:I}

the upper normalized tracing sequence in Figure 5.21(b). We ¢rfu®ugh transforma-
tion 7 using TraceBM to obtain; = {(Sony VAIO, 22500, 11250, 0, 11250,39600)}.

We then tracd; through7, usingTraceFM to obtain/; as shown in Figure 5.22. Finally,
we tracel; through7; usingTraceBM to obtain theOrder tuples shown in Figure 5.5.
We also tracev’s lineage inProduct through the lower normalized tracing sequence in
Figure 5.21(b). The final result is tlPeoduct tuples shown in Figure 5.5. O

5.7 Performance Experiments

We have implemented all of the algorithms described in this chapter in a prototype data
lineage tracing system for general warehouse transformations. For convenience we decided
to use a standard commercial relational DBMS for storing all data (input sets, output sets,
and intermediate results), and we implemented our lineage tracing procedures as well as
our test suite of data transformations as parameterized stored procedures.

In this section we provide some performance results. Specifically, we consider the
following three questions for a few representative cases:
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1. Roughly how fast are the lineage tracing procedures?
2. How much speedup can we obtain using indexes?

3. How much faster can we trace through transformation sequences when we combine
transformations as in Section 5.47?

The data we used for our experiments is based on the TPC-D benchmark [TPC96]. Specifi-
cally, our input tables areineItem, Order, andPartSupp from the benchmark. Contents

of the tables were generated by the standidngken program supplied with the benchmark.
Note that a TPC-D scale factor b0 means that the entire warehouse is all@B in size.

5.7.1 Tracing Performance

In the first experiment, we consider a simple relational transformgfiavhich could be
defined in SQL as follows:

SELECT PartKey, SuppKey, AvailQty*SupplyCost FROM PartSupp;

This transformation is a dispatcher, and also is a backward key-map with a schema map-
ping from the output key attributeéBrtKey and SuppKey to the same input attributes,

SO we can trace its data lineage using eithielxceDS or TraceBM. We vary the input

table scale factor from 0.08 to 1, and we measure lineage tracing time for a single tuple
usingTraceDS andTraceBM with and without the indexes described in Section 5.3.6.
From the results shown in Figure 5.23, we see that when indexes are not used procedure
TraceBM is significantly faster thaifraceDS . (Note the log scale on thgaxis.) With
indexes both tracing procedures are very fast.

5.7.2 Combining Versus Not Combining

Our second experiment studies the benefit of combining transformations using the tech-
niques introduced in Section 5.4. We consider the transformation giapfrigure 5.25,

which is based on query Q12 from the TPC-D benchmark. The graph takes as input tables
LineItem andOrder, and produces as output the number of high and low priority orders
on a selected set of line items for each shipment mode. (Recalkttegiresents grouping
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Figure 5.23: Tracing one transformation Figure 5.24: Combining vs. not combining
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Figure 5.25: Transformation graph for Q12 in TPC-D

and aggregation.) Given this transformation graph, in one experiment we trace lineage one
transformation at a time (for two paths), based on the individual transformation properties
marked in Figure 5.25. In the other experiment, we first normalize the two sequences,
which results in the combined transformatiois 7., and7; shown by the dashed regions

in Figure 5.25. We then trace lineage through the combined transformations on both paths.
We vary the input scale factor from 0.01 to 1 and obtain the results shown in Figure 5.24.
We see that as the input size grows, combining transformations provides a significant re-
duction in tracing time.

5.8 Related Work

There has been a significant body of work on data transformations in general, including as-
pects such as transforming data formats, models, and schemas, e.gf $Q8CBDH" 95,



176 CHAPTER 5. DATA LINEAGE FOR GENERAL DATA TRANSFORMATIONS

CR99, HMN99, LSS96, RH01, Shu87, Squ95]. Often the focus is on data integration
or warehousing, but none of these papers considers lineage tracing through transforma-
tions, or even addresses the related problem of transformation inverses. A recent paper
on interactive data transformation and data cleaning [@A$discusses how to use data
lineage to develop effective data cleaning tools that allow navigation back and forth in a
transformation graph.

As discussed briefly in Section 1.5, there has also been work on tracing schema-level
lineage for data transformations providing information such as which transformations were
involved in producing a given warehouse data item [BB99, LBM98], or which source at-
tributes derive certain warehouse attributes [YMHRO1, HQGW93, MBRO01, RS98]. As
seen earlier in this chapter, we can sometimes use such informations@gma map-
pingg in support of our instance-level lineage tracing techniques.

Also as discussed briefly in Section 1.5, [WS97] proposed a general framework for
computing fine-grained data lineage in a transformational setting. The paper defines and
traces data lineage for each transformation basedveeak inversgwhich must be speci-
fied by the transformation definer. Lineage tracing through a transformation graph proceeds
by tracing through each path one transformation at a time. In our approach, the definition
and tracing of data lineage is based on general transformation properties, and we specify
an algorithm for combining transformations in a sequence or graph for improved tracing
performance.

Finally, [LGMWOO] considers an ETL setting like ours, and defines the concept of a
contributor in order to enable efficient resumption of interrupted warehouse loads. Al-
though similar in overall spirit, the definition of a contributor in [LGMWOQ] is different
from our definition of data lineage, and does not capture all aspects of data lineage we
consider in this chapter. In addition, we consider a more general class of transformations
than those considered in [LGMWOO].

5.9 Chapter Summary

We presented a complete set of techniques for lineage tracing when the warehouse data
is loaded through a graph of general transformations. Our approach relies on a variety of
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transformation propertiethat hold frequently in practice, and that can be specified easily
by transformation authors. We also introduced some optimization techniques, including
building indexes and combining transformations for the purpose of lineage tracing. All
algorithms presented in this chapter have been implemented in a prototype lineage tracing
system and performance results are reported.

The results in this chapter can be used to develop principles for creating transformations
and transformation graphs that are amenable to lineage tracing. As a first step, transforma-
tion authors can be sure to specify the most restrictive properties that a transformation sat-
isfies based on our property hierarchy (Figure 5.13), to ensure that the most efficient tracing
procedure is selected. Second, a transformation might be modified slightly to improve its
properties, for example retaining key values so that a dispatcher becomes a backward key-
map. Third, in many cases complex black-box transformations can be avoided by splitting
the transformation into simpler transformations with better properties for more refined or
efficient lineage tracing. In general, for the purposes of lineage tracing it is better to spec-
ify smaller atomic transformations rather than larger ones, since the lineage tracing system
will combine transformations automatically anyway when it is beneficial to do so.



Chapter 6
Conclusions and Future Work

This thesis addressed the general problem of lineage tracing in a data warehousing environ-
ment. We considered two data warehousing scenarios: warehouses defined by relational
views and warehouses constructed through graphs of general data transformations. For
each scenario, we provided a formal lineage definition, lineage tracing algorithms, and op-
timization techniques. Unlike most previous work on data lineage, which requires the ware-
housing system to annotate warehouse data items with lineage information when they are
computed, our algorithms perform lineage tracing in a lazy fashion: we use automatically-
generated tracing procedures to trace data lineage only when a lineage query is issued.
Based on our results, we have implemented a lineage tracing system prototype for rela-
tional views within the WHIPS [HGMW95] data warehousing project at Stanford, and

we have implemented our algorithms for lineage tracing in the presence of general trans-
formations. A variety of empirical results were reported in the thesis.

In Chapter 2, we formulated the data lineage problem and provided lineage tracing al-
gorithms for a very general class of relational views. Ours was the first work we know
of to provide a declarative definition of data lineage and detailed tracing algorithms. Al-
though the concept of data lineage seems straightforward in many of our examples, finding
a declarative and intuitive definition for data lineage turned out to be one of the biggest
challenges in our work.

In Chapter 3, we addressed performance and implementation issues. We began by con-
sidering select-project-join (SPJ) views. We introduced a family of schemes for storing
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auxiliary viewsat the warehouse to provide consistent and efficient lineage tracing in a
distributed warehousing environment. In general, storing auxiliary views will incur addi-
tional warehouse loading and maintenance cost. However, some auxiliary views that are
useful for lineage tracing can also support maintenance of the original view. To study the
performance tradeoffs among lineage tracing and warehouse maintenance, we ran simula-
tions on our auxiliary view schemes. The results showed that auxiliary views can improve
performance dramatically, while different auxiliary view schemes offer different advan-
tages and thus are suitable for different settings. We then considered arbitrary aggregate-
select-project-join (ASPJ) views. Here we faced a combinatorial optimization problem, and
we proposed four algorithmsxhaustivegreedy three-stepandnaive Our experiments
showed that although the greedy and three-step algorithms do not guarantee to always find
an optimal auxiliary view set, they do find a near-optimal auxiliary view set quickly in most
cases. We saw that even a naive selection of auxiliary views can again reduce overall cost
dramatically. In general, our performance experiments underscored the importance of ma-
terializing auxiliary views for the dual purposes of lineage tracing and view maintenance
in a warehousing environment. Chapter 3 also described the lineage tracing prototype we
implemented in the context of the WHIPS data warehousing system at Stanford.

In Chapter 4, we studied the relationship between data lineage and the view update
problem for deletions. We devised a fully automatic algorithm for translating deletions
against SPJ views into deletions against the underlying database using techniques based on
data lineage. Unlike most previous work on view update, our algorithm does not require
user intervention or additional semantic information. Instead, it uses only the view defi-
nition at compile time and the base data at view-update time to find a translation that is
guaranteed to be exact (side-effect free) whenever an exact translation exists.

In Chapter 5, we extended our lineage definition and provided new lineage tracing
algorithms for data warehouses created through graphs of general transformations. Our ap-
proach relied on a variety of transformation properties that hold frequently in practice, and
that can be specified easily by transformation authors. In cases where the transformations
are relational operators, the new lineage definition is the same as the lineage definition
for relational views from Chapter 2. We also presented optimization techniques such as
building indexes and combining transformations for the purpose of lineage tracing. Our
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results can guide the design of transformation-based data warehouses that enable efficient
and accurate lineage tracing.

6.1 Future Work

We propose several possible avenues of future work related to the results in this thesis.

6.1.1 Annotation-Based Lineage Tracing

Throughout the thesis we have assumed that most of the work for lineage tracing should
be done at tracing time. That is, we don’t want to expend considerable extra computation
or storage cost during the warehouse load or refresh process just for lineage tracing. An
alternative approach is tnnotateeach warehouse data item with its lineage information

at warehouse load time. Then, at tracing time we can obtain the lineage of any given
warehouse data item directly from its precomputed annotation. There are a number of
ways to compute and store lineage annotations, some proposed in previous work (e.g.,
[HQGWO93]), and others that could exploit our lineage tracing algorithms.

The lineage annotation approach improves lineage tracing performance at the expense
of warehouse load and refresh performance, and is preferred only when lineage queries are
frequent and tracing performance is crucial. The “lazy” tracing approach used throughout
this thesis and the lineage annotation approach actually delineate two extremes in terms
of how much work should be done at warehouse load time versus lineage tracing time. It
might be interesting to explore middle-ground approaches, which compute and store some
amount of annotation information to support lineage tracing, but without incurring undue
performance degradation at load time.

6.1.2 Missing Data

Data lineage as defined in this thesis explains how certain base data causes certain ware-
house data to exist. As such, lineage tracing is a useful technique for investigating the
origins of potentially erroneous warehouse data. However, in some cases a warehouse data
item may be erroneous not (only) because some existing source data items that derive it
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are erroneous, but because source data items that should appear in the lineage are missing.
For example, a source tuple may contribute to the wrong group in a relational aggregate
view because its grouping value is incorrect. It is also possible that some data items that
should appear in the warehouse are missing because of erroneous (or missing) source data.
One area of future work is to explore how both of these “missing data” problems can be
addressed in our lineage framework.

6.1.3 Generalizing View Update

In Chapter 4, we considered the view update problem for select-project-join (SPJ) views.
More general relational views (including, e.g., aggregation, set union, or difference) pose
additional challenges to the view update problem. Our work on relational data lineage does
cover a very general class of relational views. We suspect that, as we have shown with SPJ
views, our lineage work on more general views (such as views with aggregation) can be
used as the basis of new view update translation algorithms. Going one step further, we
also addressed the data lineage problem for general transformation graphs, which appears
to pose an even more challenging view update problem.

We have addressed the deletion-to-deletion view update translation problem only. Even
extending to consider base insertions or modifications when translating view deletions (the
“compensation” idea discussed in Section 4.1) is a significant step, particularly if we wish
to retain our exactness guarantee. We might also consider extending our algorithm to pro-
vide translations for view insertions or modifications, although as discussed in Section 4.1
it appears that data lineage techniques may not be applicable in these cases.

Our algorithms in Chapter 4 did not attempt to produce any kindiafmaltranslation,

e.g., one that deletes the fewest base tuples. Using cardinality as a minimality metric,
modifying our algorithm is not difficult, but keeping it efficient is a challenge. We also

did not take constraints on base data (or on base data updates) into account—again the
challenge may be one primarily of efficiency. Finally, our view update solution considers
each view in isolation. When there are multiple views, an update translation could induce
side-effects on views other than the view being updated, and it might be interesting to take
such “side-side-effects” into account.
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6.1.4 Generalizing Transformation-Based Lineage Tracing

In Chapter 5, we assumed that properties of a transformation are provided to the lineage
tracing system, either by the transformation author, or because the transformation is a
prepackaged component with known properties. A separate line of research is that of
inferring a transformation’s properties, either by examining the specification (e.g., using
program analysis techniques over the code), or by running sample data through the trans-
formation and examining the results [YMHRO1, MBRO1].

As discussed in Section 5.4.2, we used a simple cost metric and greedy algorithm for
normalizing transformation sequences. Although we already obtain good performance im-
provements (Section 5.7), clearly it would be interesting to develop a more detailed and
accurate cost model and more sophisticated algorithms for exploring the space of trans-
formation combinations. More generally, in the case of transformation graphs, we might
benefit from normalizing the graph globally, rather than normalizing each path indepen-
dently. Even more generally, in the presence of commutative transformations (which are
not common but do occur), we might consider reorganizing a transformation sequence or
graph to obtain a better normalized result.
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