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Abstract

Traditionally, data warehouses have been usedatyzmhistorical data. Recently, there has been
a growing trend to use data warehouses to suppatitime decision-making about an enterprise's
day-to-day operations. The needs for improved qaed/update performance are two challenges that
arise from this new application of a data wareholse address these needs, new data warehouse
functionality is needed including: (1) better accsearly query results while queries are runm@ind
(2) making the information stored in a data waredgoas fresh as possible.

For the first problem, we introduce a non-blockpagallel hash ripple join algorithm to support
interactive queries in a parallel DBMS. Comparedptevious work, our parallel hash ripple join
algorithm (1) combines parallelism with sampling dpeed convergence, and (2) maintains good
performance in the presence of memory overflow. d&monstrate the performance of our approach
with a prototype implementation in a parallel DBMS.

For the second problem, we propose two technigaesnprove the efficiency of immediate
materialized view maintenance. We identify two tdrades for immediate materialized view

maintenance;:

(1) In parallel RDBMSs, simple single-node updatesdeebrelations can give rise to expensive all
node operations for materialized view maintenance.

(2) Immediate materialized view maintenance with tratisaal consistency, if enforced by generic
concurrency control mechanisms, can result in lewels of concurrency and high rates of
deadlock.

To address the first challenge, we present a cdsgarof three materialized join view
maintenance methods in a parallel RDBMS, which eferrto as the naive, auxiliary relation, and

global index methods. The last two methods impegormance at the cost of using more space.



i

To address the second challenge, we extend previigls concurrency locking techniques to
apply to materialized view maintenance, and show tiis extension can be implemented even in the

presence of indices on the materialized view.
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Chapter 1:  Introduction

Traditionally, data warehouses have been usedotad® storage and analysis of large amounts of
historical data. In a typical data warehouse, wgslaccur in batches at regular time intervals (e.g.
every night). At all other times, the data warelmissregarded as a “read-only” database, wheres user
can pose long-running decision support queries.

Recently, there has been a growing trend to usata wlarehouse operationally, that is, to make
real-time decisions about a corporation’s day-tp-dperations. Most major RDBMS vendors have
products and initiatives intended to address ojmerait data warehousing, including Oracle’s Oracle9i
[Ora], NCR’s active data warehouse [Win00], IBM’asiness intelligence system [BI], Microsoft’s
digital nervous system [Grz], and Compaq’s zereHay enterprise [ZLE].

This new application of data warehouses raisesnabeu of technical issues that are either not
present, or are present to a lesser degree, impsedata warehouse applications. In this dissertat
we investigate two such issues: (1) providing bettecess to early query results while queries are
running and (2) improving update performance. Mspecifically, for the second issue, we investigate
techniques for making the information stored iragadvarehouse as fresh as possible. Of course, thes
two issues are not the only ones that arise froeratjpnal data warehousing. However, we believe
that they are key issues that need to be resoleémtéban ideal operational data warehouse can be
built.

The first part of this dissertation deals with pdivg better access to early query results while
gueries are running. As observed in [HHW97], faxomplex decision support query, in many cases,
the user is only interested in getting an approsénaaswer quickly. Based on the approximate answer,
the user may abort, refine, and re-execute theyqtiemce, it would be desirable to let the usenkno

the approximate answer as early as possible. In§<9H, Hellerstein et al. have proposed an online



aggregation interface that is suitable for thiggose and permits the user to observe the progressio

the submitted decision support query. Supportingnenaggregation requires non-blocking join

algorithms that can provide statistical guarantg&ddw97, HH99]. For this purpose, people have
proposed a family of join algorithms called theptaojoin algorithms [HH99], among which the hash
ripple join algorithm had the best performance.

The existing hash ripple join algorithm suffersnirthe following two problems:

(1) The speed that the approximate answers convergbecalow if the number of tuples that satisfy
the join predicate is small or if there are marmyugs in the output.

(2) If memory overflows (for example, because the adlews the algorithm to run to completion for
an exact answer), the hash ripple join algorithmederates to block ripple join and performance
suffers.

To solve these two problems, we propose a parhish ripple join algorithm that (a) combines

parallelism with sampling to speed convergence, (Bhanaintains good performance in the presence

of memory overflow. We demonstrate the performasfceur parallel hash ripple join algorithm with
both an analytical model and a prototype implentertan a parallel DBMS.

The second part of this dissertation is about ngakie information stored in a data warehouse as
fresh as possible. We focus our attention on impmthe efficiency of immediate materialized join
view maintenance in a parallel RDBMS. More spealfic we show that in a parallel RDBMS, simple
single-node updates to base relations can give tosexpensive all-node join operations for
materialized view maintenance. These all-node @perations are inefficient and can degrade the
throughput of the parallel RDBMS.

To solve this problem, we propose two materialijgid view maintenance methods that can
change expensive all-node join operations to ch&agle-node (few-node) join operations: the

auxiliary relation method and the global index noethOur main idea is to trade storage space for



materialized join view maintenance efficiency. Waarshnstrate the performance advantages of these
two materialized join view maintenance methods wéth analytical model. Also, we validate the
analytical model with an implementation in a comorarparallel RDBMS.

The third part of this dissertation is also abogpioving the efficiency of immediate materialized
join view maintenance. However, instead of resousage, we focus our attention on the concurrency
of immediate materialized join view maintenancens&ctions. More specifically, we show that if we
use generic concurrency control mechanisms, imrediaaterialized aggregate join view
maintenance can introduce many lock conflicts andémadlocks on the materialized aggregate join
view. These lock conflicts and/or deadlocks canificpntly degrade the throughput of the RDBMS.

To solve this problem, we propose a set of newilackrotocols for materialized aggregate join
views, and show how they can be implemented eveahermpresence of indices on the materialized
aggregate join views. Our main idea is to utilizee tassociativity and commutativity of the
materialized aggregate join view maintenance ojmrsiwhile avoiding certain anomaly. We give an
example of the potential performance advantagesiofocking protocols through a simulation study

in a commercial RDBMS.

The rest of this dissertation is organized as valoChapter 2 introduces the parallel hash ripple
join algorithm. Chapter 3 presents a comparisothi@fe materialized join view maintenance methods
in a parallel RDBMS. Chapter 4 describes the loglirmotocols for materialized aggregate join views.

Finally, Chapter 5 concludes this dissertation.



Chapter 2: A Scalable Hash Ripple Join Algorithm

2.1 Introduction

Conf. Level: % Qutput Interval: - - - Rows read: 74 Total rows: 327296

Figure 2.1 An online aggregation interface for a gery of the form: select avg(temperature)

from t group by site.

Online aggregation was proposed by Hellersteir. gH&l\W97] as a technique to enable users to
obtain approximate answers to complex queries farenquickly than the exact answer can be
computed. The basic idea is to sample tuples frioeninput relations and compute a continually-
refining running estimate of the answer, along wititconfidence interval” that indicates the premisi
of the running estimate; such confidence intertgtécally are displayed as error bars in a graghica
user interface such as shown in Figure 2.1. Theigiom of the running estimate improves as more

and more input tuples are processed. In [HH99],sHaad Hellerstein proposed a family of join



algorithms, which they termed “ripple joins,” topport online aggregation for join-aggregate queries

A typical query handled by these algorithms isftilwing:

select onlinéA.e, avg(B.f)

fromA, B

whereA.c =B.d

group byA.g;
Among the ripple join algorithms proposed by Haad Hellerstein, the hash ripple join algorithm had
the best performance. They showed that the algoridan converge very quickly to a good
approximation of the exact answer, and provideantdas for computing running estimates and

confidence intervals.

Although the hash ripple join rapidly gives a goestimate for many join-aggregate problem
instances, the convergence can be slow if the nuoftiples that satisfy the join predicate is dmal
or if there are many groups in the output. Thieds a property of the algorithm itself, but is inéet
to statistical estimation. The issue is that mamput tuples must be processed before a singleaneiev
sample is produced. For example, in our exampleygabove, suppose thdte has 500 distinct
values. Then there will be 500 averages to be agtith and each join tuple Afe will contribute to
only one out of the 500. Thus if we need 100 samfaegenerate a satisfactory estimate of one of the
averages, we will need to generate 50,000 joineyphnd the hash ripple join algorithm may not
converge quickly enough. As an even more extreraenple, consider a join that returns only a single
tuple. In this case, all of the query-processirfgrefvill be spent on finding this tuple, and thevi
be no benefit at all to sampling.

In this chapter we propose a new algorithm, thalfrash ripple join algorithm, to investigate

whether parallelism can be combined with samplmgirider to extend the range of queries that are



amenable to online processing. While there is g lwadition of using parallelism to speed up join
algorithms, it was not clear to us at the outsat tfarallelism could be used to speed up ripplesjdn
which we are estimating the answer rather than cdimgpit exactly. Through an implementation in a
parallel DBMS we show that it is indeed possiblén-our experiments we observed speedup and
scaleup properties that closely match those ofttaditional parallel hybrid hash join algorithm
[SD89].

Applying parallelism to ripple joins raises soméenesting and non-trivial statistical issues. This
is in contrast to the case for, say, traditionasthgoins, in which (at least algorithmically) a
uniprocessor hash join generalizes in a straigivdicdt way to a multiprocessor hash join. Our general
approach is to use stratified sampling technighasdre similar in spirit to [Coc77]. In our segjjrihe
strata must be defined very carefully to ensuré thlking a simple random sample from each input
relation at each “source” node (where the tuples aiginally stored) produces a simple random
sample from each stratum at each “join” node (whbeetuples are joined). It turns out, perhaps
contrary to intuition, that there must be manytstreorresponding to each join node. Moreover, in
contrast to classical stratified sampling as indZ4, samples from different strata are not in gane

independent, so that the classical confidencesatéormulas must be modified.

Another issue is that the parallel hash ripple joimoduces a new source of statistical error.
Briefly, at any point during the execution of tHgaithm, the global running estimate depends upon
(a) the current estimates of the aggregates fon sg@tum, and (b) estimates of the size of each
stratum. The error from (b) of course does noteanisa uniprocessor ripple join. In this chapteraa
first step, we analyze the error when the sizethefstrata are known exactly, and highlight some
practical situations in which this will indeed Heetcase. For those cases in which stzes of the

strata cannot be known in advance, our algorithstiliscorrect, but our current analysis is hobaty



enough to allow the system to display valid “erpars” during execution. Extending our analysis to
provide these error bars in the most general gageaas to be a difficult open problem in statistics

Our parallel hash ripple join algorithm also extertthe original hash ripple join algorithm
presented in [HH99] to provide better performan¢emmemory overflows during the computation.
If one expects that a user will always stop a quedtgr a reasonably precise estimate has been
computed, there is probably no need for this, fdhwnodern memory sizes it seems unlikely that
memory will overflow before this point. We thinkpWwever, it is possible that in some cases a user
will want to let a ripple join algorithm continuentil it has computed the exact answer. In suchscase
memory overflow is likely, and the hash ripple jailgorithm presented in [HH99] will degenerate to
the much slower block ripple join. One desirableparty of the algorithm in [HH99] is that it
continues to process tuples from the input relatiora random and independent way throughout. That
is, upon memory overflow, [HH99] maintains indepence and randomness at the expense of
performance.

In this chapter we suggest making the oppositeetfid That is, upon memory overflow, we
sacrifice guarantees of randomness and independencéder to guarantee good performance. It is not
that we are deliberately introducing inaccuracieshie estimate; rather, as tuples are staged throug
memory and disk we may introduce correlations braetk the assumptions of randomness required
for the computation of confidence intervals. Ouiioale is that memory is expected to overflow
when users are running the algorithm to completimt, when they are still “watching” the estimate
and waiting for the error bounds to become accéptdle show through an analytic model that over a
wide range of memory sizes, our hash ripple jogoathm is dramatically faster than the block rgpl

join algorithm upon memory overflow.

2.2 Related Work



Figure 2.2 illustrates the original hash ripplenjaigorithm [HH99].

join relationA hash table foA hash table foB
CQ ------------
o
o
£
Ell——
',%_ L | | ]

Figure 2.2 The original hash ripple join algorithm.

The original two-table hash ripple join [HH99, WAQlses two hash tables, one for each join
relation, that at any given point contain the tspeen so far. At each sampling step, one preyiousl
unseen tuple is randomly retrieved from one oftén join relations. The join algorithm first decile
which join relation is the source of the tuple. filttiee tuple is joined with all matches in the hesiie
built for the other relation. Also, the tuple isérted into its hash table so that tuples fromother
join relation that arrive later can be joined cotle As the hash tables grow in size, memory may
overflow. When this occurs, the algorithm in [HH98lls back to the block ripple join algorithm. At
each step, the block ripple join algorithm retrieenew block of one relation, scans all the ofilietsi
of the other relation, and joins each tuple inrtber block with the corresponding tuples there.

Ripple join algorithms for online aggregation ammitar in some ways to the XJoin algorithm
[UF99], which dynamically adjusts the algorithm’ehavior in accordance with changes in the run
time environment. XJoin was proposed for adaptiuery processing [HFDO0], where tuples are
assumed to be arriving over a wide area networh siscthe Internet. To deal with this environment,
the XJoin's behavior is complex, and if one attesptuse the XJoin for online aggregation, it \wél

difficult to make statistical guarantees.



In other work dealing with query processing ovepradlictable and slow networks, [IF]
propose the incremental left flush and the incraalesymmetric flush hash join algorithms. Like the
Xjoin algorithm, these algorithms are complex armd rbt lend themselves to statistical analyses.
Furthermore, these algorithms both block in cersdtimations, which also makes them problematic for

online aggregation.

2.3 Parallel Hash Ripple Join Algorithm

2.3.1 Overview of the Parallel Hash Ripple Join Algrithm

Suppose we want to equijoin two relatioh@ndB on attributesA.c andB.d as in the following
SQL query from the introduction:
select onlinéA.e, avg(B.f)
fromA, B
whereA.c =B.d
group byA.g
We first present the parallel hash ripple join aipon, and then we show how to use it to support
online aggregation in a parallel RDBMS in SectioB. 2
Originally, the tuples ofA andB are stored at a set of source nodes accordingre snitial
partitioning strategy (such as hash, range, ordgobin partitioning). A split vector, which mapsn
attribute values to processors, is used to redigiithe tuples oA andB during join processing. The
goal of redistribution is to allocate the tuplestlog join relations so that each join node performs
roughly equal work during the execution of the ailion.
A traditional parallel hybrid hash join algorithr®8[D89] is performed in two phases. First, the

algorithm redistributes the tuples Af(the build relation) to the nodes where the joith mn, where
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some are added to the in-memory hash tables astheg, while others are spooled to disk. Then the
tuples ofB (the probe relation) are redistributed to the saodes, and the hash tables built in the first

phase are probed for some tuple8poivhile the remainder of tHgtuples are also spooled to disk.

Al Al B B Al Al B B A A B, By, AVA Bv B
| Split| | Split| | Split| | Split| Adaptive Symmetri(| | Adaptive Symmetric
Hash Join Hash Join
Scan| | Scan Scan m \l/
/I\A /]\B A pB A pB;
- -
Figure 2.3 Dataflow network of operators for the paallel hash ripple join algorithm.

Finally, the disk-resident portions éf andB are joined. The result is that no output tuples ar
produced until the build relation is completely isddbuted and then the second phase begins. This
situation must be avoided in online aggregatiorahse we would like to produce tuples as quickly as
possible for the downstream aggregate operatora.fdarallel ripple join algorithm, redistributior o
the tuples should occur simultaneously with tha.jdihus our parallel hash ripple join algorithm sloe
the following three things simultaneously by mtiktreading at each node, as shown in Figure 2.3:

1. ThreadRedisA redistributes the tuples gfaccording to the split vector.
2. ThreadRedisB redistributes the tuples Bfaccording to the split vector.
3. ThreadloinAB performs the local join of the incoming tuplesfoAndB from redistribution using

the adaptive symmetric hash join algorithm describelow.
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(The algorithms described in this chapter simplifiyen the tuples oA and/orB are already at the
appropriate join nodes and need not be redistribute

To ensure that the tuples AfandB arrive at the nodes randomly from redistributime, need to
access them randomly before redistribution. One twado so is to use a random sampling operator at
each node as the input to the redistribution operdah some applications scanning via a random
sampling operator will be too slow so, as propdsefHHW97], we can utilize a heap scan for heap
files, or an index scan if there is an index sucdt there is no correlation between the aggregate
attribute and the indexed attribute. Alternativelg,an engineering approximation to “pure” sampling
the data can be stored in random order on diskhatosampling reduces to scanning; in this scheme
the data on disk must periodically be randomly pged (using, e.g., an online reorganization ujility
to prevent the samples from becoming “stale” [HH\\V97

At each node we maintain two hash tables on thegtiributesH, for A andH;g for B, using the
same hash functioH. Usually, symmetric hash join requires that bdih hash tablelsl, andHg can
be held in memory [WA91], which may not always besgble. Consequently, we revise the
symmetric hash join algorithm to fit our needs, tégult of which we call the adaptive symmetrichhas

join algorithm.

2.3.2 Dealing with Memory Overflow

During the join processing, tuples are stored shhabledH, andHg at each node. The hash table
Ha (Hg) is divided into buckets. Each buclst (Eg) is divided into a memory patjP, (MPg), and a
disk part,DP, (DPg). For performance reasons, one page of the dislDOpa (DPg), which we denote
by P, (Pg), is kept in memory as a write buffer. We call leaair of hash table bucket, andEg,
with the same hash value the hash table bucketBaairThis is conceptual; in practice, due to the

limited memory size and the large number of hablethucket pairs, we need to group many buckets
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of a hash table together to share the same menaoty disk part, and write buffer. The hash table
buckets that are grouped together should be the fanthe two hash tables.

Figure 2.4 shows the hash tables at a specific:node

HA HB
DPa Pa Ps DPs
P U s Y T N I %8
é
\\ Ens //
MP, |  Ea Es MPg
T 1< &~ NEFTH
node
Figure 2.4 Hash tables at a node.

The adaptive symmetric hash join at each noderigposed of two stages.

2.3.2.1 First Stage: Redistribution Phase

The goal of the first stage is to redistribute goid as many of the tuples &f andB as possible

with the available memory. The first stage is cagtgd when all the tuples of both relations havenbee

redistributed.

Initially, for each hash table bucket palt,s, MP4in Eag coOntains one page ardPg in Epg

contains one page. At the node, we organize ther otlemory pages that can be allocatebliRy and

MPg into a buffer pooBP.

Stage 1-1: memory-resident redistribution phase
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When a tupleT, of A or Tz of B, comes from redistribution, we use the hash fond to find the
corresponding hash table bucket [i&is.
If the tuple isTh,
Ta is inserted intdMP, and joined with the tuples MPg.
If MP, becomes full,
if the buffer pooBP is not empty, a page is allocated fr&R to MPy;
if the buffer poolBP is empty, therMP, in Exs becomes full first, and we enter stage 1-2 for
this hash table bucket pd&isg.
If the tuple isTg, then we perform the operations described abowspt that we switch the roles Af
andB.
Stage 1-2: memory overflow redistribution phase
When a tupleT, of A or Tg of B comes from redistribution, we use the hash fundtioto find the
corresponding hash table bucket [izis.
If at stage 1-MMP, in Exg became full first, then:
If the tuple isT,, it is written to the write buffeP,. WheneverP, becomes full, we writ®, to
DP,.. ThusP, can accept tuples frofagain.
If the tuple isTg, it is joined with the tuples iMP,. If MPg is not yet full, therT; is inserted into
MPg. OtherwiseTg is written to the write buffePg. WhenevelPg becomes full, we writ®g to
DPg. ThusPg can accept tuples froBiagain.
If at stage 1-IMPg in Exg became full first, then we perform the operatidescribed above, except
that we switch the roles éfandB.
As a special case, for a given hash table bucketBg, by the timeMP, (MPg) in Exg becomes
full first at stage 1-1, if all tuples @& (A) have arrived from redistributio@Pg (DP,) in Exg Will be

empty. At stage 1-2, whenever a tupleof A (Tg of B) comes from redistribution, we only need to
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join it with the appropriate tuples MPg (MP,) without writing it toDP, (DPg). In this way, we avoid

the work for thaE,g at the second stage.

2.3.2.2 Second Stage: Disk Reread Phase

When all the tuples o& andB have arrived from redistribution, we enter theosecstage for the
node. That is, all the hash table bucket pairsrestégie 1-2 at different times, but they enterstheond
stage at the same time. At that time, for a givashhtable bucket pakag, if MPA (MPg) in Epg
became full first at stage 1-1, then all the tupieg&s (E») have been joined with the tuplesMP,
(MPg). We only need to join the tupleshia (E») with the tuples irDP, (DPg). We assume throughout
that the DP, (DPg) part of each hash table bucket pair can fit inmmoey; the overall memory
requirements of the algorithm are discussed inildat&ection 2.3.5.

The second stage proceeds as follows. Wetselee at a time and in random order, those hash
table bucket pairs whodeP, parts orDPg parts have been used at the first stage. (If #sh hable
bucket pairs are grouped together, we actually neesklect the groups of hash table bucket pairs
instead of the individual bucket pairs one by ori) each hash table bucket pair, we perform the
following operations:

Initialize an in-memory hash tabir that uses a hash functibtf different fromH.

If at stage 1-MP, in Exg became full first, then:
Stage 2-1 The tuples DP, (including the tuples i) are read from the disk into memory. At
the same time, they are joined with the tuplebIPy and inserted intdlpp according

to the hash values &f’for their join attributes.
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Stage 2-2 The tuples DPg (including the tuples ig) are read from the disk into memory. At
the same time, they are joined with the tuple®R) utilizing the hash functiom
and the hash tablépp.

If at stage 1-IMPg in Exg became full first, then we perform the same opamnatdescribed above
except that we switch the rolesAdandB.

Free the in-memory hash talbligp.

2.3.2.3 Work Done at Different Stages

For a hash table bucket pé&ig, suppose that at stage MP, in Exz became full first. Then the

stages at which the work is done for joining thaléa inE, and tuples irEg are shown in Figure 2.5:

join relationA
MP4 DP,
@ g | stage-1& stage 2-1
S = | stage 1-2
=
o
om
c o - -
5 G stage 1-2 stage 2-2

Figure 2.5 Work done at each stage for a hash tablaicket pair.

We expect our parallel hash ripple join algoritfotbe commonly used in two modes:

(1) Exploratory mode: It is highly likely that userslivabort the online query execution at stage 1-1
when both of the hash tablelg andHg are in memory, long before the query executidimished.
So, usually all the operations are done in the nmgrmpbase and our algorithm does not need to

deal with the disk phase, which helps ensure hegfopmance.
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(2) Exact result mode: If users do not abort the quexgcution, our parallel hash ripple join
algorithm has the advantage that the disk phakanisled efficiently without compromising the

performance of the memory phase.

2.3.2.4 Random Selection Algorithm

In some cases, users may be still looking for gragdmate answer upon memory overflow. To
partially fulfill this requirement, we may generdke join result tuples in a nearly random ordehat
second stage of the algorithm. Note that we arecladining true statistical randomness here; rather,
we are using heuristics to try to avoid correlatiorthe memory overflow case. As mentioned in the
previous subsection, we do this by selecting tHwssh table bucket pairs whoB&, parts orDPg
parts have been used at the first stage indiviguail a random and non-repetitive basis. If the join
attributes have no correlation with the aggregttéate, we only need to select the hash tableétuc
pairs sequentially at the second stage. Otherwisesan use a random shuffling algorithm [Knu98] to

rearrange the hash table bucket pairs prior tctefe

2.3.3 Supporting Online Aggregation

Ripple joins [HH99] were proposed to support onlaggregation [HHW97]. To support online
aggregation in a parallel environment, we use traegy of the Centralized Two Phase aggregation
algorithm [SN95], as shown in Figure 2.6 (see bgldvirst, each data server node does aggregation
on its local partition of the relations. Then thdseal results are sent to a centralized query
coordinator node from time to time to be mergedtfa global online results. In this way, we can
support operators such aSJUM, COUNT, AVG, VARIANCE, STDEV, COVARIANCE, and

CORRELATION.



17

global results

local local
results results

local
results

Figure 2.6 Computing global results from local reslts.

2.3.4 Running Join Example

We illustrate the operation of a join with a rurgniexample as follows. We only consider one
node, at which each hash table has two buckets Wieehave the following partdPa;, DPar, MPay,
DPpy, MPg;, DPg;, MPg,, and DPg,. SupposeViP,; becomes full first, thetMPg;, then MPg,, and
finally MPn,. Notice that no work needs to be done for joirting tuples inMP, / DP, andMPyg; /
DPg wheni #j. Let O denote the tuples arrived, aiddenote the join work done. Then the progress

of the join may look as shown in Figure 2.7.

MPy DPa MPx DPy MPy DPam  MPx DPy
00 l 00 O 0

o|od 00
0d

MPg,
MPg,
0 d

DPg;
DPeg;

MPeg,
MPeg,
[
O

DPg,
DPg;

(1) MP4; becomes full (2MPg; becomes full
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0o
HN
0o
gojod
go|od

(5) all tuples ofA andB have
arrived from redistribution

DPg; MPg
O oo 0O0oOd

MPg;
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disk into memory
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MPAl DPA]_ MPA2 DPAZ MPA;L DPAl MPA2 DPAZ
OO0 OO0 po dd OO0 00 ot oo
cm HRERRERE B0 HRERRERE
so| oo sgo|od|{dd
s |0 =0 | uogjoa
5o|00|00 500000
80 0oo|dd &0 0o o
= O oofoo S O Oofoo
g O 8 O HEN
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(7) DPg, is read from the (8)Pg; is read from the
disk into memory disk into memory
OO0 oOg o oo
£0/00(|00
sOo|gg|go
s | Ugjog
So|o0|(o0
20 00|00
= Oofoo
&0 Oo||dn
o d Oofoo
(9) DP4 is read from the
disk into memory
Figure 2.7 Work done in different phases of the runing example.

2.3.5 Memory Requirements

The total memory requirement of the parallel hagple join algorithm is the combined size of all

the memory partsMP, and MPg), all the write buffers By and Pg), andHpp. The size ofHpp is
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roughly equal to the size of the largest disk geither DP, or DPg). Assume there and hash table
bucket pairs (groups of hash table bucket pairshatode, and all the tuples are evenly distribute
among the hash table bucket pairs. Ld} flenote the size of in pages and/ denote the size of
available memory in pages. The memory $izis sufficient if

MZH([[MPA[[+|[MB|[+{[R[[+]IR[)+[Fbell-
Since Hopp|l=max(|All, IBI)/H, IMP4lZ1, |MPg|I21, |Pall21, and Pg|l21, it follows that the minimal
sufficient memory size isi=4H+max(J|All, |BI)/H. Thus the parallel hash ripple join algorithm
requires that the sizes of the input relationssatihe conditionmax(||A||, |B|)<H(M-4H). If this
condition cannot be satisfied, the parallel happlei join algorithm falls back to the block ripgten

algorithm at each node upon memory overflow.

2.3.6 Analytical Performance Model

To gain insight into the algorithms’ behavior upmemory overflow, we use a simple analytical
model. Table 2.1 shows the system parameters 0$ex.original hash ripple join algorithm only
works in the uniprocessor environment. Our pardil@sh ripple join algorithm also works in the
uniprocessor environment by degenerating to thptagasymmetric hash join algorithm. To make the

comparison fair, we only consider the uniprocessmsironment. We assume thafji |B||, 1 :\/W/Z’

and the time required to join a tuple with tupléshe other relation is a constant.

A size of relatiorA in pages
|BI| size of relatiorB in pages
S number of tuples/page
join time required to join a tuple with tuples of thbet relation
10 time required to read/write a page
BLOCK block size of the block ripple join algorithm inges

Table 2.1  System parameters used in the analyticalodel.
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We differentiate between the time to run to conipietor the original hash ripple join algorithm

[HH99] and our parallel hash ripple join algoritlimthree cases:

(1)

(2)

If ||AlF[B]lsM, i.e., both join relations can fit into memoryethboth the memory requirement of
the parallel hash ripple join algorithm and thattué original hash ripple join algorithm are met.
Both algorithms read the tuples of the join relasiérom the disk only once, so the execution time
of either algorithm is

(Al +[B)y <10+ (|A| +[B])x Sx join
If [|AIF-|BIPM and max(]|All [B|)sH(M-4H), then the memory requirement of the parallel hash
ripple join algorithm is met but that of the originhash ripple join algorithm is not. For the
parallel hash ripple join algorithm, upon memorediow, each tuple of a join relation is written
to the disk at most once, and read from the diskat twice. The execution time of the parallel
hash ripple join algorithm is:

(M + (| +[8] - M) x3)x 10+ (4] + [B]) x S oin

= (3(|A|+[B[) —2M) x 10+ (|A| +|B[) x Sx join.
In contrast, the original hash ripple join algonitiialls back to the block ripple join algorithm in
this situation. Upon memory overflow, each blockeationA needs to be joined with froiv/2
to |B|| pages of tuples dB, so the average number of disk I/Os for a givesclolof A is
approximatelyBLOCK+ (M/2+|B|])/2. There ard]||A|F-M/2)/BLOCK such blocks oA. For relation
B it is the same except that we switch the roles @indB in the formulas. Thus the execution
time of the original hash ripple join algorithm is:

M+ |A-Mm/72 (BLOCK + M /2+||B||) s
BLOCK 2

|B|-M /2

BLOCK  \PHOCK +W)) x10+ (|A| +[B]) x Sx join
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x| B|- M2 /4 N
= 4+ e+ B M o+ s jan.

(3) If max(|All |BID>H(M-4H), then neither the memory requirement of the pelr&fsh ripple join
algorithm nor that of the original hash ripple jalyorithm is met. Both algorithms fall back to
the block ripple join algorithm upon memory ovevfloThus the execution time of either of them
is:

x B _M2/4 -
(A + g+ LM . g+ ey x o

Setting the system parameters as shown in Tablen&2oresent in Figure 2.8 (see below) the
resulting performance of the parallel hash rippli@ jalgorithm (PHRJ) and the original hash ripple

join algorithm (OHRJ).

[All 2000
IBI| 2000
S 40
join 400 microseconds
10 30 milliseconds
BLOCK 60
page size 8000 bytes

Table 2.2  System parameter settings.
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2500
2000
] —— OHRJ
execution timi 1200 B —=—PHRJ
in seconds 1000~
500
. n n a
0 T T T T T T T 1
0.00% 100.00% 200.00%
M/(]|A]]+]|B]]) in percentage
Figure 2.8 Execution time of join algorithms.

2.4 Statistical Issues

During Stage 1-1, the parallel hash ripple joinoallpm supports the same online aggregation
functionality as the original hash ripple join alglom in [HH99]. Specifically, the algorithm perrmit
running estimates and associated confidence inge(Verror bars”) to be displayed to the user; see,
for example, Figure 2.1. In this section we destiie statistical methodology used to obtain these

guantities.

Given the structure of the parallel hash join atham, it is natural to try to compute statistics
locally and asynchronously at each join node areh tbombine these local results into a global
running estimate and confidence interval, as cedlim Section 2.3.3. Classical stratified sampling
technigues [Coc77] work in exactly this manner: plopulation to be sampled is divided into disjoint
strata, sampling and estimation are performed iedéently in each stratum, and then global
estimates are computed as a weighted sum of tla éstimates, where the weight for the estimate

from thei-th stratum is the stratum size divided by the patiomh size.
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In our setting, the strata must be chosen careflille most obvious choice in dnnode
multiprocessor is to have the strata be the Cartgsioducts x B;, for i ranging from 1 td_, where
A (resp.,B) is the set of tuples & (resp.,B) that are sent to noddor join processing. A moment’s
thought, however, shows that this choice is notemty because even if the tuples being redistribute
constitute random samples from their source notihestuples arriving at a join nodedo not, in
general, constitute a growing simple random saropl® andB,.. To see this, suppose that there are
two source nodes, s@yandk, and the rate of tuple arrivals at nade the same for each source node.
Also suppose that at some point 1000 tuples; ¢fave arrived at nodefor processing, and consider
two possible cases: in the first case there aretdi@d tuples from each of nodeandk, and in the
second case all 1000 tuples are from njodethe 1000 tuples are a true simple random sarfrpim
A, then both cases should be equally likely (becausey sample of 1000 tuples frofnis equally
likely). Of course, the probability that the secarabe occurs is 0, whereas the first case occtins wi
positive probability. Our solution to this problems described in Section 2.4.1, is to define many
strata, one for each (source node, join node) pais solution leads to another complication: ualik
in classical stratified sampling, estimates comgufieom strata at the same join node are not
statistically independent, so that the classiqatified sampling formulas are not applicable. Weg,
however, that the classical formulas can be exiridehandle the correlations between estimates,
leading to extensions of the estimation formulagiiH98, HH99] to the setting of parallel sampling.

Defining the strata in the foregoing manner prosidgatistically valid random samples at each
join node. However, as mentioned in the introductithere is another problem. The estimation
formulas for stratified sampling assume that the 9if each stratum is known. There are cases in
which the sizes of the strata are known precidady.example, if detailed distribution statisticstbe
join attribute are maintained at each source nAdether important case is the “in-place” join, waer

relationsA and B are already partitioned on the join attribute. hagbice, for performance reasons,
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DBA's for parallel RDBMSs try to choose partitiogirstrategies so that the most common joins are
indeed in-place joins. However, in general thesiethe strata can only be estimated.

Developing estimation formulas that take into acdodooth the uncertainty in the sizes of the
strata and the uncertainty in the estimates at radk is a daunting task that requires the soluifon
some open statistical problems. Accordingly, agst $tep, we provide estimation formulas that are
valid when the sizes of the strata are indeed knpregisely. This simplification lets us obtain some
insight into the statistical performance of thegtlat hash ripple join algorithm. When strata siaes
unknown, our algorithm is correct (in that the rimgnestimate converges to the true answer as more
and more tuples are processed) but we cannot gaetadisticallyneaningful error bars for the user as

the algorithm progresses.

2.4.1 Assumptions and Notation

We focus on queries of the form

selectop(expression)

fromA, B

wherepredicate;
whereop is one ofSUM, COUNT, or AVG. All of our formulas extend naturally to the cagenultiple
tables. Wherp is equal taCOUNT, we assume thakpression reduces to the SQL “*” identifier. The
predicate in the query can in general consist afjwttions and/or disjunctions of boolean
expressions involving multiple attributes from bdthand B; we make no simplifying assumptions
about the joint distributions of the attributeseither of these relations. We restrict attentiotidoge-
sample” confidence intervals; see [Haa97, HaaO®&JHbr a discussion of other types of confidence

intervals, as well as methods for dealing ViiROUP BY andDISTINCT clauses.
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Denote byA; the set of tuples ok that are stored on source ngdind sent to join nodefor join
processing, and leAj| be the size of; in tuples. Similarly defin®; and B;|. We allowi andj to be
equal, so that source and join nodes may coinddsume for ease of exposition that any local
predicates are processed at the join node and tio¢ dource nodes. If local predicates are preckss
at the source nodes (actually a more likely scendor performance reasons), then the calculations
given below are valid as stated, provided #ats interpreted as the set of tuples that woulddoet
from nodej to nodei for processing if local predicates were ignored.ndted in the beginning of this
section, we make the simplifying assumption thaheguantity A;| and B;| is known precisely. For
example, given detailed distribution statisticstba join attribute at each source node, togeth#r wi
the split vector entries, ead;|| and B;| can readily be computed. For reasons of effigigitenay be

desirable to pre-compute eagj| land B;| and store this set of derived statistics withlthse tables.

2.4.2 Running Estimator and Confidence Interval forSUM

First consider a fixed join nodeSuppose that there drg(resp.,M;) source nodes sending tuples
of A (resp.,B) to nodei. Also suppose that; tuples fromA; and my tuples fromBy, have been
processed for eaclssL; and1<k<sM;, and denote b;(n;) andB(my) the respective sets of tuples.

Under our assumptions, each #g{n;) can be viewed as a simple random sample fAgmand

L —_| M
similarly for each seB;(my). As before, sef) = szlAj and B = Uk:l B , and observe that

A< B =OE‘JA] >< B, ,

j=1k=1
where each joi\;»<Bj can be viewed as being computed by means of dastéfnonparallel) hash

ripple join.



27

24.2.1 Running Estimator
For fixedj, k, observe that, as in [HH99],

" 1 :
fhy =—— > expression, (a,b)

N My abyoa; (n)xBy (my)

is an unbiased and strongly consistent estimator of

1 .
Uy = ———— expression_(a,b)
A B, |(a,b)§7xak " '

where expressiony(a,b) equalsexpression(a,b) if (ab) satisfies theWHERE clause, and equals O
otherwise. Here “strongly consistent” means thath wrobability 1, the estimatoflijk converges to
the true valuegy, as more and more tuples are sampled. “Unbiasedhséhat the estimatq?lijk
would be equal on average tg, if the sampling and estimation process were regeater and over.
Settingw;;= |A;| Bi/|A|Bi| for 1< sL; and1s<k<M;, it follows easily that

p=y

j=1 k=1

I-i Mi
Wi iy

is an unbiased estimator of

L Y exression,(a,b)

NS
| AIIB lania-e

It then follows that, wittw;=|A|B;| for each, the estimatop& = ZW.I:I. is unbiased for
i

M=) W = Y expression,(a,b)

(a,b)JA%B

which is the overall quantity that we are tryiogestimate.
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2.4.2.2 Confidence Interval

Recall that al00p% confidence interval for an unknown parametgs a random interval of the

form I=[L, U] such thatP(u/A1)=p. Typically, a confidence interval has the symneetform

| =[a—¢&,a+€], where 4 is an estimator ofz based on a random sample, anis also a
guantity computed from the sample. In this formolate is a measure of the precision Bf: with

probability 100p%, the estimator/ is within #¢ of the true valugs In our setting,,fl is the running

estimator of the8UM query, the parametegris the true answer to the query based on all @fdta,
andegis the length of the “error bar” on either sidetted point estimate as in, e.g., Figure 2.1.

To obtain formulas for large-sample confidencerivdaks, we assume as an approximation that
sampling is performed with replacement; the emdhis approximation is negligible provided that we
sample only a small fraction of the data. Then sssiwve samples drawn from a specified/gedr Bj;
can be viewed as independent and identically Higied observations. We also make the technical
assumption that for each; there exist positive constants and d; such that, with probability 1,
n;(K)/k - c; andmy(k)/k — d;; ask — e, wheren;(k) (resp.,m;(K)) is the number of tuples fros; (resp.,

Bj) that have been processed akduples have been processed throughout the enyters. As a
practical matter, we require that there be no laligparities between or among & anddy’s. This
will certainly be the case when relatiohgndB are initially partitioned in a round robin manraerd
both processor speeds and transmission times hetvoekes are homogeneous throughout the system.

As before, suppose thaj tuples fromA; andmy tuples fromB; have been processed for each

1<j<L; and1sksM;. Using arguments as in [HN®®], the results in [HH98, HH99] can be extended in

an algebraically tedious but straightforward martoeshow that, provided eaclh andmy is large, the
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estimator,[l defined above is approximately normally distriltuteith mean g and variance

o’ =Var[] . As discussed in [HH99, Sec. 5.2.2], this asyniptotormality is not a simple
consequence of the usual central limit theoremiridependent and identically distributed (i.i.d.)
random variable§] the terms that are added together to computare far from being statistically
independent. Given the foregoing extension of teealicentral limit theorem, standard algebraic

manipulations then show that the random interbaf [4 — 2,0,/ +z,0] is an approximate

100p% confidence interval fog. Here 6% is any strongly consistent estimator @f andz, is the
unique number such that the area under the standantal curve betweeiz, andz, is equal tq. The
crux of the problem, then, is to determine the fafw? and identify a strongly consistent estimator
a°.

To this end, observe that the samdlag(n;), Bi(my): i,j,k=1} are mutually independent, so that

~

M is independent ofy; for iA. It follows that o’ =Var[j] = Zwiz\/ar[,[li] . Now fix i and
i
observe thaVar[j.] = ZVVijkVVij'k'COV[,[/ijku[lij'k']- Each termCoV[ i, f4,] can be computed
Jk,jK
as follows. ForBy/B andal/A, denote byis(a;By) the average oéxpressiony(a,b) over bB,, and
similarly denote bys,(b;Ao) the average oéxpression,(a,b) over al/A, for b/B and A/A. Next,

2

denote by, the covariance of the paifé/4(a B,), 14(& B)): a0 A} and byoi?; , the
covariance of the pairf{ 45(3 A), (b A)): bOB} . Also denote by} the variance of the

numbers{z4(a B): adA} and byo;, the variance of the numbefgs,(l1 A): bOB} . Then

straightforward calculations show that
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0 if j#j'and kzk;

o ] n'od if j=j' and k2K’
(0) s Mine ] = ~ o ’
Hio il = g it £ and keK':

oy + Moy +0((m)™) if j=j'and k="
Note that in the casp=j’ and k=k’, the formula forCov[,[zijk,/)ij,k,] is essentially the same as that

given in [HH99]. An estimatod” for & can be computed as above, with eaghreplaced by the

sampleA;(n;) and eactBy replaced byB(my). Calculations as in [HN96] show thatd? is indeed
strongly consistent for”. A development along the lines of [HH98] leadsefticient and stable

numerical procedures for computing the variousvesties described above.

2.4.3 Running Estimator and Confidence Interval fortCOUNT and AVG

Point estimates and confidence intervals @UNT queries are computed almost exactly as
described folSUM queries, but witlexpression,(a,b) replaced byne,(a,b), whereone,(a,b) equals 1
if (a,b) satisfies th&®HERE clause, and equals 0 otherwise.

We now consider running estimates &YG queries. Denote by the answer to thAVG query
when AVG is replaced bySUM, and by, the answer to thAVG query whenAVG is replaced by

COUNT. Observe that the answgyto theAVG is simply theSUM divided by theCOUNT: z4= (4 Lk

As in [HH99], a natural estimator ofs, is thereforejl, = f1./ fI,, where [, and f, are the
respective estimators of and/ as in Section 2.4.2.1. The estimaf@y is strongly consistent fqu,;

this assertion follows from the strong consisteatyi, for 1 and [, for s Although £, is biased,

the bias is typically negligible except when thenpes are very small. (Indeed, the bias decreases a
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o(n™ , Wheren is the number of samples, as opposed toQte"?) rate at which the confidence-
interval length decreases.)
Several approaches are available for obtainingiden€e intervals foAVG queries. As in [HH99],

we can apply standard results on ratio estimatwfiind that when each; and my is large, the
estimator fZ, is distributed approximately according to a norndatribution with meanu, and

varianceo” = (02 -2p,0, + o) 12, whereo? =Varlii,], o7 =Var[i,], ando, =Cov[ i, [1.] .

Both 02 and 07 can be estimated as described in Section 2.4a@02 can be estimated in a

similar manner, yielding an estimat® of &, and hence a confidence interval. The details of

estimatingo’ are somewhat cumbersome and we omit them fortrevi

An alternative approach computes sepai@X% confidence intervals fors and (. as above,
where g=(1+p)/2, and combines the intervals using Bonferroni'sqyuradity. This latter inequality
asserts thaP(C and D)= 1-P(C)-P(D) for any event€ andD, wherex denotes the complement of
an eventX. Thus the probability that the twi0q% confidence intervals simultaneously contgin
and 4, respectively, is at leadt-2(1-q)= p. The resulting simultaneous bounds on the possible
values ofz4 and /. then lead directly to bounds on the possible &hfes,; by construction, these
latter bounds hold with probability at legstThis approach is used in [Haa00] to obtain tharagtric
100p% confidence intervalfl, — &, i, + €], where[ [, — &, I, + £&] and[fl, —&_, [I. + €] are
the initial 100q% confidence intervals, and

E* — /:\1C£S+ WSl Ec
ﬂc(ﬂc _gc) .
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A variant of this technique yields confidence intds that are asymmetric about the point estimator,

but are shorter than the symmetric intervals giabove. Set., :/:4 =& andU, = [, +&,, wherex

equalss or c. Then the confidence interval fog is[La, U4, where

U,/L, L/U,) if U,2L, 20;
U, L)=<U/U,, LJ/L,) if LsU,<O0;
U,/L, LJ/L) if U,>0>L,.

In general, techniques based on Bonferroni's ingguare somewhat less burdensome
computationally than techniques based on large-Eamepults for ratios, but yield longer confidence

intervals.

2.5 Performance

In this section, we present results from a protetiypplementation of the parallel hash ripple join
algorithm in the parallel ORDBMS TOR 2.0.02. Ouraserements were performed with the database
client application and server running on four NCRoAMark 4400 workstations, each with four
400MHz processors, 1GB main memory, six 8GB dig%s.allocated a processor and a disk for each
data server, so there were at most four data seoreeach workstation. Before we ran each test, we
restarted the computers to ensure a cold buffelc poo

The relations used for the benchmarks were baseldeostandard Wisconsin Benchmark relations
[BDT83]. We have two join relationh andB. The relevant fields from their common schema is
shown as follows:

create tablé\
(‘uniquel bigint not null,

unique2 integer not null,
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...11 more integer attributes,
... three 52 character string attributes
);

In order to get more meaningful results, 500,000 &0,000 tuple versions of the standard
relations were constructed fér and B, respectively. We use thaiquel attribute as the aggregate
attribute and thenique2 attribute as the join attribute. To prevent nunsariosverflow when doing
aggregation, the type of thmiquel attribute was changed from integer to bigint, whichresponds
to the 8-byte long long type in C. Thus each retationsists of one 8-byte bigint attribute, twelve
byte integer attributes, and three 52-byte stritgpbates. Assuming no storage overhead, the leafyth
each tuple is 212 bytes. The sizes of the relattoasdB are approximately 106 and 10.6 megabytes,
respectively. Theniquel attribute ofA was uniformly distributed between 0 and 499,99%r€ is no
correlation between the aggregate attributiequel and the join attributenique2. No index was
created for the attributes. At each node, we setntiemory that a join operator can utilize to 22

megabytes.

2.5.1 Speedup Experiments

The most important performance metric for onlingragation is the rate at which the real-time
results continuously produced by the online datplogation system converge to the final precise
results.

We ran the following query on 1-node, 2-node, 4e08-node, and 16-node configurations
(where each node is a data server) with a globatygeoordinator using the parallel hash ripple join

(PHRJ) algorithm and the classical blocking pafdidrid hash join (PHHJ) algorithm. We chose the
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PHHJ algorithm for comparison because it perforngsliest among all the four traditional blocking
parallel join algorithms in [SD89].

select onlineavg (A.uniquel)

fromA, B

whereA.unique2 = B.unique2;

255000 —a—1-node
] —e— 2-node
—8— 4-node
g —e— 8-node
Tg ] —— 16-nod¢
o 250000
oy 1
S 4
(]
z
245000+
0 10 20 30

time in seconds

Figure 2.9 Average value computed over time (highojn selectivity).

At the beginning, we generated theique2 attributes of both relations such that each tapla
matches exactly one tuple Bf For the PHRJ algorithm. Figure 2.9 shows howcith@puted average
value converges to the final precise result owaetiwith the final precise result indicated by the
horizontal dotted line. Figure 2.10 (see below)vehdiow the number of join result tuples generated

increases over time.
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600000
500000-
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300000-
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number of join result tuples

2000004 —e— 2-node
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1000001 —e— 8-node
—— 16-nod¢
O T T T T T T T T T T 1
0 20 40 60 80

time in seconds

Figure 2.10  Join result tuples generated over timéhigh join selectivity).

Because relatively many tuples satisfy the joirdmate and we are estimating for a single group
(no “group by” clause), only a small number of steameed to be taken from the two join relations to
generate enough join result tuples for a good aqimation. The approximate answer converges to the

final precise answer within seconds even in thenagessor environment.

270000
] —a— 1-node

o 2650007 —e— 2node

3 1 —=— 4-node

Z 260000 —e— 8-node

=2 ] —— 16-node

& 255000-

3 ]
250000; R B Mo o o X T S T
245000+ ‘ ‘ ‘ ‘ ‘ |

0 10 20 30 40 50 €0
time in seconds

Figure 2.11  Average value computed over time (lowojn selectivity).
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—a— 1-node
—e— 2-node

10000? —=—4-node
1 —e— 8-node
5000 1 —— 16-node

number of join result tuples

0 10 20 30 40 50 60
time in seconds

Figure 2.12  Join result tuples generated over tim@ow join selectivity).

In the remainder of this section, we reduced thaber of tuples that satisfy the join predicate by
a factor of 20 in order tpresent a more challenging problem statisticallgténthat in terms of
difficulty of the estimation problem, this is simil to doing a “group by’ on an attribute with 20
distinct values). That is, we generated uhimjue? attributes of both relations such that each topk
matches at most one tuple Bfon unique2, and on average 1/20 of all the tuplesAdiave such a
match. The corresponding results are shown in Eigutl (see above) and Figure 2.12, respectively.
Note that now, in contrast to the results in Figar@, the multiple-node configurations converge
noticeably quicker than the single node configorati

Table 2.3 (see below) shows the time at which mgroeerflow occurs in the five configurations.
We can see that memory overflow does not greaflyence the speed of generating the join result
tuples. The average value that the PHRJ algoritetimates achieves a relatively small tolerance
within seconds, well before memory overflow occiliigen after the memory overflows the join result
tuples are still generated steadily, and the coetpatverage value still approximates the final tesul

very well.
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1-node | 2-nodeg 4-node| 8-node | 16-nodg
8.1 10.3 11.8 none none
Table 2.3 Time (seconds) that memory overflow occar

In each configuration, all nodes fetch tuples fittia join relations and do the join work in parallel
so one might think that memory overflow would ocatithe same time for all five configurations. In
fact, as the number of nodes increases, the nuofilukiferent values that the join attribute canetaik
each node decreases and the local join selectivigach node increases. Thus in the same amount of
time, a larger percentage of time is spent on pginather than fetching tuples from the join relas
at each node, and memory overflow occurs later.det@ayed memory overflow lengthens the period
in which our PHRJ algorithm can make strong siatikguarantee.

Table 2.4 shows the execution to completion timthefPHRJ algorithm and the traditional PHHJ

algorithm [SD89] in the five configurations.

1-node 2-node 4-node 8-node 16-node
PHRJ 43 29 15 6 3
PHHJ 37 19 10 4 2

Table 2.4  Execution to completion time (seconds) tfe two parallel join algorithms

(speedup).

In all five configurations, the blocking PHHJ algbm produced the final result about 13% to
33% faster than our PHRJ algorithm. This is mahkg to the fact that our algorithm needs to build
two hash tables, one for each join relation, wttike blocking algorithm only needs to build one hash
table for the inner join relation. For the PHRJoaitihm, the speed at which the join result tuples a

generated in these five configurations is nearbpprtional to the number of nodes used.
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The PHRJ algorithm produces a reasonably precigezgimation within seconds. It is up to two
orders of magnitude faster than the time requinedhle PHHJ algorithm (which does not produce

results until the join is nearly completed) to prod exact answers.

2.5.2 Scale-up Experiments

We ran the query on 1-node, 2-node, 4-node, 8-remutk,16-node configurations. Compared with
that of the 1l-node configuration (106M & 10.6M),ettsizes of the relations for the other
configurations were increased proportionally to thember of data server nodes. Thus the average
workload at each node, which was measured by #es sif the join relations there, was kept the same
for the scale-up experiments.

Figure 2.13 shows the execution to completion tohthe two parallel join algorithms in the five
configurations. In all five configurations, the bking PHHJ algorithm produced the final result abou

13% to 32% faster than our PHRJ algorithm.

150
@ ] ——PHRJ
= —=— PHH.
3 ]
;8/ 100i A —A
Q
£
S 50
= ]
15
Q
x
5 ]

O T T T 1
0 4 8 12 16

number of data server nodes

Figure 2.13  Execution to completion time of the twgarallel join algorithms (scale-up).
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2.6 Summary and Conclusions

The two primary tools that permit online exploratiof massive data sets are sampling and parallel
processing. In this chapter we initiate an efforcbmbine these tools, and introduce the paratiehh
ripple join algorithm. This efficient non-blockingpin algorithm permits extension of online
aggregation techniques to a much broader colleci@ueries than could previously be handled.

Our analytic model suggests that in cases whereameoverflows, the parallel hash ripple join
algorithm is as much as a factor of five fastenthi@ previously proposed hash ripple join algonith
(which degenerates to the block ripple join aldori} in the uniprocessor environment. Furthermore,
our implementation in a parallel DBMS shows that prarallel hash ripple join algorithm is able te us
multiple processors to extend the speedup and-spaf@operties of the traditional parallel hybrid
hash join algorithm to the realm of online aggreaat

To complement the new join algorithm, we extend rsults in [HH99] to provide formulas for
running estimates and associated confidence ingettvat account for the complexities of sampling in
a parallel environment. Such formulas are a crucigtedient of an interactive user interface that
permits early termination of queries when the agpipnate answer is sufficiently precise.

There is substantial scope for future work on palraipple joins. For example, the development
of the confidence interval formulas in Section 2.dsed the assumption that ea8l pnd Bj| is
known precisely. When this not the case, it apppassible to essentially estimate ea&jj 4nd B;|
on the fly. The required modification of the comficte interval formulas to reflect the resulting
increase in uncertainty is quite complex. As anothample, the original uniprocessor hash ripple
join in [HH99] permits the relative sampling rafesm the various input relations to adapt over time
to the statistical properties of the data. The g@ab achieve sampling rates that optimally traffe
decreases in confidence interval length againstdibetween successive updates of the point estimate

and confidence interval. Such adaptive sampling algpossible in the parallel processing context, b
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the implementation issues, cost models, statisticatulas, and optimization methods are much more

complex. We intend to pursue these issues in fution.
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Chapter 3: A Comparison of Three Methods for Join

View Maintenance in Parallel RDBMS

3.1 Introduction

In a typical data warehouse, materialized views wed to speed up query execution. Upon
updates to the base relations in the warehousse thaterialized views must also be maintained. The
need to maintain these materialized views can haweegative impact on performance that is
exacerbated in parallel RDBMSs. For example, camnsadparallel RDBMS with two base relatioks
andB, and an application in which there is a streamipdates to these relations. Suppose that each
transaction updates one base relation and that @zatdte is localized to one data server node. The
throughput of the parallel RDBMS will be high. NoWwpwever, suppose that in order to improve
qguery performance, the DBA defines a materializiesvover the join oA andB. As we will discuss
in more detall in Section 3.2, even with no chanigethe workload, the addition of this simple join
view can bring what was a well-performing systenatorawl. This is because the addition of the join
view converts what were simple single-node updites<pensive all-node operations. These all-node
operations negate the throughput advantages gidtalel RDBMS, because instead of each node of
the parallel RDBMS handling a fraction of the ugdstream, all nodes have to process every element
of the update stream.

In this chapter, we present three materialized y&éw maintenance methods in a parallel RDBMS:
the naive method, the auxiliary relation method] #re global index method. The last two methods
trade storage space for materialized view maintemaifficiency. That is, through the use of extreada
structures, the auxiliary relation and global indegthods reduce the expensive all-node operations

that are required for materialized join view mai@ace to single-node or few-node operations. I fac
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the global index method of maintaining a join viesvan “intermediate” method between the naive

method and the auxiliary relation method:

(1) Global indices usually require less extra stordnge tauxiliary relations, while the naive method
requires no extra storage.

(2) The global index method incurs less inter-node canipation than the naive method, but more
inter-node communication than the auxiliary relatiethod.

(3) For each inserted (deleted, updated) tuple of a k&lation, the join work needs to be done at (i)
only one node for the auxiliary relation method, geveral nodes for the global index method, and

(i) all the nodes for the naive method.

Auxiliary relations have been considered previouslthe context of distributed data warehouses
[QGM™96]. There, they were used to make the materialidedis “self-maintainable,” that is, to
ensure that updates at one distributed source tmulttopagated to the materialized view at the data
warehouse without contacting other sources. Alggiliary relations are similar to copies of relat#o
that are used to implement application specifitifiaming in a parallel RDBMS. However, to the best
of our knowledge, auxiliary relations have not béewestigated in the literature as performance

techniques for speeding materialized join view rreiance in a parallel RDBMS.

By “global index” we mean an index that maps framelevaluex in a non-partitioning attribute
of a relation to the global row ids of all the teplthat have valuein attributec. Global indices are
well known in practice and in the research literatfCM96]. Like auxiliary relations, to our

knowledge the use of global indices for join viewinmienance has not been discussed in the literature

We investigate the performance of the three nalized join view maintenance methods with an
analytical model. Also, we validate the analytivaddel for the naive and auxiliary relation methods

with an implementation in a commercial parallel RDS.
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The rest of this chapter is organized as follows #liscuss join views and the three join view
maintenance approaches in Section 3.2. Sectioim&3tigates the performance of the three join view

maintenance methods. We conclude in Section 3.4.

3.2 Join View Maintenance Methods in a Parallel RDBIS

A join view stores and maintains the result frofjoia. We first consider join views on two base
relations, and then we discuss join views on miglti@mse relations. In the remainder of this chapter
we assume a parallel RDBMS withdata server nodes at which both base relationsrextdrialized

views are stored.

3.2.1 Join Views on Two Base Relations

Suppose that there are two base relatiBresndB. An example of a join viewV for relationsA
andB on join attributeg\.c andB.d is the following:
create join viewlV as
select *
fromA, B
whereA.c=B.d

partitioned orA.g;

3.2.1.1 The Naive Maintenance Method

We begin by considering what happens if we progabase relation updates using the obvious or
“naive” approach in the absence of auxiliary relas. Consider how a join view is incrementally

maintained when a tuple is inserted into a basioal in a parallel RDBMS. Assume that tupleis
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inserted into base relatighat node. Then to maintaildV we need to compufEs>dB, then insert the

join result tuples intalV. Here are two cases to illustrate the disadvastafehe naive join view

maintenance method:

Case 1l Suppose that the base relatighandB are partitioned on the join attributds and
B.d, respectively. Figures 3.1a and 3.1b show thegule® to maintaidV. Since base relatioB is
partitioned on the join attribute, tuplg only needs to be joined with the appropriate tsigéB at
nodei. If JV is partitioned on an attribute &f the join result tuples (if any) are sent to samdek
(nodek might be the same as noddo be inserted intdV based on the attribute value®f If JV is
not partitioned on an attribute Af then the join result tuples need to be distridutemultiple nodes

to be inserted intdV.

join join join join
result result result result
(a) IV is partitioned (bJV is not partitioned
on an attribute of on an attribute o&
Figure 3.1 Naive method of maintaining a join viewcase 1).
Case 2 Suppose now that the base relatiérsndB are partitioned on the attributésa and

B.b, which are not join attributes, respectively. Fagi3.2a and 3.2b (see below) show the procedure
to maintainJV. The dashed lines represent cases in which theoreitommunication is conceptual
and no real network communication happens as tlesage is sent and received by the same node.

Since base relatioB is not partitioned on the join attribute, tugleneeds to be redistributed to every
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node to search for the matching tuplesBofor the join, as we do not know at which nodess¢he
matching tuples reside. JV is partitioned on an attribute &f the join result tuples (if any) are sent to
some nodé (nodek might be the same as nadléo be inserted intdV based on the attribute value of
Ta If IV is not partitioned on an attribute Af then the join result tuples need to be distribute

multiple nodes to be inserted inid.

(a)JV is partitioned (bJV is not partitioned
on an attribute of\ on an attribute ok
Figure 3.2 Naive method of maintaining a join viewcase 2).

In case 2, the naive method of maintaining a joiewv incurs substantial inter-node
communication cost. Also, perhaps more importardlypin needs to be done at every node, even
though the base relation updates can be local@zedstngle node. We consider next how to eliminate

both inefficiencies, especially the second oneydiyig auxiliary relations.

3.2.1.2 View Maintenance using Auxiliary Relations

We use auxiliary relations to overcome the shorings of the naive method of join view
maintenance. In this section, we assume that mdidise relation is partitioned on the join attréout

(If some base relation is partitioned on the jdinitaute, the auxiliary relation for that base tilg is
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unnecessary.) In the parallel RDBMS, besides tts balationsA andB and the join viewdV, we
maintain two auxiliary relationsAR, for A and AR; for B. RelationAR, (ARg) is a selection and
projection of relatiorA (B) that is partitioned on the join attribuéec (B.d). We maintain a clustered
index |, on A.c for AR, (Ig on B.d for ARg). Figure 3.3 shows the base relations, auxiliatgtions,
and join view at one node of the parallel RDBMSt Bimnplicity, we first assume thé&R, (ARg) is a
copy of relationA (B) that is partitioned om.c (B.d), then we show how to minimize the storage

overhead of auxiliary relations in Section 3.2.1.3.

relationA relationB Join ViewJV
attributes ofA attributes oB attributes oA attributes oB
auxiliary relationAR, for A auxiliary relationARs for B
attributes ofA attributes oB
indexl| indexlg
onA.c onB.d

Figure 3.3 Base relations, auxiliary relations, angoin view at a node of the parallel

RDBMS.

When a tupl€eT, is inserted into relatioA at nodd, it is also redistributed to some ngd@odej
might be the same as no@ebased on its join attribute valug.c. Tuple T, is inserted into the
auxiliary relationAR, at nodg. ThenT, is joined with the appropriate tuples in the aaxil relation
ARg (instead of base relatidd) at nodg utilizing the indexg. If JV is partitioned on an attribute Af
the join result tuples (if any) are sent to somdeio (hodek might be the same as nofeto be

inserted intalV based on the attribute valueTof If JV is not partitioned on an attribute Af then the
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join result tuples need to be distributed to midtipodes to be inserted infy. Figures 3.4a and 3.4b

show this procedure.

;

jOin jOin jOin join
result result result /" resuit
oie
Ta Ta
(a) IV is partitioned (bJV is not partitioned
on an attribute of on an attribute &f
Figure 3.4 Maintaining a join view using auxiliary relations.

The steps needed when a tupjeis deleted from or updated in the base relaficare similar to
those needed in the case of insertion. Comparétketoaive method, the auxiliary relation method of
maintaining a join view has the following advantsige
(1) It saves substantial inter-node communication.

(2) For each inserted (deleted, updated) tuple of bala¢ion A, the join work needs to be done at
only one node rather than at every node.

In the naive method of maintaining a join view, tiwerk needed when the base relatidns
updated is as follows:

begin transaction
update base relatioy
update join viewlV; (expensive)

end transaction.
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For comparison, when we use the auxiliary relatimethod to maintain a join view, the work that
needs to be done when the base relaimupdated is as follows:
begin transaction
update base relatioy
update auxiliary relatioAR,; (cheap)
update join viewlV; (cheap)
end transaction.
If the update size is a small fraction of the biadation size, the extra work of updating the daxyl
relation AR, is dominated by the advantages brought by theliankirelations in updating the join
view JV.
In the above, we have considered the situation hiichvthe base relatioA is updated. The

situation in which base relatidhis updated is the same except we switch the oflésandB.

3.2.1.3 Minimizing Storage Overhead

In the worst case, the auxiliary relation methaglirees substantial extra storage, as each auxiliary
relation is a copy of some base relation. Howeaenore careful examination shows that the storage
overhead required by the auxiliary relations candoleiced in many cases. As we have stated above, in
[QGM™96], auxiliary views were proposed to make matieeal views self-maintainable in a
distributed data warehouse. [QG36] also proposed a systematic algorithm to minénize storage
overhead of auxiliary views. Their techniques feducing storage overhead can be used in our
auxiliary relation method. These techniques algdyafp the global index method discussed below in
Section 3.2.1.4. The main idea in [QG38] is not to include the unnecessary tuples afmibates of

the base relations in the auxiliary relations. Aggbto our scenario, an auxiliary relation is aestbn
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and projection of a base relation that is partgwim a special way. That is, an auxiliary relatfdRy
of base relatiofR can be written a8Rg= 7{a(R)).
As an example, if join viewV1 is defined as follows:

create join viewlV1 as

selectA.e, Af, B.h

fromA, B

whereA.c=B.d;
we only need to keep in the auxiliary relatiiR,, attributesc, e, andf of base relatiod\. If there is
another join viewlV2 defined as follows:

create join viewlV2 as

selectA.e, A.g, C.p

fromA, C

whereA.c=C.q;
we need to keep in the auxiliary relatidRy, attributesc, e, andg of base relatiol. However, there
is redundancy between auxiliary relatidkiz, andAR,: both attributeg ande are stored in auxiliary
relations AR, and ARx,. If there are many join views defined on baseti@miaA in the parallel
RDBMS, the redundancy among those auxiliary refatiof the same base relatidrthat are defined
for different join views may be substantial. Itilely that the parallel RDBMS may not have enough
disk space to store all of them. Also, when badatiom A is updated, updating all the auxiliary
relations of base relatioh will be costly. One potential solution is to kemmy one auxiliary relation
AR, for all the join views that use the same joinibittie A.c, whereAR, is partitioned on the join
attributeA.c and contains all the tuples and attributes of bbalsgionA. In this case, auxiliary relation

AR, will require the same amount of storage as bda@arA. If base relatiorf is very large (it may
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contain many attributes and many tuples), the [g@DBMS still may not have enough disk space

to store auxiliary relatioAR.

3.2.14 View Maintenance Using Global Indices
relationA relationB Join ViewJV
attributes ofA attributes oB attributes ofA | attributes oB
Ac| list of global row ids B.d [ list of global row ids
Figure 3.5 Base relations, global indices, and joiview at a node of the parallel RDBMS.

The global index method for join view maintenanocegeneral will require less space than the
auxiliary relation method, although this space gsimay come at the cost of some efficiency in
processing join view maintenance. In this sectiv@,assume that neither base relation is partitioned
on the join attribute. (If some base relation igipaned on the join attribute, the global index that
base relation is unnecessary.) In the parallel RBBbEsides the base relatighandB and the join
view JV, we maintain two global indice&l for A andGlg for B. Global indexGl 4 is an index on the
join attributeA.c. It is partitioned orA.c. Each entry of the global indéXi 4 is of the form (value of
A.c, list of global row ids), where the list of globa\w ids contains all the global row ids of thelasgp
of relationA whose attributé\.c is of that value. Each global row id is of thenfo¢node id, local row
id at the node). We define the global indebg to be distributed clustered (non-clustered) if biase

relationA is clustered (non-clustered) on the join attribieat each node. This technique applies to
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both base relatio and base relatioB. Figure 3.5 (see above) shows the base relatgiobal
indices, and join view at one node of the par&iBBMS.

When a tupl€T, is inserted into relatioA at node, it is also redistributed to some ngd@odej
might be the same as noidebased on its join attribute valdg.c. A new entry containing the global
row id of tupleT, is inserted into the global indé€3 4 at nodej. We search the global indéXg at
nodej to find the list of global row ids for those tuplg; of relationB that satisfyTz.d=Ta.C. Suppose
these tupled; reside aK of theL nodes. For each of tikenodes,T, with the global row ids of those
tuples T residing at that node is sent there. THgris joined with those tuple$g there. IfJV is
partitioned on an attribute & the join result tuples (if any) are sent to samdek (nodek might be
the same as noggto be inserted intdV based on the attribute valueTpf If JV is not partitioned on
an attribute o\, then the join result tuples need to be distridutemultiple nodes to be inserted into

JV. Figures 3.6a and 3.6b show the procedure.

join
result

(a) join view is partitioned on an attribute Af
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join

: join
resultg

result

(b) join view is not partitioned on an attribute/of

Figure 3.6 Maintaining a join view using global indces.

The steps needed when a tupjeis deleted from or updated in the base relaficare similar to
those needed in the case of insertion. Thus, whenise the global index method to maintain a join
view, the work that needs to be done when the f&sBonA is updated is as follows:

begin transaction
update base relatioy
update global indessl 5; (cheap)
update join viewlV; (moderate)
end transaction.
In the above, we have considered the situation hiichvthe base relatioA is updated. The

situation in which base relatidhis updated is the same except we switch the oflAsandB.

3.2.2 Extension to Multiple Base Relation Joins
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Now we consider the situation that a join viewédied on more than two base relations. Suppose
that a join viewdV is defined on base relatioRs, R,, ..., andR,. Then the auxiliary relation method
works as follows:

For each base relatid® (1<i<n)

For each base relatid® that is joined withR; in the join view definition

Keep an auxiliary relation d® that is partitioned on the join attribute R&<R, unlessR; is

partitioned on the join attribute Bf<R..

When a base relatidR (1<i<n) is updated, we do the following operations tontan the join view:
(1) Update all the auxiliary relations Bf accordingly.
(2) For each base relatid® (j 7, 1<j<n)
Select a proper auxiliary relation &f(or R; itself) based on the join conditions.
(3) Compute the changes to the join view accordinghto updates td, and the auxiliary (base)
relation ofR; (j&, 1sj<nh) determined above.
(4) Update the join view.
The above algorithm also applies to the globalbxnaethod.

The following is an example illustrating how thiga@ithm works. Consider a join viewV that is
defined onAXBINC. For simplicity, we assume that no base relat®rpartitioned on the join

attribute. (Again, if some base relation is pastied on the join attribute, there is no need for an

auxiliary relation on that base relation.) We kéepfollowing auxiliary relations:

(1) AR, for relationA, partitioned on the join attribute 88<B.
(2) ARg; for relationB, partitioned on the join attribute A8<B.

(3) ARg; for relationB, partitioned on the join attribute Bi<C.
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(4) AR for relationC, partitioned on the join attribute B&<C.

To maintainJV when some base relation is updated, we distinchésiveen three cases:

(1) If base relatiom is updated, the same updates are propagated tukileary relationAR.. We
useARg; andAR: to maintainV.
(2) If base relatiorB is updated, the same updates are propagated tuiii@ary relationsARg; and

ARg,. We useAR, andAR: to maintainiV.

(3) If base relatiorC is updated, the same updates are propagated tuileary relationAR.. We
useARs; andAR, to maintainiV.

In the case of a join view defined on two baseti@ia, the auxiliary relation method of
maintaining join views is straightforward to implent using a query rewriting approach similar to
[QW97]. However, if a join view is defined on mplié base relations, there are many choices as to
how to use the auxiliary relations, and an optitniaproblem results. For example, consider a join
view that is defined on the complete join of thbese relations\, B, andC, where each base relation
is joined to another on some join attribute. Assutire no base relation is partitioned on the join

attribute. Then we need to keep the following aarl relations:

(1) ARy for relationA andARg, for relationB, both partitioned on the join attributesAskiB.

(2) ARg; for relationB andARc; for relationC, both partitioned on the join attributesiBi&C.

(3) ARc; for relationC andARx, for relationA, both partitioned on the join attributes@iA.
ARy ARg

A— B
ARp, ARg;

ARCl ARCZ
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If a tuple T, is inserted into the base relatidy there are four possible ways to compute the
corresponding changes to the join viéw
(1) Tais joined withARs,, then the join result tuples are joined WAtR:,.
(2) Tais joined withARg,, then the join result tuples are joined WAtR:;.
(3) Tais joined withARc;, then the join result tuples are joined WAtRg; .
(4) Tais joined withARc;, then the join result tuples are joined WAtRg,.
The optimization problem arises because it is imjmbs to state which alternative is best without

considering relational statistics.

3.3 Performance of Different Join View MaintenanceéMethods

In this section we explore the performance of thied join view maintenance methods, first with an

analytical model, and then with experiments in meercial parallel RDBMS.

3.3.1 Analytical Model

We first propose a simple analytical model to gasight into the performance advantage of the
auxiliary relation / global index method vs. theweamethod in maintaining materialized views. The
goal of this model is not to accurately predictaxzerformance numbers in specific scenarios. Rathe
it is to identify and explore some of the main tterthat dominate in the auxiliary relation / global
index approach. In Section 3.3.3 we show that codehfor the naive and auxiliary relation methods
predicts trends fairly accurately where it overlaggh our experiments with a commercial parallel

RDBMS.
Consider a join viewlV=A<B. We only analyze the case that the join viéW, is partitioned on

an attribute of relatiorA (the case in which the join view is partitioned an attribute ofB is
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symmetric.) Furthermore, we assume that neitherbiwse relationA nor the base relatioB is

partitioned on the join attribute. We make thedwling simplifying assumptions in this model:

(1) Nodesi, j, andk are different from each other (Figures 3.2a, Ja#d, 3.6a).

(2) Base relatiorA (B) has an index, (Jg) on the join attribute.

(3) The join viewJV is partitioned on an attribute of relatiénand there is an index on this attribute.

(4) The network overhead of sending one message fr@mode to another node is a cons&ND,
regardless of the message size and the netwodtateu

(5) In the auxiliary relation method, the overhead eérshing the index once at each node is a
constantSEARCH. If n (n>0) tuplesTg of base relatioB are found to match a tuplg through
index search at that node, the overhead of fetctiiagen tuplesTg and joining them with the
tuple T, is regarded as free. This is because the indeth®@moin attribute of base relatidhis
clustered and thesetuplesTg are stored together in the index entry. (We aseraig that alh
tuples fit on a single page. The model could bélyeagtended to capture cases wha&kgjoins
with more tuples than fit on a single page; howgtrgs would not change the conclusions that we
draw from our model.)

(6) In the global index method, the overhead of seatcltie global index once at each node is a
constantSEARCH. The overhead of fetching the entry of the gloinalex is regarded as free.
(Again, we are assuming that each entry of theallimlalex fits on a single page.)

(7) In the naive method, the overhead of searchingntltex once at each node is a consgfRCH.
At one node, suppose(n>0) tuplesTg of base relatio8 are found to match a tuplg through
index search. Then the overhead of fetching thasplesTs and joining them with the tuplg, is
(i) nXFETCH, if indexJg is non-clustered or (ii) regarded as free, if idgis clustered.

(8) The overhead of inserting a tuple into any tablséorelation, auxiliary relation, global indexnjoi

view) is a constanNSERT.
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(9) |4A| tuples are inserted, and these tuples are urifatistributed on the join attribute.
(10)  For each tupld,, N join result tuples are generated in total.
(11) For each tupld,, the matching tuplegs of base relatio reside aK of thelL nodes.

(12) TheldA] new tuples, are inserted into base relatiérnn a single transaction.

3.3.1.1 Total Workload

For each tupld,, we use as the cost metric the total worklded which we define to be the sum
of the work done over all the nodes of the par&lBBMS. This is a useful basic metric because while
other metrics, such as response time, can be defigen it, the reverse is not true (response time
alone can hide the fact that multiple nodes magidieg unproductive work in parallel with the useful
update operations.)

For any of the three join view maintenance methodsve, auxiliary relation, and global index),
the same updates must be performed on the basiemsland on the join view. Because of this, in our
model we omit the cost of these updates. Thendbkts ¢that must be captured are (a) the extra update
of the auxiliary relation (global index) that isqrered by the auxiliary relation (global index) medl,
and (b) the differences among the three methotiseirtost of the joins that are required to deteemin
the result tuples that need to be inserted intgdineview. We now turn to quantify those costs,aeth
we refer to agW.

(1) For the naive method, upon an insertion ofdetili,,
(a) Sending tuples to each node has overhdagSEND.
(b) Joining tupleT, with the appropriate tuples of base relatbat each node to generate all the

N join result tuples has overheadl(BSEARCH+NXFETCH, if index Jg is non-clustered or (ii)



58

L XSEARCH, if index Jg is clustered. (Here again we are assuming thttdarclustered index
case, all the joining tuples are found on the pegfe reached at the end of the search.)

(c) TheN join result tuples are generatedkabf theL nodes. Sending these join result tuples to
nodek has overheall XSEND.

Thus for the naive method, the total workloadW for each tuple To is (i)
(L+K)xSEND+ L xXSEARCH+NXFETCH, if index Jg is non-clustered or (ii)
(L+K)xSEND+L XSEARCH, if index Jg is clustered.

(2) For the auxiliary relation method,

(a) Sending tuplés to nodel has overhea8END.

(b) Inserting tupler, into auxiliary relatiomrAR, at nodg has overheatNSERT.

(c) Joining tupleT with the appropriate tuples of base relatibat nodeg to generate all thil
join result tuples has overhe&®EARCH. (Again, we assume that because the index is
clustered, the joining tuples are all found onghme leaf page reached by 88ARCH.)

(d) Sending the join result tuples from ngde nodek has overhea8END.

So for the auxiliary relation method, the total Womd TW for each tuple To is
INSERT+2xSEND+ SEARCH.
(3) For the global index method,

(a) Sending tuplés to nodg has overhea8END.

(b) Inserting a new entry for tuplg, into global indexGl, at nodg has overheatNSERT.

(c) Searching global indesélg to find the list of global row ids has overhe88ARCH. Those
tuplesTg of base relatioB that correspond to these global row ids residé @fttheL nodes.

(d) Sending tupleT, and the global row ids of those tupl€s to the K nodes has overhead

KXSEND.



59

(e) At the K nodes, joining tupl@, with those tuple§ and generating thd join result tuples
has overhead (NAETCH, if global indexGlg is distributed non-clustered or (K<ETCH,
if global indexGlg is distributed clustered. Recall that if globatéwx Glg is distributed
clustered, base relatidd is clustered on the join attribute at each nodethis case, we
assume that all the matching tuplgsof base relatio reside at one page at each node. Note
that if there are several global indices for thmedase relatioB, at most one global index

can be distributed clustered as base reld®ioan be clustered for at most one attribute at each

node. For example, for a join vieW ' that is defined oM\<BMC, global indicesGlg; (for
AB) andGlg, (for B<iC) cannot be both distributed clustered unless fmtis A<B and

B C are on the same join attribute.

(N Sending the join result tuples from tkenodes to nodk has overheald xXSEND.

For the global index method, the total workloadW for each tuple Ta is (i)
INSERT+ (1+2xK) xXSEND+ SEARCH+NXFETCH, if global indexGlg is distributed non-clustered or
(i) INSERT+ (1+2xK) xSEND+ SEARCH+K XFETCH, if global indexGlyg is distributed clustered. Note
thatKsmin(N,L).

Compared to the naive method, (1) the auxiliargtieh method incurs an exttBISERT, while
saving(L+K-2) SENDs, (L-1) SEARCHSs, andN FETCHs (if indexJg is non-clustered); (2) the global
index method incurs an exttlSERT andK FETCHs (if Gl is distributed clustered), while saviflg
K-1) SENDs and(L-1) SEARCHs. AsL grows, (1) for the auxiliary relation method, ts&vings in
SEND, SEARCH, andFETCH are significant compared to the overhead of oreaéXSERT; (2) for
the global index method, the savingsSEND and SEARCH are significant compared to the overhead
of one extraINSERT and K extra FETCHs (if Glg is distributed clustered). In a typical parallel

RDBMS, the time spent oBEND is much smaller than the time spent &ARCH, FETCH, and
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INSERT. In the following, we only consider the time spemtSEARCH, FETCH, and INSERT. For
simplicity, we will assume th&8EARCH takes one I/OFETCH takes one 1/O, antNSERT takes two

I/0s. Our conclusions would remain unchanged byllsragdations in these assumptions.

3.3.1.2 Response Time

The model in Section 3.3.1.1 is accurate only € jiin method is index nested loops, for which
the cost is directly proportional to the numbetugdles inserted. I4A| is large enough, an algorithm
such as sort merge may perform better than indsteddoops. To explore this issue, we extend our
model to handle this case. We use sort merge @ianaalternative to index nested loops here; we
believe our conclusions would be the same for laisis. The point is that for both sort-merge and
hash join, the join time is dominated by the timestan a relation, and unless the number of madifie
tuples is a sizeable fraction of the base relatiding join time is independent of the number of
modified tuples.

Let |K|| denote the size of in pages. LetM denote the size of available memory in pages. In
addition, we make the following simplifying assumops:

(1) We use the number of page 1/0Os to measure therpsfae. Then the total workloddV for each
tuple Tp is (i) 3 I/Os for the auxiliary relation methodi) (L+N) I/Os for the naive method when
index Jg is non-clustered, (iiil. I/Os for the naive method when indéxis clustered, (iv)3+N)

I/Os for the global index method wh@&ig is distributed non-clustered, or (\+K) I/Os for the

global index method whe@l is distributed clustered.

(2) Tuples of relationB are evenly distributed both on the partitioningilttte and on the join
attribute so that at each nogehe size of auxiliary relatioARg in pages is equal to the size of
relationB in pages. Both of them are denotedBH|[B|/L.

(3) 4A can be held entirely in memory.
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Given these assumptionByV for the three methods for the multiple-tuple inigertis just JA| times
the TW for a single-tuple update. Calculating the respdimse is more interesting. We can express the
response time (in number of I/Os) for each updad¢hod by considering the work that is done by
each node in parallel.

(1) At each nodg for the naive method,

(a) If the join method of choice is sort merge, then

() if index Jg is non-clustered, the sort merge join time is d@ted by the time of sortirg
and is approximated bj||<ogwu|Bi|| I/Os;

(i) if index Jg is clustered, the sort merge join time is domiddig the time of scanninB,
and is approximated by|| I/Os.

(b) If the join method of choice is the index join aligom, the index join time is approximated by
[AA| XL+ N)/L=|4A|¥(L+N) I/Os (if index Jz is non-clustered) odp\|xL/L=]|4A]|xL I/Os (if
indexJg is clustered).

(2) At each nodg for the auxiliary relation method,

(a) If the sort merge join algorithm is the join methofl choice, the sort merge join time is
dominated by the time of scanniBgand is approximated bB|| I/Os, as auxiliary relation
ARg is clustered on the join attribute.

(b) If index nested loops is the algorithm of choideg index join time is approximated by
|AA)/L=|AA| I/Os.

(c) The number of updates to the auxiliary relatiol&/L=|4A|.

(3) At each nodé for the global index method,

(a) If the join method of choice is sort merge, then

() if Glg is distributed non-clustered, the sort merge toime is dominated by the time of

sortingB; and is approximated bj||<ogwv|Bi|| I/Os;
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(i) if Glg is distributed clustered, the sort merge join tilmedominated by the time of
scanningB; and is approximated bgj|| I/Os.

(b) If the join method of choice is the index join aligom, the index join time is approximated by

[AA| M1+ N)/L=|AA|x(1+N) 1/Os (if Glg is distributed non-clustered) or
[4A| X1+ K)/L=|4A 1+ K) I/Os (if Glg is distributed clustered).

(c) The number of updates to the global indexds/| = |4A|.

If |4A] is large enough thaBjlk|4Ai, |BillMogu|BilkIAAIXL+N) (if index Jgz is non-clustered),
IBi|k |AA~L (if index Jg is clustered), B||{ogw|Bi||[<WA|X(1+N) I/Os (if Glg is distributed non-
clustered), andB|||<lA|¥(1+K) (if Gl is distributed clustered) are satisfied, thensiit merge join
algorithm is preferable to index nested loops.

The above analysis shows that when sort-mergeipih algorithm of choice, the naive join view
maintenance algorithm with clustered index actuallyperforms the auxiliary relation / global index
method. This is because each has the same join(tbesscan oB), while the auxiliary relation /
global index method has the extra overhead of figates to the auxiliary relation / global index. In
the discussion of the experiments with the anaiticodel below, we discuss the implications of this

fact when choosing a method for join view mainter@an

3.3.2 Experiments with Analytical Model

Setting B|E6,400, M=10, N=10 (except in Figure 3.8), and=min(N,L), we present in Figures
3.7 ~ 3.12 the resulting performance of the auxili@lation method, the global index method, arel th
naive method of join view maintenance. Figure 3&e(below) show$W for a single tuple insert vs.
the number of data server nodes. For the auxilielation methodTW is a small constant 3. For the

naive method,TW increases linearly with the number of data senaies. For the global index
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method, TW quickly reaches a constant I3 lfecomes\N whenL becomes larger thad), while this

constant is greater than the constant for the ianxitelation method.

A A A
y v y v A
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200 1 —a— auxiliary relation method
{1 —®— naive methed with non-clustered index
| —— naive method with clustered index
150 1 —¢— global index method (distributed non-clustered)
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Figure 3.7 TW vs. number of data server nodes.
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Figure 3.8 TW vs. number of join result tuples genated (L=32).
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Figure 3.8 (see above) showWsV for a single tuple insert vs. the number of joasult tuples
generatedN). When the number of join result tuples generdétedhe inserted tuple is smallW for
the global index method is close TV for the auxiliary relation method. When the numbgjoin
result tuples generated for the inserted tuplarigd, TW for the global index method is closeT/ for
the naive method. In other words, the global indethod is an “intermediate” method between the
naive method and the auxiliary relation method. Witere are only a few matching tuples for a given
join attribute value in the other base relati®rihe overhead of the global index method is ctogbat
of the auxiliary relation method. When there arenynaatching tuples for a given join attribute value
in the other base relatidB, the overhead of the global index method is clas¢hat of the naive

method.

400 7
1 —a— auxiliary relation method
- | —a— naive methed with non-clustered index
= 300 —— naive method with clustered index
= 1 —e— global index method (distributed non-clustered)
g 1 —*— global index method (distributed clustered)
© 200 -
@ |
[ 4
o B
o
a |
@ 100
3
07“‘\“‘\“‘\“\“‘\“‘\“
0 20 40 60 80 100 120
number of data server nodes
Figure 3.9 Execution time of one transaction with @ tuples (index join).

Figure 3.9 shows the execution time of one traimaaith 40 inserted tuples, where the join

method of choice is the index join algorithm. Theeeution time of the auxiliary relation method
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(344AJL) decreases rapidly with more data server nodei iShbecause in the auxiliary relation
method, on average each node will g&4/|L inserted tuples, whereas in the naive method, padh
sees all4A| inserted tuples. The execution time of the nanethod A[xL/L=|4A]|) is a constant
when indexJs is clustered. Recall that this is because in oodeth we assumed that in the clustered
index case all joining tuples are found on the |ede reached at the end of 88&ARCH operation.
When indexJg is non-clustered, the execution time of the nanethod approaches that constant with
more data server nodeglf|x(L+N)/L approachedA| asL grows). The execution time of the global
index method @&+ K)X4AJL or 3+N)X4AJL) decreases rapidly with more data server node#e wh
the decreasing rate is smaller than that of thdiagxrelation method. This is because in the glob

index method, on average each node will 48¢xK/L inserted tuples.
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Figure 3.10  Execution time of one transaction witl6,500 tuples (sort merge join).

Figure 3.10 shows the execution time of one traiwaaevith 6,500 inserted tuples, where the join

method of choice is the sort merge join algorittitare we see that the naive method with a clustered
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index performs better than the auxiliary relatioaethod. Also, the naive method performs better than
the global index method. Note that there is nottspecial about the number 6,500 other than that it
greater than the number of pages in base reld®ioifhis indicates that if the expected update
transaction inserts a number of tuples approximatglal to the number of pages in the base relation
B, the naive method with clustered base relatiotiseisnethod of choice.

It is an interesting empirical question whethernot such large update transactions are likely.
Anecdotal evidence suggests that they are not a wWatehouses typically store data from several
years of operation, so it seems highly unlikelyt thdividual update transactions (of which there ar
presumably many each day) insert more than a weal §raction of the warehoused data. However,
this is not something that can be proven by arratisargument; rather, it must be decided on a case

by case basis in the “real world.”

250 1 —— auxiliary relation method
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Figure 3.11  Execution time vs. tuples inserted (L=2B).



67

Figure 3.11 (see above) shows the execution tinmneftransaction where the number of inserted
tuples varies from 1 to 7,000. For the naive mettbd execution time increases rapidly with the
number of inserted tuples. For the auxiliary relatimethod and the global index method, the
execution time increases much more slowly. The joire of any of the three methods reaches a
constant when the number of inserted tuples i®largpugh for the sort merge join method to become
the join method of choice. The global index methedches this point much later than the naive
method, and much earlier than the auxiliary refatisethod. This is due to the fact that in the aajl
relation method and global index method, on aveesgd node will selpJL and AA|K/L inserted
tuples, respectively, whereas in the naive methadh node sees allj| tuples. However, once again,
as the number of inserted tuples approaches théewai pages oB, the auxiliary relation (global

index) method is indeed worse than the naive method

150+ —— auxiliary relation method

1 —— naive method with non-clustered index

—— naive method with clustered index

| —— global index method (distributed non-clustered)
100 - —— global index method (distributed clustered)

response time in 1/0s

0 T T T T T T T ‘\ T T T A\ L T T T T T T T T 1
0 50 100 150 200 250 300
number of inserted tuples

Figure 3.12  Execution time vs. tuples inserted - thl (L=128).
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Figure 3.12 (see above) “zooms in” on the executiore of one large transaction where the
number of inserted tuples varies from 1 to 300. Mgéce that the execution time of the auxiliary
relation method has a step-wise behavior. Thistabse the execution time of the auxiliary relation
method depends on the maximum number of insertglédiseen by each node. Assuming an even
distribution, the maximum number of inserted tupdeen by each node for the auxiliary relation
method is/4A/L [ where/x/is the ceiling function (e.g/1.3/=2). For example, if4A|sL, the
maximum number of inserted tuples seen by each isotlelf L<|4A|s2xL, the maximum number of
inserted tuples seen by each node is 2. The erectithe of the global index method has a similar
step-wise behavior that is not obvious on the Fgiihis is due to the fact that assuming an even
distribution, the maximum number of inserted tugesn by each node for the global index method is
[AASKIL [

It is straightforward to apply the above analytigaddel to the situation of a join view on multiple
base relations. Experiments with this model didprovide any insight not already given by the two-

relation model, so we omit them here.

3.3.3 Evaluation of the Auxiliary Relation Method n a Parallel RDBMS

We now turn to describe experiments we performed@R’s Teradata Release V2R4 Version
4D. Our measurements were performed with the DBNEhtcapplication and server running on an
NCR WorldMark 4400 workstation with four 400MHz pessors, 1GB main memory, eight 8GB
disks, and running the Microsoft Windows NT 4.0 igtieg system. We allocated a processor and a
disk for each data server, so there were at mostdata servers on each workstation. We only tested
the naive method and the auxiliary relation metfadjoin view maintenance, as Teradata does not

currently support the global index method.
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The three relations used for the tests followed dtieema of the standard TPC-R Benchmark
relations [TPC]:
customer (custkeyacctbal, ...),
orders (orderkeycustkey, totalprice, ...),

lineitem (orderkey, partkesuppkeyentendedprice, discount, ...).

The underscore indicates the partitioning attrisuté the relations. In our tests, easkstomer
tuple matches onarderstuple on the attributeustkey. Eachorders tuple matches dneitem tuples on

the attributeorderkey.

number of tupleg total size
customer 0.15M 25MB
orders 1.5M 178MB
lineitem 6M 764MB

Table 3.1 Test data set.

We wanted to test the performance of insertion theecustomer relation in the presence of join
views. We chose two join views for testing:
(1) Jv1 was the join result afustomer andorders based on the join attributestkey:
create join viewlV1 as
select c.custkey, c.acctbal, o.orderkey, o.totedpri
from orders o, customer c
where c.custkey=o.custkey;
(2) Jv2 was the join result ofustomer, orders, andlineitem based on the join attributesstkey and
orderkey.
create join viewlV2 as

select c.custkey, c.acctbal, o.orderkey, o.totedpiidiscount, l.extendedprice
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from orders o, customer c, lineitem |
where c.custkey=o0.custkey and o.orderkey=l.orderkey
As thecustomer relation was partitioned on the join attributegijuired no auxiliary relation. The
join view maintenance consists of three steps: tipgléhe base relation, computing the changesdo th
join view, and updating the join view. As the fisgep and the third step were the same for theenaiv
method and the auxiliary relation method, we ongasured the time spent on the second step.
Because Teradata does not currently support thidiaayxrelation maintenance method for join
views, we used the following approach to gain insigto how it would perform if implemented. We
evaluated the performance of join view maintenamicen 128 tuples were inserted into tustomer
relation (these tuples each have one matching tnpleeorders relation) in the following way:

(1) We created a non-clustered index ondbgkey attribute of theorders, and another non-clustered
index on theorderkey attribute of thdineitem relation.

(2) We created a new relatiatelta_customer that had the same schema and was partitionecein th
same way asustomer.

(3) We inserted 128 tuples intelta_customer.

(4) We created two relationarders 1 andlineitem 1 as auxiliary relations foorders andlineitem.
They had the same schema and the same conterdtad the relationsrders andlineitem. The
relationorders_1 was partitioned on theustkey attribute, whilelineitem 1 was partitioned on the
orderkey attribute. In Teradata, this means that a cludterdex was automatically built on the
custkey attribute oforders 1; similarly, Teradata automatically built a clug@rindex on the
orderkey attribute oflineitem 1.

(5) We measured the execution time of the following 8@L statements:

select c.custkey, c.acctbal, o.orderkey, o.totedpri

from orders o, delta_customer c
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where c.custkey=o0.custkey;

select c.custkey, c.acctbal, o.orderkey, o.totedpiidiscount, l.extendedprice
from orders o, delta_customer c, lineitem |
where c.custkey=o0.custkey and o.orderkey=l.orderkey
These two SQL statements implemented the naiveaddtr maintaining join viewdV1 andJV2,
respectively, while 128 tuples were inserted irte base relatiortustomer. To implement the
auxiliary relation method for maintaining join viewV1 andJV2, we replacedrders andlineitem
with orders_1 andlineitem 1, respectively, in the two SQL statements.
We ran the SQL statements on 2-node, 4-node, arwtl8-configurations, where each node was a
data server. The 8-node configuration was the &rgeailable hardware configuration. Before we ran

each test, we restarted the computers to ensuwlel daffer pool.

5 O AR method for JV1
1 e naive method for Jv1
4 - O AR method for JV2
. 1 O naive method for Jv2
predicted ] o
join view
maintenanc
time E

2 4 8
number of data server nodes

Figure 3.13  Predicted join view maintenance time.
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] — naive method for JV1
1 O AR method for JV2
4+ [0 naive method for J\
real join 1 T
view 3 - -
maintenanc
time (in 2 -
seconds)

4 8
number of data server nodes

Figure 3.14  Measured join view maintenance time.

The join view maintenance time predicted by thelyital model is shown in Figure 3.13 (see
above). All the numbers in Figure 3.13 are scalg@ lzonstant factor (the time unit is 128 1/Os) so
only the relative ratios between them are meaningte experimental join view maintenance time is
shown in Figure 3.14. Figures 3.13 and 3.14 matelh Whe speedup gained by the auxiliary relation
(AR) method over the naive method for materialigemiv maintenance increases with the number of
data server nodes.

We also ran experiments with large update trarmagtiwhere our analytical model predicts that
the naive algorithm with clustered base relatioesfqms well. Unfortunately, in the version of
Teradata we tested, it was impossible to test #dieermethod with clustered indices, because cledter
indices must be on partitioning attributes. Weidikeed observe the trend that the performanceeof th
naive and auxiliary relation methods became conpararowever, the analytical model was less

accurate for large updates than for small. Thikéey due to the impact of buffering throughoueth
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system — with large insert transactions substafrations of the base and auxiliary relations apd
getting cached in main memory. For these reasordowmt present the large update results here.

The difficulty of duplicating in Teradata the artadal model results for large updates does not
affect our conclusions. The model is accurate éasonably sized updates; these are the ones ¢hat ar
common in practice and also are the ones for wilieh auxiliary relation method dramatically

outperforms the naive method.

3.4 Conclusion

This chapter compares three join view maintenan@&thods in a parallel RDBMS: naive,
auxiliary relation, and global index. We show ttghuan analytical model that if the update size is
small with respect to the base relation size, theliary relation and global index methods can
substantially improve efficiency by eliminating exgsive all-node operations, replacing them with
focused single-node or few-node operations. We \@didate the analytical model for the naive and
auxiliary relation methods through experiments waittommercial parallel RDBMS.

There are many factors that influence the perfoaeani the three join view maintenance methods,
e.g., the update activity on base relations andtheunt of available storage space. For this reason
is impossible to say that one method is always#st. In fact, for a given workload, it is comptiea
to decide which method is the best to use. Ourytinal model could form the basis for a cost model
that would enable a system to choose the best agipeutomatically.

Moreover, in many cases, it is possible that a idybrethod will outperform any of the three
methods. For example, we could adopt the followiagristics:

(1) We only build auxiliary relations or global indicis those most frequently updated join views.
(2) We only build auxiliary relations or global indicésr those join attributes that are shared by

multiple join views.
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(3) If there is enough storage space, we build auyilielations; otherwise we build global indices.

(4) If there are many join views defined on a basetimiaR where the same attribulec is used as a
join attribute, we build only one auxiliary relatid\Rg or global indexGlg on R.c containing all
the tuples of base relatidR That is, we do not use the storage overheadhgaeichniques in
[QGM™96] to build one auxiliary relation or global inder R.c for each join view.

Making these heuristics more rigorous and a thdmoegaluation of these hybrid strategies is an

interesting area for future work.
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Chapter 4: Locking  Protocols for  Materialized

Aggregate Join Views

4.1 Introduction

Although materialized view maintenance has beeitstetlied in the research literature [GM99],
with rare exceptions, to date that published lttea has ignored concurrency control. In fact, & w
use generic concurrency control mechanisms, imrteedimaterialized aggregate join view
maintenance becomes extremely problenidtithe addition of a materialized aggregate join viam
introduce many lock conflicts and/or deadlocks tiiat not arise in the absence of this materialized
view.

As an example of this effect, consider a scenarighich there are two base relations: lineitem
relation, and theartsupp relation, with the schemdgseitem (orderkey, partkey) (and possibly some
other attributes), anpartsupp (partkey, suppkey). Suppose that in transactidn some customer buys
itemspy; andpy, in ordero;, which will cause the tuple®y pw1) and 64, p12) to be inserted into the
lineitem relation. Also suppose that concurrently in tratisa T, another customer buys iterpg and
p2. in ordero,. This will cause the tuple®4, p,1) and ©,, p») to be inserted into théneitem relation.
Suppose that parfs; andp.; come from supplies;, while partsp;, andp,, come from supplies,.
Then there are no lock conflicts nor is there aoteptial for deadlock between andT,, since the
tuples inserted by them are distinct.

Suppose now that we create a materialized aggregateiew suppcount to provide quick access
to the number of parts ordered from each supplefined as follows:

create aggregate join view suppcount as

select p.suppkey, count(*)
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from lineitem |, partsupp p
where l.partkey=p.partkey
group by p.suppkey;

Now both transaction$; andT, must update the materialized vieuwppcount. Since bothT; and

T, update the same pair of tuplessuppcount (the tuples for suppliers, and s;), there are now
potential lock conflicts. To make things worse, goge thafl; andT, request their exclusive locks on
suppcount in the following order:
(1) T, requests a lock for the tuple whasippkey=s;.
(2) T, requests a lock for the tuple whasippkey=s,.
(3) T, requests a lock for the tuple whasippkey=s,.
(4) T, requests a lock for the tuple whasppkey=s;.
Then a deadlock will occur.

The danger of this sort of deadlock is not necdgsamote. Suppose there aresuppliers,m
concurrentransactions, and that each transaction repreaenistomer buying items randomly fram
different suppliers. Then according to [GR93, pd@8-429], if mr<<R, the probability that any
particular transaction deadlocks is approximateiyl)(r-1)*/(4R?). (If we do not havenr<<R, then
the probability of deadlock is essentially one. Elsmo matter whethenr<<R or not, we can use a
unified formula min(1, (m-1)(r-1)%(4R?) to roughly estimate the probability that any pardr
transaction deadlocks.) For reasonable valuedkofn, and r, this probability of deadlock is
unacceptably high. For example, R=3,000, m=8, and r=32, the deadlock probability is
approximately 18%. Merely doubling to 16 raises this probability to 38%. In such ansgio large

numbers of concurrent transactions will resultémwhigh deadlock rates.

In view of this, one alternative is to simply avaighdating the materialized view within the

transactions. Instead, we batch these update® tmalterialized view and apply them later in segarat
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transactions. This “works”; unfortunately, it rerps that the system gives up on serializability/and
recency (it is possible to provide a theory of aerability in the presence of deferred updates if
readers of the materialized view are allowed tal i@d versions of the view [KLM7].) Giving up on
serializability and/or recency for materializedwgemay ultimately turn out to be the best approach
for any number of reasons; but before giving upgather, it is worth investigating techniques that
guarantee immediate update propagation with seaiaility semantics yet still give reasonable
performance. Providing such guarantees is desiralidertain cases. (Such guarantees are required in
the TPC-R benchmark [PF00], presumably as a r&flectf some real world application demands.) In
this chapter we explore techniques that can guseaserializability without incurring high rates of

deadlock and lock contention.

Our focus is materialized aggregate join views.am extended relational algebra, a general
instance of such a view can be expressetlJils A 7{ o(R >R 24... 2<R,))), whereyis the aggregate

operator. SQL allows the aggregate opera@®EINT, UM, AVG, MIN, andMAX. However, because
MIN andMAX cannot be maintained incrementally (the problerelgetes/updates e.g., when the
MIN/MAX value is deleted, we need to compute the M#IN/MAX value using all the values in the
aggregate group [GKSO01]), we restrict our attentmihe three aggregate operators that make sense
for materialized aggregateSOUNT, SUM, andAVG. Note that by lettingi=1 in the definition of

AJV, we also include aggregate views over single reiatio

A useful observation is that f@OUNT, SUM, andAVG, the updates to the materialized aggregate
join views are associative and commutative, scedlly does not matter in which order they are
processed. In our running example, the statsugcount after applying the updates of andT, is
independent of the order in which they are appli&hme care must be exercised to ensure that

transactions that, unlik&, andT,, are readinguppcount also see a consistent view sfppcount.)
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This line of reasoning leads one to consider lagkinechanisms that increase concurrency for

commutative and associative operations.

Many special locking modes that support increasetturrency through the special treatment of
“hot spot” aggregates in base relations [GK85, 8#,)82] or by exploiting update semantics [BR92,
RAA94] have been proposed. An early and particuleglevant example of locks that exploit update
semantics was proposed by Korth [Kor83]. The bafa is to identify classes of update transactions
so that within each class, the updates are asis@ciahd commutative. For example, if a set of
transactions update a record by adding various atada the same field in the record, they can Ipe ru
in any order and the final state of the record Wwél the same, so they can be run concurrently. To
ensure serializability, other transactions thatlreawrite the record must conflict with these aiddi
transactions. This insight is captured in Korth’®€&king protocol, in which addition transactionst g
P locks on the records they update through additidrie all other data accesses (including those by
transactions not doing additive updates) are preteby standard S and X locks. P locks do not

conflict with each other while they do conflict Wi and X locks.

Borrowing this insight, we propose a V locking il (“V” for “View.”) In it, transactions that
cause updates to materialized aggregate join vigilfs associative and commutative aggregates
(including COUNT, SUM, andAVG) get standard S and X locks on base relationgéuY locks on
the materialized view. V locks conflict with S aidlocks but not with each other. At this level of

discussion, V locks appear virtually identical he {20+ year old!) P locks.

Unfortunately, there is a subtle difference betwélea problem solved by P locks and the
materialized aggregate join view update problent. FFdocks, the assumption is that updates are of
two types: updates that modify existing tuples,clibiire handled by P locks; and updates that create

new tuples or delete existing tuples, which aredlethby X locks. At this level the same solution
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applies to updates of materialized aggregate j@ws. However, a transaction cannot know at the
outset whether it will cause an update of an exgsthaterialized view tuple, the insertion of a new
tuple, or the deletion of an existing tuple. (Retiat the transaction inserts a tuple into a lvaksion
and generates a new join result tuple, which omdijrectly updates a materialized view tuplethe
transaction does not know from the outset whetherbthis new join result tuple will be aggregated
into an existing materialized view tuple.) If weeuX locks for the materialized view updates, we are
back to our original problem of high lock conflexdid deadlock rates. If we naively use our V locks f
these updates, as we will show in Section 4.2,s#mantics of the aggregate join view may be
violated. In particular, it is possible that we ktband up with what we call “split group duplicdtés
multiple tuples in the aggregate join view for tbeme group. (Due to a similar reason, previous
approaches for handling “hot spot” aggregates [GKB36, Reu82, BR92, RAA94] cannot be applied

to materialized aggregate join views.)

To solve the split group duplicate problem, we aeghV locks with a construct we call W locks.
W locks are short-term locks. (The W lock soundist éike a latch, but it is not a latch; the sgjibup
duplicate problem arises even in the presencetaida. Furthermore, unlike latches, W locks must be
considered in deadlock detection.) With W locks skenantics of materialized aggregate join views
can be guarantedd at any time, for any aggregate group, either perone tuple corresponding to
this group exists in a materialized aggregate joaw. Also, the probability of lock conflicts and
deadlocks is greatly reduced, because W locksremg-term locks, and V locks do not conflict with

each other or with W locks.

It is straightforward to implement V locks and Weks if the materialized view is stored without
any indices or with hash indices. However, thingsdme much more complex in the common case

that there are B-tree indices over the materialiged. In this case, since the V lock is a formaof
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predicate lock, our first thought was to borrownfreechniques that have been proposed for predicate
locks. In particular, key-range locking (a limitemm of predicate locking) on B-tree indices hasrbe
well-studied [Moh90a, Lom93]. However, we cannohgiy use the techniques in [Moh90a, Lom93]
to implement V and W key-range locks on B-tree éedi The reason is that V locks allow more
concurrency than the exclusive locks considerefMioh90a, Lom93], so during the period that a
transactionT holds a V lock on an object, another transacliomay delete this object by acquiring
another V lock. To deal with this problem, we imtugce a modified key-range locking strategy to
implement V and W key-range locks on B-tree indices

Other interesting properties of the V locking prmbexist because transactions getting V locks on
materialized aggregate join views must get S anidcks on the base relations mentioned in their
definition. The most interesting such propertyhiattV locks can be used to support “direct propaigat
updates to materialized views. Also, by considetimgimplications of the granularity of V locks and
the interaction between base relation locks aneésses to the materialized view, we show that one
can define a variant of the V locking protocol, the-lock” locking protocol, in which transactiond®
not set any long-term locks on the materializedvwiBased on a similar reasoning, we show that the
V locking protocol also applies to materialized raggregate join views.

The rest of the chapter is organized as followsSeuation 4.2, we explore the split group duplicate
problem that arises with a naive use of V lockg] sinow how this problem can be avoided through
the addition of W locks. In Section 4.3, we expleogne thorny issues that arise when B-tree indices
over the materialized views are considered. IniSeet.4, we explore the way V locks can be used to
support both direct propagate updates and matarthlion-aggregate join view maintenance. We also
extend V locks to define a “no-lock” locking protcin Section 4.5, we give a correctness proof of
the V+W locking protocol. In Section 4.6, we inugate the performance of the V locking protocol

through a simulation study in a commercial RDBMS: ¥énclude in Section 4.7.
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4.2 The Split Group Duplicate Problem

As mentioned in the introduction, we cannot simpbe V locks on aggregate join views, even
though the addition operation for tl@OUNT, SUM, and AVG aggregate operators in the view
definitions is both commutative and associativecdlie¢hat the problem is that for the V lock to wor
correctly, updates must be classifi@griori into those that update a field in an existing euahd
those that create a new tuple or delete an existiplg, which cannot be done in the view update
scenario. In this section, we illustrate the sgtibup duplicate problem that arises if we ignoris th
subtle difference  between materialized view maiatee and the  “traditional”
associative/commutative update problems studieldith [Kor83] and others. First we illustrate the
problem and its solution in the presence of hadlt@s or in the absence of indices on the mateeidli
view. In Section 4.3, we consider the problem ia pinesence of B-tree indices (where its solution is

considerably more complex.)

4.2.1 An Example of Split Groups

In this subsection, we explore an example of thié gmup duplicate problem in the case that the
aggregate join viewJV is stored in a hash file implemented as desciibe@ray and Reuter [GR93].
(The case that the view is stored in a heap filnsost identical; just view the heap file as ahhiie
with one bucket.) Furthermore, suppose that weuaigg key-value locking. Suppose the schema of
the aggregate join vieWJV is (a, sum(b)), where attributa is both the value locking attribute for the
view and the hash key for the hash file. Suppoggnaily the aggregate join vieWwJV contains the

tuple (20, 2) and several other tuples, but thartetlis no tuple whose attribuae 1.
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Consider the following three transactiofisT’, andT”. TransactionTl inserts a new tuple into a
base relatiorR and this generates the join result tuple (1, hictv needs to be integrated irAdV.
TransactionT’ inserts another new tuple into the same baseaelR and generates the join result
tuple (1, 2). Transactiol” deletes a third tuple from base relatRnwhich requires the tuple (20, 2)
to be deleted from\JV. After executing these three transactions, théet(@0, 2) should be deleted
from AJV while the tuple (1, 3) should appeariiv.

Now suppose that 20 and 1 have the same hashs@bhat the tuples (20, 2) and (1, 3) are stored
in the same buckd of the hash file. Also, suppose that initiallythere four pages in buck®t one
bucket pagd®; and three overflow pagés, Ps;, andP,, as illustrated in Figure 4.1. Furthermore, let

pagesP;, P,, andP; be full while there are several open slots in fage

hash file ofAJV

Pl P2 P3 P4

[ ]

bucketB

Figure 4.1 Hash file of the aggregate join viewJV.

To integrate a join result tupte into the aggregate join vieJV, a transactiom performs the
following steps [GR93]:
1. Get an X value lock fdg.a on AJV. This value lock is held until transactidrcommits/aborts.
2. Apply the hash function tg.a to find the corresponding hash table budket
3. Crab all the pages in buckBtto see whether a tuplg whose attributea=t;.a already exists.
(“Crabbing” [GR93] means first getting an X semaghon the next page, then releasing the X

semaphore on the current page.)
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4. If tuplet; exists in some padein bucketB, stop the crabbing and integrate the join resuylett;
into tuplet,. The X semaphore on paBes released only after the integration is finished

5. If tuplet, does not exist, crab the pages in budketgain to find a pagP that has enough free
space. Insert a new tuple into pdgdor the join result tuple;. The X semaphore on paeis
released only after the insertion is finished.
Suppose now that we use V value locks instead wdlXe locks in this example and that the three

transactiond, T, andT ”are executed in the following sequence:

1. First transactiofl gets a V value lock for attribute=1, applies the hash function to attribatel
to find the corresponding hash table budkethen crabs all the pages in buckeb see whether a
tuple t, whose attribute=1 already exists in the hash file. After crabbingfinds that no such
tuplet, exists.

2. Next transactioii’gets a V value lock for attribute= 1, applies the hash function to attribatel
to find the corresponding hash table budkeand crabs all the pages in buckeb see whether a
tuple t, whose attribute=1 already exists in the hash file. After crabbingfinds that no such
tuplet; exists.

3. Next, transactiofl crabs the pages in buck&tagain, finding that only page, has enough free
space. It then inserts a new tuple (1, 1) into gag®r the join result tuple (1, 1), commits, and

releases the V value lock for attribatel.

hash file 0olAJV

bucketB [P —+—>|P2 Ps Pa
(20, 2 (1, 1)

Figure 4.2 Hash file of the aggregate join viewJV — after inserting tuple (1, 1).
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4. Then transactiof” gets a V value lock for attribute= 20, finds that tuple (20, 2) is contained in
pageP,, and deletes it (creating an open slot in page ThenT” commits, and releases the V

value lock for attribute=20.

hash file ofAJV

Pl —1—> P2 — P3 -1 P4

bucketB I:I (1, 1)

Figure 4.3 Hash file of the aggregate join viewJV — after deleting tuple (20, 2).

5. Finally, transactiofi’ crabs the pages in buck&tgain, and finds that page has an open slot. It
inserts a new tuple (1, 2) into paBgfor the join result tuple (1, 2), commits, andegsdes the V

value lock for attribute=1.

hash file ofAJV

Py P, =t—>|Ps Py
bucketB 1, 2) 1, 1)

Figure 4.4 Hash file of the aggregate join viewJV — after inserting tuple (1, 2).

Now the aggregate join viewJV contains two tuples (1, 1) and (1, 2), whereashduld have
only the single tuple (1, 3). This is why we calliie “split group duplicate” problem the group for

“1" has been split into two tuples.
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One might think that during crabbing, holding arsé&maphore on the entire bucBetould solve
the split group duplicate problem. However, thegyme multiple pages in the buclgand some of
them may not be in the buffer pool. Normally und#rcircumstances one tries to avoid performing
I/O while holding a semaphore [GR93, page 849]. dderholding an X semaphore on the entire

bucket for the duration of the operation could esasubstantial performance hit.

4.2.2 Preventing Split Groups with W Locks

4.2.2.1 The V+W Locking Protocol

To enable the use of high concurrency V locks whileiding split group duplicates, we introduce
a short-term lock mode, which we call the W lockdmpfor aggregate join views. The W lock mode
guarantees that for each aggregate group, at mngy &t most one tuple corresponding to this group
exists in the aggregate join view. With the additad W locks we now have four kinds of elementary
locks: S, X, V, and W.

The compatibilities among these locks are listedable 4.1, while the lock conversion lattice is
shown in Figure 4.5 (see below). The W lock modenky compatible with the V lock mode. A W
lock can be either upgraded to an X lock or dowdgdato a V lock. (In this respect the W lock is
similar to the update mode lock [GR93], which canelither downgraded to an S lock or upgraded to

an X lock.)

\ S X | W
yes| no | no | yes
no | yes| no | no
no | no | no | no
yes| no | no | no

SIX|n|<

Table 4.1  Compatibilities among the elementary lock
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Figure 4.5 The lock conversion lattice of the elenméary locks.

In the V+W locking protocol for materialized aggagg join views, S locks are used for reads, V
and W locks are used for associative and commetatijgregate update writes, while X locks are used
for transactions that do both reads and writes.s@hecks can be of any granularity, and, like
traditional S and X locks, can be physical lockg.(guple, page, or table locks) or value locks.

For fine granularity locks, there are multiple wagsdefine the corresponding coarser granularity
intention locks as introduced in Gray et al. [GE6]. In the following, we give one such definition,
whose design criterion is to reduce the numbeiftdrdnt kinds of intention locks as many as padssib
(e.g., we avoid introducing an SIW lock that candogvngraded to an SIV lock). Variations of this
definition are straightforward.

We assume that W locks are only allowed at thestigeanularity while V locks are allowed at all
granularities. We define a coarse granularity Ieklacorresponding to a fine granularity V lock. For
W lock at the finest granularity, we use IV (not)IMdcks at coarser granularities. The IV lock is
similar to the traditional IX lock except that & compatible with the V lock. For a fine granuhark
(S) lock, we use the traditional IX (IS) at coargeanularities. One can think that IX=IS+IV and
X=S+V, as X locks are used for transactions thabalb reads and writes. We introduce the SIV lock
(S+1V) that is similar to the traditional SIX locke., the SIV lock is only compatible with the It&k.
Note that SIX=S+IX=S+(IS+IV)=(S+IS)+IV=S+IV=SIV, se@e do not introduce the SIX lock, as it is

the same as the SIV lock. Similarly, we introduoe YIS lock (V+IS) that is only compatible with the
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IV lock. Note that VIX=V+IX=V+(IS+IV)=(V+IV)+IS=V+IS=VIS, so we do not introduce the VIX
lock, as it is the same as the VIS lock.

The compatibilities among the coarse granularitk$oare listed in Table 4.2, while the lock
conversion lattice is shown in Figure 4.6. Since ltlehavior of intention locks is well understoo@ w

do not discuss intention locks further in the #ghis chapter.

V S| XIS |IV |IX|SIV|VIS
V |yes| no|no| no|yes| no | no No
S no|yes|no|fyes| no| no| no No
X No | N0 |no| no| noj|no| no No
IS | no|yes|no|yes|yes|yes| yes | no
IV |yes| no |no|yes|yes|yes| no | yes
IX | no| no|no|yes|yes|yes| no no

SIV|no|no|nojyes| no| no| no no

VIS| no| no|noj noj|yes| no| no no

Table 4.2  Compatibilities among the coarse granuldty locks.

=
&
o’o o
SR
Figure 4.6  The lock conversion lattice of the coaesgranularity locks.

4.2.2.2 Using W Locks

Transactions use W locks in the following way:
(1) To integrate a new join result tuple into an aggtegoin viewAJV (e.g., due to insertion into
some base relation 8f1V), we first put a short-term W lock &iV. There are two special cases:

(a) If the same transaction has already put a V locdA this V lock is upgraded to the W lock.
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(b) If the same transaction has already put an X loch3Y, this W lock is unnecessary.

After integrating the new join result tuple intcetlaggregate join viewJV, we downgrade the

short-term W lock to a long-term V lock that wik ineld until the transaction commits/aborts.

(2) To remove a join result tuple from the aggregate yoew AJV (e.g., due to deletion from some
base relation 0AJV), we only need to put a V lock @qV.

In this way, during aggregate join view maintenarnigh concurrency is guaranteed by the fact that V

locks are compatible with themselves. Note that whising V locks and W locks, multiple

transactions may concurrently update the same tople aggregate join view. Hence, logical undo is

required on the aggregate join vi&dV if the transaction updatiryJV aborts.

The split group duplicate problem cannot occurhié system uses W locks. The reason is as
follows. By enumerating all possible cases, we tba¢ the split group duplicate problem will only
occur under the following conditions: (1) two trang8ons integrate two new join result tuples itte t
aggregate join viewAJV simultaneously, (2) these two join result tupletohg to the same aggregate
group, and (3) no tuple corresponding to that aggjee group currently exists in the aggregate join
view AJV. Using the short-term W lock, one transaction, Sagnust do the update to the aggregate
join view AJV first (by inserting a new tuplewith the corresponding group by attribute valu in
AJV). During the period that transactidnholds the short-term W lock, no other transactiam
integrate another join result tuple that has thmesagroup by attribute value as tuglento the
aggregate join viewAJV. Then when a subsequent transacfldrupdates the view, it will see the
existing tuplet. Hence, transactiom” will aggregate its join result tuple that has s@ene group by
attribute value as tuplanto tuplet (rather than inserting a new tuple iidv).

As mentioned in the introduction, the W lock is g&min some respect to the latches that are used
by DBMS to enforce serial updates to concurrentigeased data structures. However, there are some

important differences. Unlike latches, W locks mbst considered in deadlock detection, because
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although deadlocks are much less likely with W fd¢kan with long-term X locks, they are still
possible. Also, latches are orthogonal to the lgkprotocol in that they cannot be upgraded or
downgraded to any locks (latches are either heletleased.) Finally, and perhaps most importantly,
the standard use of latches (short-term exclusionpalated data structures) will not prevent thé spl
group duplicate problem efficiently.

We refer the reader to Section 4.5 for the coresgrproof of the V+W locking protocol.

4.3 V and W Locks and B-Trees

In this section, we consider the particularly thoproblem of implementing V locks (with the
required W locks) in the presence of B-tree indi€s B-tree indices, we use value locks to refer to
key-range locks. To be consistent with the appreatiocated by Mohan [Moh90a], we use next-key
locking to implement key-range locking. We use “ké&y refer to the indexed attribute of the B-tree

index. We assume that the entry of the B-tree insl@x the following format: (key value, row id s

4.3.1 Split Groups and B-Trees

We begin by considering how split group duplicatas arise when a B-tree index is declared over
the aggregate join vie®JV. Suppose the schemaAlV is (a, b, sum(c)), and we build a B-tree index
Ig on attributea. Also, assume there is no tuple (1X2jn AJV, for anyX. Consider the following two
transactiond andT". TransactionT integrates a new join result tuple (1, 2, 3) itite aggregate join
view AJV (by insertion into some base relatiBh TransactionT’ integrates another new join result

tuple (1, 2, 4) into the aggregate join viddV (by insertion into the same base relatiR)n Using
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standard concurrency control without V locks, ttegrate a join result tuple into the aggregate join

view AJV, a transaction will execute something like thdofwing operations:

(1) Get an X value lock fot;.a on the B-tree indexs of AJV. This value lock is held until the
transaction commits/aborts.

(2) Make a copy of the row id list in the entry fgia of the B-tree indexg.

(3) For each row id in the row id list, fetch the cepending tupld,. Check whether or nti.a=t;.a
andt,.b=t;.b.

(4) If some tuplet, satisfies the conditiotp.a=t;.a andt,.b=t;.b, integrate tupld; into tuplet, and
stop.

(5) If no tuplet, satisfies the conditioh.a=t;.a andt,.b=t;.b, insert a new tuple intAJV for tuplet;.
Also, insert the row id of this new tuple into tBdree indexe.
Suppose now we use V value locks instead of X vidaks and the two transactiofisand T’

above are executed in the following sequence:

(1) TransactionT gets a V value lock foa=1 on the B-tree indeks, searches the row id list in the
entry fora=1, and finds that no tupke whose attribute.a=1 andt,.b=2 exists inAJV.

(2) TransactionT’ gets a V value lock foa=1 on the B-tree indeks, searches the row id list in the
entry fora=1, and finds that no tuplkg whose attributes.a=1 andt,.b=2 exists inAJV.

(3) TransactionT inserts a new tuplg=(1, 2, 3) intoAJV, and inserts the row id of tupteinto the
row id list in the entry foa=1 of the B-tree indexs.

(4) TransactionT’inserts a new tuple=(1, 2, 4) intoAJV, and inserts the row id of tuplginto the
row id list in the entry foa=1 of the B-tree indeks.

Now the aggregate join vieAdV contains two tuples (1, 2, 3) and (1, 2, 4) indtefa single tuple (1,

2, 7); hence, we have the split group duplicatdler.
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4.3.2 Implementing V Locking with B-trees

Implementing a high concurrency locking scheménagresence of indices is difficult, especially
if we consider issues of recoverability. Key-valloeking as proposed by Mohan [Moh90a] was
perhaps the first published description of the d@ssthat arise and their solution. Unfortunately, we

cannot directly use the techniques in [Moh90apiplement V and W as value (key-range) locks.

To illustrate why, we use the following examplepfose the schema of the aggregate join view
AlV is (a, sum(b)), and a B-tree index is built on attribwgef the aggregate join vieJV. Suppose
originally the aggregate join vieAdV contains four tuples that correspondit®, a=3, a=4, anda=>5.
Consider the following three transactionsl, andT ”that result in updates to the aggregate join view
AJV. TransactionT deletes the tuple whose attribate3 (by deletion from some base relatiBrof
AJV). TransactionT ' deletes the tuple whose attribate4 (by deletion from the same base relation
of AJV). Transactionl ” reads those tuples whose attribates between 2 and 5. Suppose we ignore
the special properties of V locks and use the tigcles in [Moh90a] to implement V and W value

locks on the B-tree index. Then the three transasii, T', andT ” could be executed in the following

sequence:

(1) TransactionT puts a Vv 2134|565
lock for a=3 and anothe | T VIV
V lock for a=4 on the
aggregate join viewJV.

(2) TransactionT’ puts a Vv 21345
lock for a=4 and anothe T V|V
V lock for a=5 on the | T~ V|V

aggregate join view\JV.
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(3) TransactionT’ deletes the entry fi 2
a=4 from the Bfree index | T
TransactionT’ commits and releas
the two V locks fom=4 anda=5.

<|w
<

(4) TransactiorT deletes th 2 5
entry fora=3fromthe B- | T V|V
tree index.

(5) Before transactiof finishes execution, transactiari’ 2 5
finds the entries foe=2 anda=5 in the Biree index T VARY:
TransactionT” puts an S lock foe=2 and another
lock fora=5 on the aggregate join vieAdV. T7]'S S

In this way, transactiofi”” can start execution even before transaclidimishes execution. This is not
correct (i.e., serializability can be violated)chase there is a write-read conflict between tretiwa

T and transactiorm” (on the tuple whose attribug=3). The main reason that this undesirable
situation (transactions with write-read conflichaaxecute concurrently) occurs is due to the faat t
V locks are compatible with themselves. Hence,rduthe period that a transaction holds a V lock on

an object, another transaction may delete thiscobjeacquiring another V lock.

To implement V and W value locks on B-tree indiaesrectly, we need to combine those
technigues in [Moh90a, GR93] with the techniqudogfical deletion of keys [Moh90b, KMH97]. In
Section 4.3.2.1, we describe the protocol for ezcie basic B-tree operations in the presence of V
locks. In Section 4.3.2.2, we explore the needHertechniques used in Section 4.3.2.1. We prowe th

correctness of the implementation method in SeectiGr2.3.

4.3.2.1 Basic Operations for B-tree Indices
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In our protocol, there are five operations of iatgr

(1) Fetch: Fetch the row ids for a given key vale
(2) Fetch next Given the current key valug, find the next key valug>v, existing in the B-tree
index, and fetch the row id(s) associated with \ayev,.
(3) Put an X value lock on key values;.
(4) PutaV value lock on key value;.
(5) Put a W value lock on key valuev,.
Unlike [Moh90a, GR93], we do not consider the ofiers of insert and delete. We show why
this is by an example. Suppose a B-tree index it & attributea of an aggregate join vieWwdV.
Assume we insert a tuple into some base relatiohJgfand generate a new join result tupldhe

steps to integrate the join result tuplato the aggregate join vieddV are as follows:

If the aggregate group of tuplexists inAJV
Update the aggregate groupAdv;
Else
Insert a new aggregate group itdV for tuplet;
Once again, we do not know whether we need to epmlaexisting aggregate groupAdV or insert a
new aggregate group infJV until we readAJV. However, we do know that we need to acquire a W
value lock ort.a before we can integrate tuglénto the aggregate join vieAdV. Similarly, suppose
we delete a tuple from some base relation of thgremgte join viewAJV. We compute the
corresponding join result tuples. For each such jesult tuplet, we execute the following steps to

remove tupleé from the aggregate join vieAdV:

Find the aggregate group of tuple AJV;

Update the aggregate groupAdv;
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If all join result tuples have been removed from #ygregate group
Delete the aggregate group fréxiv;
In this case, we do not know whether we need teaigpdn aggregate group AJV or delete an
aggregate group frolAJV in advance. However, we do know that we need tuiae a V value lock
ont.a before we can remove tuglérom the aggregate join vieAdV.

The ARIES/KVL method described in [Moh90a] for irapienting value locks on a B-tree index
requires the insertion/deletion operation to beedonmediately after a transaction gets appropriate
locks. Also, in ARIES/KVL, the value lock implemerion method is closely tied to the B-tree
implementation method. This is because ARIES/KMivss to take advantage of both IX locks and
instant locks to increase concurrency. In the V6aking mechanism, high concurrency has already
been guaranteed by the fact that V locks are cadbipatith themselves.

We can exploit this advantage so that our methodhiplementing value locks for aggregate join
views on B-tree indices is more general and flextbbn the ARIES/KVL method. Specifically, in our
method, after a transaction gets appropriate losksallow it to execute other operations before it
executes the insertion/deletion/update/read operatilso, our value lock implementation method is
only loosely tied to the B-tree implementation nogth

Our method for implementing value locks for aggtedain views on B-tree indices is as follows.
Consider a transaction
Opl. Fetch We first check whether some entry for valw@xists in the B-tree index. If such an entry

exists, we put an S lock for valug on the B-tree index. If no such entry exists, vl fthe

smallest valuer, in the B-tree index such thet>v;. Then we put an S lock for valwgon the B-

tree index.

Op2. Fetch next We find the smallest valug in the B-tree index such that>v;. Then we putan S

lock for valuev, on the B-tree index.
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Op3. Put an X value lock on key value: We first put an X lock for valug, on the B-tree index.
Then we check whether some entry for valuexists in the B-tree index. If no such entry exist
we find the smallest value in the B-tree index such that>v;. Then we put an X lock for value
V, on the B-tree index.

Op4. Put a V value lock on key value;: We first check whether some entry for valyexists in the
B-tree index. If such an entry exists, we put aobklfor valuev; on the B-tree index. If no entry
for valuev, exists, we find the smallest valugin the B-tree index such that>v;. Then we put
an X (not V) lock for value, on the B-tree index.

Op5. Put a W value lock on key valuer;: We first put a W lock for valug, on the B-tree index.
Then we check whether some entry for valuexists in the B-tree index. If no entry for valye
exists, we do the following:

(a) Find the smallest value, in the B-tree index such that>v;. Then we put a short-term W
lock for valuev, on the B-tree index. If the W lock for valugon the B-tree index is acquired
as an X lock, we upgrade the W lock for valyeon the B-tree index to an X lock. This
situation may occur when transactibmalready holds an S or X lock for valugon the B-tree
index.

(b) We insert into the B-tree index an entry for valuevith an empty row id list. Note: that at a
later point transactiof will insert a row id into this row id list afteransactionl inserts the
corresponding tuple into the aggregate join view.

(c) We release the short-term W lock for valgen the B-tree index.

Table 4.3 summarizes the locks acquired duringifit operations.
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current key; | next keyv,

fetch Vv, exists S

v; does not exist S
fetch next S
X value | v; exists X
lock v; does not exist X X
V value | v; exists V
lock v; does not exist X

Vi exists W
W value | v; does not exist and the W lock on W w
lock V, is acquired as a W lock

v; does not exist and the W lock on X X

V, is acquired as an X lock

Table 4.3  Summary of locking.

During the period that a transactidrholds a V (or W, or X) value lock for valug on the B-tree
index, if transactionl wants to delete the entry for valwg transactionT needs to do a logical
deletion of keys [Moh90b, KMH97] instead of a plogdideletion. That is, instead of removing the
entry for valuev; from the B-tree index, it is left there withdelete flag set to 1. If the delete were to
be rolled back, then thaelete flag is reset to 0. If another transaction insertsranydor valuev; into
the B-tree index before the entry for valyes garbage collected, tlelete flag of the entry for value
v, is reset to 0. This is to avoid the potential eaiéad conflicts discussed at the beginning ofiG@ect
4.3.2.

The physical deletion operations are necessargrotbe the B-tree index may grow unbounded.
To leverage the overhead of the physical deletjgerations, we perform them as garbage collection
by other operations (of other transactions) thapka to pass through the affected nodes in the®-tr

index [KMH97]. That is, a node reorganization opierachecks all the entries in a leaf of the B-tree
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index and removes all such entries that have beeked deleted and currently have no locks on them.
This can be implemented in the following way. Werdduce a special short-term Z lock mode that is
not compatible with any lock mode (including it3elNo lock can be upgraded to a Z lock. A
transactionl can get a Z lock on an object if no transactioel(iding transactiof itself) is currently
holding any lock on this object. Also, during theripd that transactiom holds a Z lock on an object,
no transaction (including transactidnitself) can be granted another lock (includingoZk) on this
object.

Note the Z lock mode is different from the X loclode. For example, if transactidnitself is
currently holding an S lock on an object, transacti can still get an X lock on this object. That is,
transactionT can get an X lock on an object if no other tratisads currently holding any lock on
this object. For each entry with valuvewhosedeete flag=1, we request a conditional Z lock
(conditional locks are discussed in [Moh90al]) fatuev. If the conditional Z lock request is granted,
we delete this entry from the leaf of the B-tre@ex, then we release the Z lock. If the conditiahal
lock request is denied, we do not do anything Witk entry. Then the physical deletion of this gntr
is left to other future operations.

We use the Z lock (instead of X lock) to prever tbllowing undesirable situation: a transaction
that is currently using an entry (e.g., holding @&idock on the entry), where the entry is marked
logically deleted, tries to physically delete tlistry. Z locks can be implemented easily using the
techniques in [GR93, Chapter 8] (by making smakrges to the lock manager). Note the above
method is different from the method described irfi90b] while both methods work. We choose the
Z lock method to simplify our key-range locking fwreol for aggregate join views on B-tree indices.
As mentioned in [Moh90b], the log record for garbagllection is a redo-only log record.

In Op4 (put a V value lock on key valug, the situation that no entry for valugexists in the B-

tree index does not often occur. To illustrate,tb@nsider an aggregate join viddV that is defined
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on base relatioR and several other base relations. Suppose a Brdleglg is built on attributed of
the aggregate join viewJV. If we insert a new tupleinto base relatioR and generate several new
join result tuples, we need to acquire appropNstgalue locks on the B-tree indéx before we can
integrate these new join result tuples into theregate join viewAJV. If we delete a tuplefrom base
relation R, to maintain the aggregate join vieddV, normally we need to first compute the
corresponding join result tuples that are to beowed from the aggregate join viedV. These join
result tuples must have been integrated into tlggeagte join viewAJV before. Hence, when we
acquire V value locks for thedt attribute values, thegkattribute values must exist in the B-tree index
Ig.

However, there is an exception. Suppose attriduté the aggregate join viewJV comes from
base relatioiR. Consider the following scenario (see Sectionb&lbw for details). There is only one
tuplet in base relatiofiR whose attributel=v. However, there is no matching tuple in the ottese
relations of the aggregate join viéMlV that can be joined with tupte Hence, there is no tuple in the
aggregate join viewAJV whose attributed=v. Suppose transaction executes the following SQL
statement:

delete fromR whereR.d=v;
In this case, to maintain the aggregate join g, there is no need for transactidio compute the
corresponding join result tuples that are to beovesd from the aggregate join vieMdV. Transaction
T can execute the following “direct propagate” ugdaperation:

delete fromAJV whereAJV.d=v;
Then when transactiohrequests a V value lock fad=v on the B-tree indeks, transactiorT will find
that no entry for value exists in the B-tree indebg. We will return to direct propagate updates in

Section 4.4.
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4.3.2.2 Are These Techniques Necessary?

The preceding section is admittedly dense andcati] so it is reasonable to ask if all this effert
really necessary. Unfortunately the answer appeabe yes] we use the following aggregate join
view AJV to illustrate the rationale for the techniquesddticed in the previous section. The schema
of the aggregate join viewdV is (a, sum(b)). Suppose a B-tree index is built on attribatef the
aggregate join viewAJV. We show that if any of the techniques from thevmus section are omitted
(and not replaced by other equivalent techniqubs)) we cannot guarantee serializability.

Technique 1.As mentioned above in Op4 (put a V value lock ey kaluev;), we need to put an X
lock (instead of a V lock) for value, on the B-tree index. To illustrate why, we use fhiédowing
example. Suppose originally the aggregate join \Agd contains only one tuple that corresponds to
a=4. Consider the following three transactioms T, and T” on the aggregate join viewJV.
TransactionT deletes the tuple whose attribwte2. TransactionT” integrates two new join result
tuples (2, 5) and (3, 6) into the aggregate joewAJV. TransactionT” reads those tuples whose
attributea is between 1 and 3. Suppose we put a V lock @asté an X lock) for value, on the B-

tree index. Also, suppose the three transacfioiig andT”are executed in the following way:

(1) TransactionT finds the entry fo 4
a=4in the B-tree index. Bnsactior | T \V;
T puts a V lock fora=4 on the
aggregate join viewJV.

(2) TransactionT’ puts a W locl
for a=2 and another W loc | T
for a=4 on the aggregate jo [ T/ [ W
view AJV.

s<|»>
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(3) TransactionT’ inserts the tuple (2, 5) and an entry #e12 2
into the aggregate join viewAJV and the Btree index T
respectively. Transactioh’ downgrades the two W locks T |V
a=2 anda=4 on the aggregate join viedJV to V locks.

<|<|>

(4) TransactionT’ puts a W dck 2 4
for a=3 and another W loc | T vV
for a=4 on the aggregate jo | T/|V | W| W
view AJV.

(5) TransactionT” inserts the tuple (3, 6) and an entry &3 2|3
into the aggregate join viewAJV and the Biee index | T
respectively. Transactiof’ downgrales the two W locks f | T/ |V |V
a=3 anda=4 on the aggregate join viedV to V locks.

< <|>

(6) TransactionT’” commits ant 2134
releases the three V locks | T vV

a=2, a=3, anda=4.

(7) Transaction T deletes th 3[4
entry fora=2 from the Btree T Vv
index.

(8) Before transaction T finishes executior 3[4
transactionT ” finds the entries foa=3 anda=4 | T Vi
in the B-tree index. Transactidi’ puts an S lock
for a=3 on the aggregate join vieAdV. T S

In this way, transactiom”can start execution even before transaclidinishes execution. This is not

correct, because there is a write-read conflictvben transactioi and transactio ”” (on the tuple

whose attribut@=2).
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Technique 2.As mentioned above in Op5 (put a W value lock ey kaluev,), we need to put a W
lock (instead of a V lock) for value, on the B-tree index. To illustrate why, we use fibidlowing
example. Suppose originally the aggregate join \AdW contains two tuples that correspondatal
and a=4. Consider the following three transactiohsT’, andT” on the aggregate join viewJV.
TransactionT integrates a new join result tuple (3, 5) into dlggregate join view\JV. Transactiorl”
integrates a new join result tuple (2, 6) into #ygregate join viewAJV. Transactionl " reads those
tuples whose attributa is between 1 and 3. Suppose we put a V lock @adstéf a W lock) for value

V, on the B-tree index. Also, suppose the three aetiensT, T’, andT” are executed in the following

way:
(1) TransactionT puts a W 1 4
lock for a=3 and anothe T Wl Vv
V lock for a=4 on the
aggregate join viewJV.
(2) TransactionT’ finds the entries foa=1 anc 1 4
a=4 in the B-tree index. Transactidr put: T W/l Vv
a W lock fora=2 and anotheV lock for | T~ W Vv
a=4 on the aggregate join vieAV.
(3) TransactiorT inserts the tuple (: 1 3[4
5) and an entry foe=3 into the T wlv
aggregate join viewAJV and the T W V]
B-tree index, respectively.
(4) Transiction T commits an 1 3[4

releases the W lock foa=3
and the V lock foa=4. T W v
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(5) Before transactiofl’ inserts the entry foa=2 into the Btree 1 3|4
index, transactio ” finds the entries foa=1, a=3, anda=4
in the B-tree index. Transactidi’puts an S lock foa=1 anc T’ W V
another S lock foa=3 on the aggregate join vieAdV. TS S

In this way, transactioil ” can start execution even before transacliofinishes execution. This is
not correct, because there is a write-read corflettveen transactioh” and transactiod ” (on the
tuple whose attribute=2).

Technique 3.As mentioned above in Op5 (put a W value lock ey kaluev,), if the W lock for
valuev, on the B-tree index is acquired as an X lock, wedto upgrade the W lock for valugon
the B-tree index to an X lock. To illustrate whye wse the following example. Suppose originally the
aggregate join viewAJV contains only one tuple that correspondatd. Consider the following two
transactionsT and T’ on the aggregate join vieAJV. TransactionT first reads those tuples whose
attributea is between 1 and 4, then integrates a new jourltragple (3, 6) into the aggregate join view
AJV. TransactiorT “integrates a new join result tuple (2, 5) into dggregate join viewdJV. Suppose
we do not upgrade the W lock for valugon the B-tree index to an X lock. Also, suppose tilio

transactiong andT’are executed in the following way:

(1) TransactionT finds the entry fora=4 in the E-tree inde» 4
TransactionT puts an S lock foe=4 on the aggregate join vii | T S
AJV. TransactioT reads the tuple iAJV whose attribut@=4.

(2) TransactiorT puts a W lock foa=3 and another W lock fi 4
a=4 on the aggregate join vieAJV. Note the W lock fc T Wl X
a=4 is acquired as an X lock since transacfiomas alreac
put an S lock foe=4 on the aggregate join vieAdV.
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(3) TransactiorT inserts the tuple (3, 6) and an entry a=3 into the
aggregate join viewAJV and the Btree index, respectively. Th T
transactionil downgrades the W lock f@=3 on theaggregate joi
view AJV to a V lock. Note transactiofh does not downgrade t
X lock for a=4 on the aggregate join vieAJV to a V lock.

<|w
X

(4) Before transactiofM finishes execution, transactidrf finds 3
the entries fom=3 anda=4 in the Biree index. Transacti T V| X
T’puts a W lock foe=2 and another W lock fa=3 on the T Twlw
aggregate join viewJV.

In this way, transactiofm’ can start execution even before transaciidimishes execution. This is not
correct, because there is a read-write conflictvbeh transactiofl and transactio’ (on the tuple
whose attribute=2).

Technique 4.As mentioned above in Op5 (put a W value lock en kaluev,), if no entry for value
v; exists in the B-tree index, we need to insertr@nyedor valuev; into the B-tree index. To illustrate
why, we use the following example. Suppose origyntle aggregate join viewJV contains two
tuples that correspond &1 anda=5. Consider the following three transactionsT’, andT” on the
aggregate join viewAJV. TransactiorT integrates two new join result tuples (4, 5) akd6) into the
aggregate join vievAJV. TransactiorT ’integrates a new join result tuple (3, 7) into dlggregate join
view AJV. TransactiorT ” reads those tuples whose attribaiis between 1 and 3. Suppose we do not
insert an entry for value, into the B-tree index. Also, suppose the threesationsT, T', andT”are

executed in the following way:

a1

(1) TransactiorT finds the entries foa=1 anda=5 in 1
the B-tree index. For the new join result tuple (4, T VIRV
5), transactio puts a W lock foe=4 and anoth¢
W lock fora=5 on the aggregate join vieAdV.
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(2) TransactionT finds the entries foa=1 anda=5 in 1 5
the Biree index. For the new join result tuple (2 T W Wl W
transactionT puts a W lock fola=2 and another \
lock for a=5 on the aggregate join vieAdV.

(3) TransactiorT inserts the tuple (4, 6) and an entry a=4 into the 1 415
aggregate join viewAJV and the Biree index, respectively. Th [ W VAR,
transactionl downgrades the W lock f@=4 on the aggregate jc
view AJV to a V lock. Note transaction still holds the W lock fc
a=5 on the aggregate join view\JV, since transactioril has
requested the W lock f@=5 on the aggregate join vieAdV twice.

(4) Transactionlfinds the entries foa=1, a=4, anc 1 415
a=5 in the B-tree index. Transactidif puts a V T W VW
lock for a=3 and another W lock fag=4 on ths T IR,
aggregate join viewJV.

(5) TransactionT’ inserts the tuple (3, 7) and 1 3|4|5
entry fora=3 into the aggregate join vieddV T W VI W
and the B-tree index, respectively. T’ W wW

(6) TransactionT’ commits anc 1 3|45
releases the two W locks 1 T W V|W
a=3 anda=4.

(7) Before transactiorT inserts the entry foa=2 into the E-tree 1 3/4|5
index, transactior” finds the entries foe=1, a=3, a=4, anc T W V| W
a=5 in the B-tree index. Transactidr’ puts an S lock foe=1
and another S lock f@a=3 on the aggregate join vieAlV. TS S

In this way, transactio “can start execution even before transaclidinishes execution. This is not
correct, because there is a write-read conflictvben transactioi and transactio ”” (on the tuple

whose attribute=2).
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4.3.2.3 Correctness of the Key-range Locking Protat

In this section, we prove the correctness (seahliity) of our key-range locking strategy for
aggregate join views on B-tree indices. Supposdrad&indexs is built on attributel of an aggregate
join view AJV. To prove serializability, for any value (no matter whether or not an entry for valge
exists in the B-tree index, i.e., the phantom @ob[GR93] is also considered), we only need to show
that there is no read-write, write-read, or writatev conflict between two different transactions on
those tuples of the aggregate join viddY whose attributel has valuey; [BHG87, GR93]. As shown
in [Kor83], write-write conflicts are avoided byehcommutative and associative properties of the
addition operation. Furthermore, the use of W loglarantees that for each aggregate group, at any
time at most one tuple corresponding to this grexjsts in the aggregate join viedAdV. We
enumerate all the possible cases to show that-vadté and read-write conflicts do not exist. Sinwee
use next-key locking, in the enumeration, we ordgdito focus on valug and the smallest existing
valuev, in the B-tree indekg such that,>v;.

Consider the following two transactioiisand T, Transactionl updates (some of) the tuples in
the aggregate join viewV whose attributed has valuev;. TransactionT’ reads the tuples in the
aggregate join viewdJV whose attributel has values (e.g., through a range query). Suppasis the
smallest existing value in the B-tree indg»such thaw,>v;. TransactiorT needs to get a V (or W, or
X) value lock ford=v; on the B-tree indek of AJV. TransactionT’ needs to get an S value lock for
d=v; on the B-tree indelg of AJV. There are four possible cases:

(1) Case 1: An entrlg for valuev; already exists in the B-tree index Also, transactiol ’gets the S

value lock ford=v; on the B-tree indebg of AJV first.

To put an S value lock fai=v; on the B-tree indek, transactionl ' needs to put an S lock for

d=v; on AJV. During the period that transactidriholds the S lock fod=v; on AJV, the entryE



(2)

3)
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for valuev, always exists in the B-tree indéx Then during this period, transactidrcannot get
the V (or W, or X) lock ford=v; on AJV. That is, transactiofi cannot get the V (or W, or X)

value lock ford=v; on the B-tree indebg of AJV.

Case 2: An entrz for valuev; already exists in the B-tree index Also, transactiol gets a V

(or W, or X) value lock fod=v; on the B-tree indelg of AJV first.

To puta V (or W, or X) value lock fa=v; on the B-tree indekg, transactiorm needs to put a V
(or W, or X) lock ford=v; on AJV. During the period that transactidrholds the V (or W, or X)
lock for d=v; on AJV, the entryE for valuev; always exists in the B-tree indéx Note during
this period, if some transaction deletes the eBtfgr valuev; from the B-tree indeks, the entry
E is only logically deleted. Only after transactidmeleases the V (or W, or X) lock fdev; on
AJV may the entnE for valuev; be physically deleted from the B-tree indgxHence, during the
period that transactiof holds the V (or W, or X) lock fod=v; on AJV, transactionT’ cannot get
the S lock ford=v, on AJV. That is, transactiof’ cannot get the S value lock fdsv; on the B-

tree index of AJV.

Case 3: No entry for valug exists in the B-tree indebg. Also, transactioif’ gets the S value

lock for d=v; on the B-tree indebg of AJV first.

To put an S value lock fai=v; on the B-tree indek, transactionl ' needs to put an S lock for
d=v, on AJV. During the period that transactidr holds the S lock fod=v, on AJV, no other
transactionl ” can insert an entry for valug into the B-tree indekg such that,svs<v,. This is
because to do so, transactibfineeds to get a W (or X) lock fakv, on AJV. Then during the
period that transactioh” holds the S lock fod=v, on AJV, transactionT cannot get the V (or W,

or X) value lock ford=v; on the B-tree indek of AJV. This is because to do so, transacflon
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needs to get an X (or W, or X) lock fdrv, on AJV. Note if transactio’ itself inserts an entry
for valuevs into the B-tree indeks such that,svs<v,, transactionl” will hold an X lock ford=vs
on AJV (see how W and X value locks are implemented enBtiree index in Section 4.3.2.1).
Then transactioil still cannot get the V (or W, or X) value lock fdrv; on the B-tree indek; of

AJV before transactiof’ finishes execution.

(4) Case 4: No entry for valug exists in the B-tree inddx. Also, transactiofl gets the V (or W, or

X) value lock ford=v; on the B-tree indek of AJV first.
In this case, there are three possible scenarios:

(a) TransactionT gets the V value lock fod=v; on the B-tree indexs of AJV first. Hence,
transactionr puts an X lock fod=v, onAJV. During the period that transactidrholds the X
lock for d=v, on AJV, no other transactiom” can insert an entry for valug into the B-tree
index |g such that,svs<v,. This is because to do so, transacfidmeeds to get a W (or X)
lock for d=v, on AJV. Then during the period that transactibholds the X lock fold=v, on
AJV, transactiorT’cannot get the S value lock fdrv; on the B-tree indelk of AJV. This is
because to do so, transactibimeeds to get an S lock fdrv, onAJV.

(b) TransactionT gets the W value lock fad=v; on the B-tree indexg of AJV first. Hence,
transactiorrl puts a W lock fod=v; and another W lock fail=v, on AJV. Also, transactiofl
inserts a new entry for valug into the B-tree indeXs. Before transactioil inserts the new
entry for valuev; into the B-tree indekg, transactionl holds the two W locks fod=v, and
d=v, on AJV. During this period, no other transactidfican insert an entry for valug into
the B-tree indexg such that,sv;<v,. This is because to do so, transacfidmeeds to get a
W (or X) lock ford=v, on AJV. Then during this period, transactidhcannot get the S value

lock for d=v; on the B-tree indek; of AJV. This is because to do so, transacfidmeeds to



108

get an S lock fod=v, on AJV. After transactiol inserts the new entry for valuginto the B-
tree indexlg, transactionT will hold a V (or W) lock ford=v; on AJV until transactionT
finishes execution. Then during this period, tratisa T’ still cannot get the S value lock for
d=v; on the B-tree indek of AJV. This is because to do so, transacfiomeeds to get an S
lock ford=v; onAJV.

(c) TransactionT gets the X value lock fod=v; on the B-tree indexs of AJV first. Hence,
transactionl puts an X lock fod=v; and another X lock fod=v, on AJV. During the period
that transactiof holds the two X locks fod=v; andd=v, on AJV, no other transactioh” can
insert an entry for value; into the B-tree indeks such that/,.svs<v,. This is because to do so,
transactionT ” needs to get a W (or X) lock fak=v, on AJV. Then during the period that
transactionl holds the two X locks fod=v, andd=v, on AJV, transactiorT ' cannot get the S
value lock ford=v; on the B-tree indeXs of AJV. This is because to do so, depending on
whether transactioil has inserted a new entry for valuginto the B-tree indexXg or not,
transactionm’needs to get an S lock for eithdsrv, or d=v, on AJV.

In the above three scenarios, the situation thastctionr itself inserts an entry for valug into

the B-tree indexg such that/,svs<v, can be discussed in a way similar to Case 3.

Hence, for any value, there is no read-write or write-read conflicthetn two different transactions
on those tuples of the aggregate join viBW whose attributed has valuev;. As discussed at the
beginning of this section, write-write conflicts dot exist and thus our key-range locking protocol

guarantees serializability.

4.4 Other Uses and Extensions of V Locks
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In this section we briefly discuss three otherreséing aspects of using V locks for materialized
view maintenance. In Section 4.4.1, we discustssibility of supporting direct propagate updates.
In Section 4.4.2, we show how observations abaiafipropriate granularity of V locks illustrate the
possibility of a locking protocol for materializeiews that supports serializability without reqoi
any long-term locks whatsoever on the views. IntiSec4.4.3, we describe how to apply the V

locking protocol to non-aggregate join views.

4.4.1 Direct Propagate Updates

In the preceding sections of this chapter, with exeeption at the end of Section 4.3.2.1, we have
assumed that materialized aggregate join viewsnaiatained by first computing the join of the newly
updated (inserted, deleted) tuples with the othselyelations, then aggregating these join ragpiks
into the aggregate join view. In this section wédl vefer to this approach as the “indirect apprdaoch
updating the materialized view. However, in certsitoiations, it is possible to propagate updates on
base relations directly to the materialized vievithaut computing any join. As we know of at least
one commercial system (Teradathpt supports such direct propagate updates, s dbction we
investigate how they can be handled in our fram&wor

Direct propagate updates are perhaps most usefaéinase of (non-aggregate) join views, so we
consider join views in the following discussion.e€hnically, we do not need to mention the
distinction between join views and aggregate jaews, since non-aggregate join views are really

included in our general class of views - recall tthwe are considering views
AIV={o(Ri R 24... <R))). If the aggregate operatgrin this formula has the effect of putting

every tuple of the enclosed project-select-joiritsnown group, then what we have is really a non-
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aggregate join view.) However, the same discuskmds for direct propagate updates to aggregate
join views.

Our focus in this chapter is not to explore the itmesf direct propagate updates or when they
apply; rather, it is to see how they can be accodates by the V locking protocol. We begin with an
example. Suppose we have two base relatié(es,b, c) andB(d, g, f). Consider the following join
view:

create join viewlV as

selectA.a, A.b, B.e, B.f from A, B whereA.c=B.d;
Next consider a transactidnthat executes the following SQL statement:

updateA setA.b=2 whereA.a=1;
To maintain the join view, transactioh only needs to execute the following operation Kot
performing a join with base relatid):

updatelV setJV.b=2 wherelV.a=1,;
This is a “direct propagate” update, since transack does not compute a join to maintain the view.
Similarly, suppose that a transactibfexecutes the following SQL statement:

updateB setB.e=4 whereB.f=3;
To maintainlV, transactiorT ’can also do a direct propagate update with theviiolkg operation:

updatelV setdV.e=4 wherelV.f=3;
If these transactions naively use V locks on théenelized view, there is apparently a problemcsin
two V locks do not conflictT and T’ can execute concurrently. This is not correctgesithere is a
write-write conflict betwee and T’ on any tuple iRV with a=1 andf=3. This could lead to a non-
serializable schedule.

One way to prevent this would be to require aledirpropagate updates to get X locks on the

materialized view tuples that they update whilarext updates still use V locks. While this is et
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it is also possible to use V locks for the direptlates if we require that transactions that updase
relations in materialized view definitions get Xcks on the tuples in the base relations they update
and S locks on the other base relations mentiomede view definition. Note that these are exactly
the locks the transactions would acquire if theyemgsing indirect materialized view updates instead
of direct propagate updates.

Informally, this approach with V locks works becaugdates to materialized views (even direct
propagate updates) are not arbitrary; rather, thest be preceded by updates to base relationd. So i
two transactions using V locks would conflict iretjoin view on some tuple they must conflict on
one or more of the base relations updated by #resaictions, and locks at that level will resolve th
conflict.

In our running examplel and T would conflict on base relatioA (sinceT must get an X lock
and T"must get an S lock on the same tupleg)irand/or on base relatid® (sinceT must get an S
lock andT’must get an X lock on the same tuple8ipNote that these locks could be tuple-level, or
table-level, or anything in between, depending lo& $pecifics of the implementation. A formal
complete correctness proof of this approach catidpe easily by making minor changes to the proof
in Section 4.5.

Unlike the situation for indirect updates to matbizied aggregate join views, for direct propagate
updates the V lock will not result in increased@amnency over X locks. Our point here is to shoat th
we do not need special locking techniques to haduext propagate updates: the transactions obtain
locks as if they were doing updates indirectly (ks on the base relations they update, S lockkeon
base relations with which they join, and V lockstba materialized view.) Then the transactions can

use either update approach (direct or indirect)sditidbe guaranteed of serializability.
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4.4.2 Granularity and the No-Lock Locking Protocol

Throughout the discussion in this chapter we haanlpurposely vague about the granularity of
locking. This is because the V lock can be implet@gmt any granularity; the appropriate granularity
is a question of efficiency, not of correctnesdotks have some interesting properties with resfmect
granularity and concurrency, which we explore is gection.

In general, finer granularity locking results irghér concurrency. This is not true of V locks if we
consider only transactions that update the maizeglviews. The reason is that V locks do not
conflict with one another, so that a single taleleel V lock on a materialized view is the samehwit
respect to concurrency of update transactions,aay uple-level V locks on the materialized view.

This is not to say that a single table-level V Igukt materialized view is a good idea; indeed, a
single table-level V lock will block all readers thie materialized view (since it looks like an XHkao
any transaction other than an updater also gedtiigock.) Finer granularity V locks will let reace
of the materialized view proceed concurrently wifidaters (if, for example, they read tuples that ar
not being updated.) In a sense, a single V lockhenview merely signals “this materialized view is
being updated;” read transactions “notice” thisxalgvhen they try to place S locks on the view.

This intuition can be generalized to produce aquuol for materialized views that requires no
long-term locks at all on the materialized viewsthis protocol, the function provided by the Vkoc
on the materialized view (letting readers know ttiat view is being updated) is implemented by X
locks on the base relations. The observation thiteld locking is possible when data access pattern
are constrained was exploited in a very differanmitext (locking protocols for hierarchical database
systems) in [SK80].

In the no-lock locking protocol, like the V lockingrotocol, updaters of the materialized view
must get X locks on the base relations they upalateS locks on other base relations mentionedein th

view. To interact appropriately with updaters, madof the materialized view are required to get S
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locks on all the base relations mentioned in tleavvilf the materialized view is being updated, ¢her
must be an X lock on one of the base relationslueeh so the reader will block on this lock. Update
of the materialized view need not get V locks oa thaterialized view (since only they would be
obtaining locks on the view, and they do not caibfliith each other), although they do require short
term W locks to avoid the split group duplicatelpem.

It seems unlikely that in a practical situationstmo-lock locking protocol would yield higher
performance than the V locking protocol. The ndkltacking protocol benefits updaters (who do not
have to get V locks) at the expense of readers (velve to get multiple S locks.) However, we present
it here as an interesting application of how thenastics of materialized view updates can be

exploited to reduce locking while still guarantegserializability.

4.4.3 Applying the V Locking Protocol to Non-aggregte Join Views
Besides aggregate join views, the V locking prok@tso applies to (non-aggregate) join views of
the formJV=7{o(R, Ry 24... 5dR,)). In fact, for join views, only V locks are necessaN locks are

no longer needed unless we need to implement kegerbbcking for join views on B-tree indices (see

below). This is due to the following reasons:

(1) As discussed in Section 4.4.1, updates to mateg@dlviews must be preceded by updates to base
relations. So if two transactions using V locks Vdoconflict in the join view on some tuplgthey
must conflict on one or more of the base relatiopdated by the transactions, and locks at that
level will resolve the conflict.

(2) The split group duplicate problem does not exisjoim views.

We refer the reader to Section 4.5 for a formal glete correctness proof of this approach.
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In a practical situation, for a join view, the V locking protocol is not likely to yield Higr
performance than the traditional X locking protgaatless the join viewV contains a large number
of duplicate tuples (e.g., due to projection). Thisbecause a join view with a large number of
duplicate tuples behaves much like an aggregateview with a few tuples, as duplicate tuples are
hard to differentiate [LY@O0]. This effect is clearer from the correctnessopin Section 4.5.2.

Implementing the V locking protocol for join views the presence of B-tree indices is tricky. For
example, suppose we do not use W locks on joinsi@at is, we only use S, X, and V value locks
on join views. Suppose we implement S, X, and Wedbcks for join views on B-tree indices in the
same way as described in Section 4.3.2.1. Alsqaaga B-tree index is built on attrib@®f a join
view JV. Then to insert a new join result tupleto the join viewJV, we need to first put a V value
lock for t.a on the B-tree index. If no entry fara exists in the B-tree index, we need to find the
smallest value, in the B-tree index such that-t.a and put an X lock for valug on the B-tree index.
Unlike the W lock, the X lock for valug, on the B-tree index cannot be downgraded to ack.lo
Hence, this X lock greatly reduces concurrency. elev, we cannot replace the X lock for valge
on the B-tree index by a V lock.

To illustrate why, we use the following examplepfase the schema of the join vidwis (a, b),
and a B-tree index is built on attribudeof the join viewJV. Suppose originally the join viedV
contains two tuples (1, 7) and (4, 8). Considerftiflewing three transactiong T’, andT ”on the join
view JV. Transactionl inserts a new join result tuple (2, 5) into thejeiew JV. TransactionT”’
inserts a new join result tuple (3, 6) into thenjeiew JV. Transactionl” reads those tuples whose
attributea is between 1 and 3. Suppose we replace the Xftockaluev, on the B-tree index by a V

lock. Also, suppose the three transactiong’, andT ”are executed in the following way:
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(1) TransactionT puts a V lock 1 4
for a=2 and another V loc T \% V
for a=4 on the join viewdV.

(2) TransactionT’ finds the entries foe=1 and 1 4
a=4in the B-tree index. Transactidriputse | T Vi Vi
V lock for a=3 and another V lock foa=4 [T~ V|V
on the join viewJV.

(3) TransactionT’ inserts the tupl 1 3[4
(3, 6) and an entry fa=3into [ T Y] Y]
the join viewJV and the Biee [T/ VARY:
index, respectively.

(4) Transaction T’ commits 1 3|4
and releases the two T V V
locks fora=3 anda=4.

(5) Before transactiolT inserts the entry foa=2 into the E- 1 3] 4
tree index, transactiom” finds the entries foe=1, a=3, T vV vV
anda=4 in the B-tree index. Transactidr’ puts an S loc
for a=1 and another S lock f@=3 on the join viewlV. T7|S S

In this way, transactio “can start execution even before transaclidinishes execution. This is not
correct (i.e., serializability can be violated)chase there is a write-read conflict between tretiwa
T and transactioi ” (on the tuple (2, 6)).

To implement value locks for join views on B-treelices with high concurrency, we can utilize
the W value lock mode and treat join views in thme way as aggregate join views. For join views,
we still use four kinds of value locks: S, X, V,daW. For example, suppose a B-tree index is built o
attributea of a join viewJV. As described in Section 4.2.2.2, to insert a joresult tuplet into the
join view JV, we first put a W value lock fdra on the B-tree index. After the new join resultlaup

and its row id are inserted into the join vidw and the B-tree index, respectively, we downgréee t
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W value lock fort.a to a V value lock. To delete a join result tupfeom the join viewdV, we first put

a V value lock fot.a on the B-tree index. For join views, all the falifferent kinds of value locks (S,

X, V, and W) can be implemented on B-tree indicethe same way as described in Section 4.3.2.1.
Or, the W value lock mode can be implemented omeB-indices in a different way from what is
described in Section 4.3.2.1. For example, condfliecase that no entry for valugexists in the B-
tree index. After an entry for valug with an empty row id list is inserted into the i8¢ index, we
can downgrade the W lock for valugon the B-tree index to a V lock immediately. Tlogrectness
(serializability) of the implementation can be pedvin a way similar to that described in Section
4.3.2.3. Note here, for join views, the W valueklocode is used for a different purpose from that fo

aggregate join views.

4.5 Correctness of the V+W Locking Protocol

In this section, we prove the correctness of theW) locking protocol. The intuition for this
proof relies on the fact that if two transactioq&lating the base relations of a join viéw have no
lock conflict with each other on the base relatiohdV, they must generate different join result tuples.
Additionally, the addition operation for th8JM, COUNT, and AVG aggregate operators is both
commutative and associative.

We begin by reviewing our assumptions. We assuna¢ #m aggregate join viewJV is
maintained in the following way: first compute tjoén result tuple(s) resulting from the update(s) t
the base relation(s) @JV, then integrate these join result tuple(s) iAY. During aggregate join
view maintenance, we put appropriate locks onhallldase relations of the aggregate join view (Xe.,
locks on the base relations updated and S lockdh@rother base relations mentioned in the view
definition). We use strict two-phase locking (excépr W locks). We assume that the locking

mechanism used by the database system on theddasens ensures serializability in the absence of
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aggregate join views. Unless otherwise specifidldha locks are long-term locks that are held lunti
transaction commits. Transactions updating theezgde join view obtain V and W locks as described
in the V+W locking protocol. We make the same agstions for non-aggregate join views.

We first prove serializability in Section 4.5.1 fitve simple case where projection does not appear
in the join view definition, i.e JV=0(Ry2<... <R 2<4... X<R,). In Section 4.5.2, we prove serializability
for the general case where projection appears i® toin view definition, i.e.,

JV=r(o(R <. bR 24... <R,)). In Section 4.5.3, we prove serializability foetbase with aggregate

join views AIV= K a(Ry2<... bR 24... <R,))), whereyis one of COUNT, SUM, or AVG. The proof

in Sections 4.5.2 and 4.5.3 relies on the seriailiparesult we get in Section 4.5.1.

4.5.1 Proof for Join Views without Projection
To show that the V locking protocol keeps the isotaproperty (serializability) of transactions,
we only need to prove that for a join vieW=o(R 2<... >R 24... X<R,), the following assertions hold

(the strict two-phase locking protocol guarantéese four assertions for the base relations) [BHG87

GR93]:

(1) Assertion 1: Transactio’s writes to join viewJV are neither read nor written by other
transactions until transactidncompletes.

(2) Assertion 2: Transaction does not overwrite dirty data of other transadimnjoin viewJV.

(3) Assertion 3: Transactionh does not read dirty data from other transactiarjein viewJV.

(4) Assertion 4: Other transactions do not write anta dia join viewJV that is read by transactidn
before transactio completes.

That is, we need to prove that no read-write, \anefd, or write-write conflicts exist.
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The proof for the absence of read-write or writaereonflicts is trivial, as V, W, and X locks are

not compatible with S locks. In the following, weope the absence of write-write conflicts. Consider
the join result tuple;2<... o<t 24... X<t in the join viewJV where tuplei LR (1sisn). To update this
join result tuple in the join viewV, transactionl has to update some tuple in some base relation.
Suppose transactiohupdates tuplg in base relatiof® for somelsi<n. Then transactioil needs to
use an X lock to protect tupte”R. Also, for join view maintenance, transactibomeeds to use S
locks to protect all the other tuplédR (1sj<nh, j#). Then according to the two-phase locking
protocol, before transactiom finishes execution, no other transaction can wpdaty tuplet./ R
(1sk=n). That is, no other transaction can update the gaimeesult tuplet;2<... >t 2<... 2ty in the

join view JV until transactionT finishes execution. For a similar reason, traneact does not

overwrite dirty data of other transactions in tbim jviewJV. B

4.5.2 Proof for Join Views with Projection
Now we prove the correctness (serializability) fef ¥ locking protocol for the general case where
V=T o(R27... bR £4... <R,)). We assume that join view¥ allows duplicate tuples. If no duplicate

tuples are allowed idV, we assume that each tupleJwihas adupcnt attribute recording the number
of copies of that tuple [LY@O], otherwiseJV cannot be incrementally maintained efficiently.r Fo
example, suppose we do not maintaindiyecnt attribute inJV. Suppose we delete a tuple from a base
relationR (1si<n) of JV and this tuple (when joined with other base refe) produces tuplein JV.
Then we cannot decide whether we should delete tdmm JV or not, as there may be other tuples in
base relationr that (when joined with other base relations) alsmuces tupl¢ in JV. If we maintain

the dupcnt attribute in the join viewlV, thenJV becomes an aggregate join view. The proof for the
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aggregate join view case is shown in Section 4&l8w. Hence, in the following, we only consider
join views that allow duplicate tuples.

For a join viewJV with projection, multiple tuples idV may have the same value due to
projection. In this case, the V locking protocdbais multiple transactions to update the same tinple
the join viewJV concurrently. Hence, the proof in Section 4.5.1amger works.

We use an example to illustrate the point. Suppbseschema of base relatiénis (a, c), the
schema of base relati@his (d, €). The join viewdV is defined as follows:

create join viewlV as
selectA.a, B.e from A, B whereA.c=B.d;

Suppose base relatidy base relatio, and the join viewlV originally look as shown in Figure

4.7.
relationA relationB join view JV
ajlc dl e ae
taa | 1] 4 ter | 4|1 tvi [1]1
tA2 1 5 tBZ 5 2 tJV2 1 2
Figure 4.7 Original status of base relatiorA, base relationB, and join view JV.

Consider the following two transactions. Transaciipupdates tuplés; in base relatio® from (4,
1) to (4, 2). To maintain the join viedw, we compute the old and new join result tuples4(}4, 1)

and (1, 4, 4, 2). Then we update tuiglein the join viewdV from (1, 1) to (1, 2).

relationA relationB join view JV
alc d| e ajle
taa| 1|4 ter| 4| 2 twv| 1] 2
to| 1|5 to| 5| 2 thve | 112

Figure 4.8 Status of base relatio\, base relationB, and join view JV — after updating tuple

tBl-
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Now a second transactidn updates tuplés, in base relatio from (5, 2) to (5, 3). To maintain
the join viewJV, we compute the old and new join result tupless(15, 2) and (1, 5, 5, 3). Then we
need to update one tuple in the join vidwfrom (1, 2) to (1, 3). Since all the tuples in jb& view
JV have value (1, 2) at present, it makes no diffeeewhich tuple we select to update. Suppose we

select tupld;,, in the join viewdV for update.

relationA relationB join view JV
alc dle ale
tAl 1 4 tBl 4 2 t3v1 1 3
tA2 1 5 th 5 3 tJvz 1 2
Figure 4.9 Status of base relatio\, base relationB, and join view JV — after updating tuple
tg2.

Note transaction$; andT, update the same tupg; in the join viewdV. At this point, if we abort
transactionl;, we cannot change tuplg, in the join viewJV back to the value (1, 1), as the current
value of tuplety, is (1, 3) rather than (1, 2). However, we can pipkany other tuple (such &g) in
the join viewJV that has value (1, 2) and changes its value badlk,t1). That is, our V locking
protocol requires logical undo (instead of physigadio) on the join view if the transaction holdihg
V lock aborts.

In the following, we give an “indirect” proof of ¢hcorrectness of the V locking protocol using the
serializability result in Section 4.5.1. Our intait is that although multiple tuples in the joirewiJV
may have the same value due to projection, thegiraily come from different join result tuples
before projection. Hence, we can show serializgtily “going back” to the original join result tugs.

Consider an arbitrary databa38 containing multiple base relations and join vie®appose that

there is another databaB8’that is a “copy” ofDB. The only difference betweddB andDB’is that
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for each join view with projectiodV=7{o(R,2<... >R p<... ><R,)) in DB, we replace it by a join view

without projectiondV=a(Ry24... <R 2<4... <dR,) in DB”. Hence,JV=74JV’). Each tuple in the join

view JV corresponds to one tuglén JV’ (by projection).

Consider multiple transactiors, T, ..., andTy. To prove serializability, we need to show that in
DB, any allowed concurrent execution of these traimas is equivalent to some serial execution of
these transactions. Suppose that multiple tramseti, T, ..., andTy exist inDB . Each transaction
T’ (15j=y) is a “copy” of transactiofi; with the following differences:

(1) Suppose DB, transactiorT; reads tuplegl of JV. In DB’, we let transactioil;’ read the tupled’
in JV'that correspond td in JV.

(2) Suppose DB, transactio; updateslV by 4. According to the join view maintenance algorithm,
transactionT; needs to first compute the corresponding joinltedsplesA’ that produces, then
integrate4’ into JV. In DB, we let transactio;” updateJV’ by 4”. That is, we always keep
V= V).

Hence, except for the projection on the join views,

(1) For everyj (15 =y), transactiond;”andT; read and write the “same” tuples.

(2) At any time,DB’is always a “copy” 0DB.

For any allowed concurrent executiGk of transactiong, T,, ..., andTy in DB, we consider the
corresponding (and also allowed) concurrent exes@E’ of transactiond;’, T, ..., andT,"in DB".

By the reasoning in Section 4.5.1, we know thatDiB’, such an concurrent executi@E” of

transactionsT;’, T, ..., and Ty’ is equivalent to some serial execution of the saraesactions.
Suppose one such serial execution is transacﬁktl)nS'k'z, andi'g, where &, ko, ..., ki} is a

permutation of {, 2, ..., g}. Then it is easy to see that DB, the concurrent executioBE of
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transactiondy, T,, ..., andTy is equivalent to the serial execution of transzmth’kl, Tr oo andig :

4.5.3 Proof for Aggregate Join Views

We can also prove the correctness (serializabitifyhe V+W locking protocol for aggregate join
views. Such a proof is similar to the proof in $®@tt4.5.2, so we only point out the differences

between these two proofs and omit the details:

(1) For any aggregate join viewV= K 7{a(R.2<... <R 24... <4R,))) in DB, we replace it by a join

view JV=0(R;2<... <R 24... /<R, in DB’ Each tuple in the aggregate join vié&dV corresponds

to one or multiple tuples idV’ (by projection and aggregation). At any time, Wwe&agys keep
AJV=KIV)), utilizing the fact that the addition operatiorr fine SUM, COUNT, and AVG
aggregate operators is both commutative and asisecia

(2) In the presence of updates that cause the inseatideletion of tuples in the aggregate join view,
the short-term W locks guarantee that the “raceitiitons that can cause the split group duplicate
problem cannot occur. For each aggregate grougnyatime at most one tuple corresponding to

this group exists in the aggregate join viagy.

4.6 Performance of the V Locking Protocol

In this section, we investigate the performancehef V locking protocol through a simulation
study in a commercial parallel RDBMS. We focus lo@ throughput of a targeted class of transactions
(i.e., transactions that update a base relatioanofiggregate join view). Our measurements were

performed with the database client application aedver running on an NCR WorldMark 4400
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workstation with four 400MHz processors, 1GB maiemory, six 8GB disks, and running the
Microsoft Windows 2000 operating system. We alledad processor and a disk for each data server,

so there were at most four data servers on eadkstation.

4.6.1 Benchmark Description

We used the two relatiorimeitem and partsupp and the aggregate join viesuppcount that are
mentioned in the introduction for the tests. Thhesgas of thdineitem and partsupp relations are
listed as follows:

lineitem (orderkeypartkey, price, discount, tax, orderdate, comjnent

partsupp (partkeysuppkey, supplycost, comment)
The underscore indicates the partitioning attrisufehe aggregate join viesuppcount is partitioned
on thesuppkey attribute. For each relation, we built an indextloa partitioning attribute. In our tests,
different partsupp tuples have differenpartkey values. There ardR different suppkeys, each

corresponding to the same number of tuples inp#nesupp relation.

1]

number of tuples | total siz
lineitem 8M 586MB
partsupp 0.25M 29MB

Table 4.4 Test data set.

We used the following kind of transaction for tegti
T: Insertr tuples that have a specificderkey value into thdineitem relation. Each of thesetuples
has a different and randopartkey value and matchespartsupp tuple on thepartkey attribute. Each

of these matchedpartsupp tuples has a different (and thus randeoppkey value.
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We evaluated the performance of our V lock method the traditional X lock method in the

following way:

(1) We tested our largest available hardware configaratvith four data server nodes. This is to
prevent certain system resources (e.g., disk If@sh) becoming a bottleneck too easily in the
presence of high concurrency.

(2) We ranx T's. Each of thes& T's has a differenorderkey value.x is an arbitrarily large number.
Its specific value does not matter, as we only $oznl the throughput of the RDBMS.

(3) In the X lock method, if a transaction deadlocked aborted, we automatically re-executed it
until it committed.

(4) We used the tuple throughput (number of tuples riadesuccessfully per second) as the
performance metric. It is easy to see that thes&ation throughput = the tuple throughput In
the rest of Section 4.6, we use throughput to iteféne tuple throughput.

(5) We performed two tests:

(a) Concurrency test We fixedR=3,000. In both the V lock method and the X lock methae,
tested four casesr=2, m=4, m=8, and m=16, where m is the number of concurrent
transactions. In each case, werlgary from 1 to 64.

(b) Number of aggregate groups testWe fixedm=16 andr=32. In both the V lock method and
the X lock method, we IR vary from 1,500 to 6,000.

Before we ran each test, we restarted the computsure a cold buffer pool.

(6) We could not implement our V locking protocol iretlatabase software, as we did not have
access to the source code. Since the essence ¥f libheking protocol is that V locks do not
conflict with each other, we used the following hwat to evaluate the performance of the V lock
method. We createch copies of the aggregate join viesuppcount. At any time, each of thm

concurrent transactions dealt with a different copyuppcount. Using this method, our testing
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results of the V lock method would show slightlyfelient performance from that of an actual

implementation of the V locking protocol. This isdause in an actual implementation of the V

locking protocol, we would encounter the followiisgues:

(a) Short-term X page latch conflicts and W lock cartfli during concurrent updates to the
aggregate join vievguppcount.

(b) Hardware cache invalidation in an SMP environmeutindj concurrent updates to the
aggregate join vievguppcount.

However, we believe that these issues are minorpaced to the substantial performance

improvements gained by the V lock method over theck method (see Sections 4.6.2 and 4.6.3

below for details). The general trend shown in msting results should be close to that of an

actual implementation of the V locking protocol.

4.6.2 Concurrency Test Results

We first discuss the deadlock probability and tigigout testing results from the concurrency test

in Sections 4.6.2.1 and 4.6.2.2, respectively.

4.6.2.1 Deadlock Probability

As mentioned in the introduction, for the X lock thhed, we can use the unified formutan(1,
(m-1)(r-1)%(4R?)) to roughly estimate the probability that any pardér transaction deadlocks. We
show the deadlock probability of the X lock methlmmputed by the unified formula in Figure 4.10.

(Note: all figures in Sections 4.6.2.1 and 4.61%2 logarithmic scale for the x-axis.)
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Figure 4.10  Predicted deadlock probability of the Xock method (concurrency test).

For the X lock method, the deadlock probabilityreases linearly with botim and the fourth
power ofr. When bothm andr are small, this deadlock probability is small. Hwer, when eithem
or r becomes large, this deadlock probability approschejuickly. For example, consider the case
with m=16. Whenr=16, this deadlock probability is only 2%. However, esr=32, this deadlock
probability becomes 38%. The largerthe smallemm is needed to make this deadlock probability

become close to 1.

100% -
= 80% -
el | —&—m=2
8 ——m=4
© 60% - —o— m=8
o | ——m=16
S
O 40% -
E) i
(]
T 20% -

0% = = = a— / |
1 10 100

Figure 4.11  Measured deadlock probability of the Xock method (concurrency test).
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We show the deadlock probability of the X lock nmethmeasured in our tests in Figure 4.11 (see
above). Figures 4.10 and 4.11 roughly match. Thidgates that our unified formula is fairly good fo
the purpose of giving a rough estimate of the dezdprobability of the X lock method.

For the X lock method, to see how deadlocks infbgemperformance, we investigated the
relationship between the throughput and the de&dbocbability. By definition, when the deadlock
probability becomes close to 1, almost every trainma will deadlock. Deadlock has the following
negative influences on throughout:

(1) Deadlock detection/resolution is a time-consumingcess. During this period, the deadlocked
transactions cannot make any progress.

(2) The deadlocked transactions will be aborted arekesuted. This wastes system resources.

(3) Once deadlocks start to occur, they tend to ocepeatedly. This is because the deadlocked
transactions will be aborted and re-executed. [Qunia-execution, these transactions may
deadlock again. That is, these transactions may ledhe circle of deadlock, abortion, and re-
execution several times.

(4) Transactions that are deadlocked will not releageldcks held by them until they are aborted.
During this period, other transactions requestihgs¢ locks will be blocked. These other
transactions will not release their locks for quitene time and may block other transactions.
Hence, once the system starts to deadlock, thdaidaproblem tends to become worse and worse.

Eventually, the throughput of the X lock methodedietrates significantly.
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4.6.2.2 Throughput
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Figure 4.12  Throughput of the X lock method (concurency test).

We show the throughput of the X lock method in Fégd.12. For a givem, whenr is small, the
throughput of the X lock method keeps increasinty wi This is because executing a large transaction
is much more efficient than executing a large numidfesmall transactions. Whanbecomes large
enough (e.g.r=32), the X lock method causes a large number of deadl That is, the X lock
method runs into a severe deadlock problem. Tigetan, the smaller is needed for the X lock
method to run into the deadlock problem. Once #edtbck problem occurs, the throughput of the X
lock method deteriorates significantly. Actuallydecreases asincreases. This is because the larger
the more transactions are aborted and re-execuetbcdieadlock.

For a giverr, before the deadlock problem occurs, the throughpthe X lock method increases
with m. This is because the largaer the higher concurrency in the RDBMS. However, whes large
enough (e.g.r=32) and the X lock method runs into the deadlock [@moh due to the extreme
overhead of repeated transaction abortion and eetgion, the throughput of the X lock method

decreases amincreases.
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Figure 4.13  Throughput of the V lock method (concurency test).

We show the throughput of the V lock method in Fégd.13. The general trend of the throughput
of the V lock method is similar to that of the Xckomethod (before the deadlock problem occurs).
That is, the throughput of the V lock method inse=awith bothm andr. However, the V lock method
never deadlocks. For a givem the throughput of the V lock method keeps indrepwvith r (until all
system resources become fully utilized). Once tHeck method runs into the deadlock problem, the
V lock method exhibits great performance advantages the X lock method, as the throughput of the
X lock method in this case deteriorates signifibant

We show the ratio of the throughput of the V loc&thod to that of the X lock method in Figure
4.14. (Note: Figure 4.14 uses logarithmic scalebfath the x-axis and the y-axis.) Before the X lock
method runs into the deadlock problem, the througbpthe V lock method is the same as that of the
X lock method. However, when the X lock method rimte the deadlock problem, the throughput of
the V lock method does not drop while the throudhgdithe X lock method is significantly worse. In
this case, the ratio of the throughput of the \klatethod to that of the X lock method is greatamnth

1. For example, wher=32, for anym, this ratio is at least 1.3. When64, for anym, this ratio is at
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least 3. In general, when the X lock method rumg the deadlock problem, this ratio increases with
both m andr. This is because the largaror r, the easier the transactions deadlock in the X loc
method. The extreme overhead of repeated traneaa@kiortion and re-execution exceeds the benefit

of the higher concurrency (efficiency) brought biaerm (r).

1000 -
2 —a—m=2
E 100 - —a— m=4
5 ——m=8
& —— m=16
o)
5
o 10+
=

1= = = T )
1 10 100

Figure 4.14  Throughput improvement gained by the Mock method (concurrency test).

4.6.3 Number of Aggregate Groups Test Results

In this section, we discuss the deadlock probahalitd throughput testing results from the number
of aggregate groups test. Recall that in the nurabaggregate groups test, we fixed 16, r=32, and
let R vary from 1,500 to 6,000. We show the deadloclbahbility of the X lock method computed by
the unified formula and measured in our tests guig 4.15 (see below). The two curves in Figure
4.15 roughly match. This indicates that our uniffedmula roughly reflects the real world situation.
For the X lock method, the deadlock probabilityreases quadratically & decreases. That is, the

smaller the number of distinstippkeys R, the larger the deadlock probability.
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Figure 4.15  Deadlock probability of the X lock metlod (number of aggregate groups test).

® N o
o o o
| | |

throughput ratio

N
o
[

o

1500 3000 4500 6000
R

o

Figure 4.16  Throughput improvement gained by the Mock method (number of aggregate

groups test).

We show the ratio of the throughput of the V lockthod to that of the X lock method in Figure
4.16. In all our testing cases, the X lock methatsrinto the deadlock problem and the ratio istgrea

than 1. The smaller the number of distiagbpkeys R, the more severe the deadlock problem of the X
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lock method and the greater the ratio. That issthallerR, the greater performance advantages the V
lock method exhibits over the X lock method.

We believe that in a real world workload, it woldd common for our V locking protocol to
exhibit significant performance advantages oveltithditional X locking protocol. This is becauseain
real world workload, people may use different aggte join views that have differeRtvalues. These
R values may be either larger or smaller tharRIvalues used in our testing. However, in practice,
numberm of concurrent transactions would be much largantthe ones used in our testing. Hence,
even if theR values are larger than the ones used in our ¢gstinvould still be common for the X

lock method to have a high deadlock probability.

4.7 Conclusion

The V locking protocol is designed to support coneot, immediate updates of materialized
aggregate join views without engendering the higtk Iconflict rates and high deadlock rates that
could result if two-phase locking with S and X latlodes were used. This protocol borrows from the
theory of concurrency control for associative anthmutative updates, with the addition of a short-
term W lock to deal with insertion anomalies thegult from some special properties of materialized
view updates. Perhaps surprisingly, due to theant®n between locks on base relations and lonks o
the materialized view, this locking protocol, desd for concurrent update of aggregates, also
supports direct propagate updates and materiatiarehggregate join view maintenance.

It is an open question whether or not immediateatgsl with serializable semantics are a good
idea in the context of materialized views. Certaihlere are advantages to deferred updates, imgjudi
potential efficiencies from the batching of updades shorter path lengths for transactions thaatgpd
base relations mentioned in materialized views. &l@w, these efficiencies must be balanced against

the semantic uncertainty and the “stale data” gnolsl that may result when materialized views are not
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“in synch” with base data. The best answer to thisstion will only be found through a thorough
exploration of how well both approaches (deferrad anmediate) can be supported; it is our hope

that the techniques in this chapter can contritmtbe discussion in this regard.
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Chapter 5:  Conclusion

In a broad sense, this dissertation focused onratadeling some fundamental aspects of building
an operational data warehouse that can be usedipjpost real-time decision-making about an
enterprise's day-to-day operations. Among the langaber of challenges in achieving this goal, we
focused on two key issues: (1) providing betteleasdo early query results while queries are runnin
and (2) making the information stored in a dataslause as fresh as possible.

For the first problem, we introduced a non-blockpagallel hash ripple join algorithm to support
interactive queries in a parallel DBMS. Comparedptevious work, our parallel hash ripple join
algorithm (a) combines parallelism with sampling Speed convergence, and (b) maintains good
performance in the presence of memory overflow.uRedrom a prototype implementation in a
parallel DBMS showed that its rate of convergencales with the number of processors, and that
when allowed to run to completion, even in the eneg of memory overflow, it is competitive with
the traditional parallel hybrid hash join algorithm

For the second problem, we proposed two technitmamprove the efficiency of immediate
materialized view maintenance. We identified twoaldnges for immediate materialized view
maintenance: resource usage and lock conflicts.

With respect to the first challenge, we showed thaparallel RDBMSs, simple single-node
updates to base relations can give rise to expensli¥node operations for materialized view
maintenance. We presented a comparison of threerialated join view maintenance methods in a
parallel RDBMS, which we referred to as the naeuexiliary relation, and global index methods. The
last two methods improve performance at the cosisiig more space. The results of this study
showed that the method of choice depends on theoamvent, in particular, the update activity on

base relations and the amount of available staspgee.
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With respect to the second challenge, we showedintiraediate materialized view maintenance

with transactional consistency, if enforced by geneoncurrency control mechanisms, can result in

low levels of concurrency and high rates of deddl®@hile this problem is superficially amenable to

well-known techniques such as fine-granularity lngkand special lock modes for updates that are

associative and commutative, we showed that theségopis techniques do not fully solve the problem.

We extended previous high concurrency locking teghes to apply to materialized view maintenance,

and showed how this extension can be implementend ievthe presence of indices on the materialized

view.

(1)

(2)

3)

There is substantial opportunity for future workaperational data warehousing. For example:

To improve the visibility of the operational statisa DBMS, we can add progress indicators for
SQL queries. Supporting progress indicators for énéire breadth of the SQL standard is a
significant undertaking. For example, some of tiperoproblems are: (a) how to continuously
refine the estimated costs of UDFs and spatialigsie(b) how to provide precise estimates for
nested queries with correlated sub-queries at sonadle overhead, and (c) how to support
progress indicators for SQL queries in a parallBM>.

It would be interesting to build a workload manageirtool that makes use of progress indicators
to provide feedback on the state of the DBMS. B@m®ple, suppose that for some reason, the
DBA needs to speed up the execution of a certaarygurhe DBA might choose to block the
execution of several queries to allow more resautcebe allocated to the certain query. The
workload management tool can help the DBA chooselwhueries to block based on the state of
the queries including information such as memogges remaining query execution time, etc.

It would be interesting to use progress indicatorgacilitate automatic database administration.
For example, the user may embed triggers in a pssgindicator. The firing condition of such a

trigger can be: “send an email to the user if atevhole day’'s execution, the query finishes less
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than 10% of the work.” This trigger function candmghieved by keeping track of the history of the
progress indicator.

We intend to pursue these issues in future work.
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