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Abstract

With rapidly decreasing storage costs temporal documeaabdaes is now a viable solution
in many contexts. However, storing an ever growing datalsasestill be too costly, and as a
consequence it is desirable to be able to physically deldtesssions. Traditionally, this has been
performed by an operation calledcuumingwhere the oldest versions are physically deleted (or
migrated from secondary storage to cheaper tertiary s&dragowever, in temporadocument
databases it is more appropriate to remove intermediatéores instead of removing the oldest
versions. We call this operatiggranularity reduction In this paper we describe six approaches
to granularity reduction, and discuss advantages andisdages of these approaches. Three of
the approaches have been implemented into the V2 tempacahtent database system, and in
this context we discuss the cost of applying the approaches.



1 Introduction

Nowadays, most documents are produced electronically orpaters, and more and more of these
documents are stored in some kind of database manageméssyRreviously, often only the last
version of a document was stored. However, with rapidly éasing storage costs, it now more often
affordable to also keep the previous versions of the doctenianthe databases. An example of an
application of such systemstismporal XML/web warehousel these systems it should be possible
to query for individual pages or web sites as they were at aqpdar timeT’, query for all versions of
pages that contained one or more particular words at a pktitmeT’, etc.

Versions of documents in document databases have traalifidneen stored and retrieved using
the document name and the version number. However, with ponerful systems we can take
advantage of the temporal aspect, and make it possiblertevetiocuments based on predicates in-
volving bothdocument contentandvalidity time and in this way satisfy the query types mentioned
above. A system supporting these features is callegirgporal document database systemd we
have in previous papers described the design and impletientaf such a system: the V2 tempo-
ral document database system [9]. We have also presententlahgs for querying temporal XML
databases [8], where queries can also be on structure aasuetkt content.

However, even though storage cost is decreasing, storirgya@ngrowing database can still be
too costly in many cases. A large database can also slow dmvspeed of the database system, for
example because of the size of the indexes. As a consequeiscgesirable to be able to physically
delete old document versions. Traditionally, this has beeriormed by a process callegcuum-
ing, where the oldest versions are physically deleted, or redr&rom secondary storage to cheaper
tertiary storage.

If we compare changes between versions in relational (@ubpjlatabases and document databases,
we can make an important observation: the relative changieslen document versions is in general
much smaller than the relative changes between tuple vexsiBor example, if a tuple contains 4
fields and one field is changed, we can consider 25% of the tigleged. However, we can assume
that as much as 25% change betweendacumentersions is less frequent. The conclusion we draw
from this observation, is that we in a temporal documentlaiega should be able to remove intermedi-
ate versions instead of removing the oldest versions. Wettsaprocesgranularity reduction which
can be considered as a special case of vacuuming that isytarty applicable for temporal document
databases (for relational/object databases other dltegrtachniques can be more applicable, we will
describe some of these in Section 2. The advantage of grapukeduction compared to traditional
vacuuming is that more of the knowledge is preserved, andamestill perform queries and retrieve
useful results based on the oldest versions.

The use of granularity reduction can be illustrated by tHfdng example: Assume we have a
large number of document versions created during a relgtsteort time period. It is possible that
after a while we do not really need all these versions. Fonmgte, in most cases we will probably
not ask for the contents of a document as it was at a partitinte of the dayhalf a year ago, we
will ask for the contents for a particulatay. It is likely that if a document has a high number of
updates during a short time period, these changes are get land in many cases also individually
insignificant. Thus, after a while it is possible to reduce tranularity of the document versions
that are stored, without reducing the usefulness of thebdata An example of a simple strategy for
granularity reduction is to remove versions in a way that esalt most one version per dégft in the
database.

In this paper, we describe six approaches to granularityatioh, and discuss advantages and
disadvantages of these approaches. We discuss the cogtlyihgphe approaches, and for the three



approaches we consider most interesting we also providerpgance numbers based on their imple-
mentation in the V2 temporal document database system [9].

The organization of the rest of this paper is as follows. loti®a 2 we give an overview of related
work. In Section 3 we provide the context and general assomptve make, by giving an overview
of the V2 temporal document database system. In Section 4eserile our approaches to granu-
larity reduction. In Section 5 we describe granularity retthhn in combination with tertiary memory
migration. In Section 6 we study granularity reduction cdsinally, in Section 7, we conclude the
paper.

2 Related work

Frequently, vacuuming by cut-off points has been assumethis case, it is specified that data that
is older than a certain time should be considered inacdessild can be removed. An example of a
system supporting this strategy is POSTGRES [14], and vatguby cut-off points is also provided
by the TSQL2 temporal query language.

A more detailed description of vacuuming and associateces is given by Jensen in [5].
He argues for disciplined vacuuming, so that during subsegqueries it is possible to know that
data that could affect the result of queries is missing. Hpproach is further developed by Skyt
et al. [12], which establish a foundation for the correctgassing of queries and updates against
vacuumed databases.

Related to vacuuming is data expiration in data warehouwslere the goal is to still be able to
correctly answer a fixed set of queries. In [4] Garcia-Molatal. describes a framework for system-
managed removal of warehouse data that avoids affectingigbedefined views. In [15] Toman
presents a technique for automatic expiration of data instohical data warehouse that preserves
answers to a known and fixed set of first-order queries.

An approach with conceptual similarities to granularitduetion, is to aggregate old data/create
summary data. For example, data reduction in dimension@ warehouses can be achieved by
aggregating data to higher levels in the dimensions, agilesicby Skyt et al. [13].

3 Anoverview of the V2 temporal document database system

Three of the granularity reduction algorithms describethia paper have been implemented into the
V2 temporal document database system. In order to make apisrself-containing, and provide the
context for the rest of this paper, we give in this section aargew of V2. For a more detailed
description, and a discussion of design choices, we refi@jto

3.1 Document version identifiers
A document version stored in V2 is uniquely identified byeasion identifieVID). The VID of a
version is persistent and never reused, similar to the obigeatifier in an object database.

3.2 Time model and timestamps

The aspect of time in V2 igansaction timei.e., a document is stored in the database at some point
in time, and after it is stored, it isurrentuntil logically deleted or updated. We call the non-current



versionshistorical versions When a document is deleted, a tombstone version is writtetehote
the logical delete operation.

The time model in V2 is a linear time model (time advances fitben past to the future in an
ordered step-by-step fashion). However, in contrast totiber transaction-time database systems,
V2 does support reincarnation, i.e., a (logically) deletetsion can be updated, thus creating a non-
contiguous lifespan, with possibility of more than one tatoime for each document. Support for
reincarnation is particularly interesting in a documentatlase system because even though a docu-
ment is deleted, a new document with the same name can bed@aa later time (in the case of a
web warehouse this could also be the result of a server oiceepeing temporarily unavailable, but
then reappear later). In a document database system, gaspaksible that a document is deleted
by a mistake, and with temporal support the document can teght to life again by retrieving a
historical version and rewriting this as a new current \@rsi

3.3 Functionality

V2 provides support for storing, retrieving, and queryimgnporal documents. For example, it is
possible to retrieve a document stored at a particular finetrieve the document versions that were
valid at a particular timel” and that contained one or more particular words. In cont@shany
existing systems that support versioning of documentsg igsnan integrated concept of V2, and is
efficiently supported by the query operators.

Items in temporal and document databases have associatadateethat can be used during query
processing to filter out a subset of items for subsequentyquecessing (this metadata would nor-
mally be stored as ordinary data in the tuples/objects iatimial/object databases). The result of
execution of the operators (i.e., VIDs, document namesstamps, periods, etc.), can either be used
in subsequent “traditional” query processing employireglitional operators like selection, projection
etc., or the VIDs can be used to retrieve the actual docurmestons from the version database. V2
supports a number of operators, including operators farnétg the VIDs of all document versions
containing one or more particular words, support for teraptaxt-containment queries, as well as the
Allen operators [1], i.e.before, after, meetgtc.

V2 supports automatic and transparent compression of dectif desired (this typically reduces
the size of the document database to only 25% of the origina).s

3.4 Design and implementation

The current prototype is essentially a library, where ases$o a database are performed through a V2
object, using an API supporting the operations and opesatescribed previously. The bottom layers
are built upon the Berkeley DB database toolkit [10], whiah @mploy to provide persistent storage
using B-trees.

The architecture of V2 is illustrated in Figure 1, and the m@iodules are the version database,
document name index, document version management, tesk,iP| layer, operator layer, and
optionally extra structures for improving temporal quserieWe will now give an overview of the
storage-related modules.

3.4.1 Version database

The document versions are stored in the version databaserdér to support retrieval of parts
of documents, the documents are stored as a number of chtinkss( done transparently to the
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Figure 1: The V2 prototype architecture.

user/application) in a tree structure, where the concéen®ID and chunk number is used as the
search key. The VID is essentially a counter, and given tbetfeat each new version to be inserted
is given a higher VID than the previous versions, the documersion tree index is append-only. An
interesting side effect of this is that it is easy to lateriese all versions inserted during a certain
VID interval (which can be mapped from a time interval). Omgplecation of this feature is recon-
nect/synchronization of mobile databases, which canesadrall versions inserted into the database
after a certain VID (last time the mobile unit was connected)

In a temporal document database system, document versionsecstored asompleteversions,
or as a combination of complete versions aedtaversions. The advantage of only storing complete
versions is efficient access to particular versions. On therdhand, if delta versions are stored, one
complete version and a number of delta versions will haveetodirieved in order to reconstruct a
particular document version.

3.4.2 Document name index

A document is identified by document namewhich can be a filename in the local case, or an URL
in the more general case. Conceptually, the document naseg imas for each document name some
metadata related to all versions of the document, followeddezcific information for each particular
version. For each document, the document name and whetheiottument is temporal or not (i.e.,
whether previous versions should be kept when a new verditimeodocument is inserted into the
database) is stored. For each documaansion,some metadata is stored in structures callersion
descriptors 1) timestamp and 2) whether the actual version is storedpeessed or not. For some
documents, the number of versions can be very high. In a gueryften only want to query versions
valid at a particular time. In order to avoid having to firstrieve the document metadata, and then
read a very large number of version descriptors spread owesilply a large number of leaf nodes
until we find the descriptor for the particular version, domnt information is partitioned into chunks.
Each chunk contains a number of descriptors, valid in aqadr time range, and each chunk can be
retrieved separately. In this way, it is possible to regi@nly the descriptors that are necessary to
satisfy the query. The chunks can be of variable size, andusectransaction time is monotonously
increasing they will be append-only, and only the last chiamla document will be added to. When a
chunk reaches a certain size, a new chunk is created, andntieesewill be added to this new chunk.
We believe that support for temporal data should not siganifily affect efficiency of queries for



current versions, and therefore either a one-index appreath sub-indexes [7] or a two-index ap-
proach where current and historical information is stonedlifferent indexes should be employed.
One of our goals is to a largest possible extent using strestilhat can easily be integrated into exist-
ing systems, and based on this we have a two-index approdhblk pseferred solution. An important
advantage of using two indexes is that the current versidaxrcan be assumed to be small enough
to always fit in main memory, making accesses to this indey gkeap. The disadvantage of using
one index that indexes only current document versions, ardindex that only indexes historical
versions, is potentially high update costs: when a temmlmaliment is updated, both indexes have to
be updated. This could be a bottleneck. To avoid this, weatligtuse a more flexible approach, using
one index that indexes the most recenlocument versions, and one index that indexes the older
historical versions. Every time a document is updated aadhfreshold of. version descriptors in the
current version index is reached, all but the most recersiordescriptors are moved to the historical
version index. This is an efficient operation, effectivedynoving one chunk from the current version
index, and rewriting it to the historical version index.

3.4.3 Textindexing

A text-index module based on variants of inverted lists isdus order to efficiently support text-
containment queries, i.e., queries for document versibas ¢ontain a particular word (or set of
words). In our context, we consider it necessary to suppgrachic updates of the full-text index, so
that all updates from a transaction are persistent as wéthasediately available. This contrasts to
many other systems that base the text indexing on bulk up@dtesgular intervals, in order to keep
the average update cost lower. In cases where the addittosaincurred by the dynamic updates is
not acceptable, it is possible to disable text indexing @aémable it at a later time. When re-enabled,
all documents stored or updated since text indexing wabldidavill be text indexed. The total cost
of the bulk updating of the text index will in general be chesaghan sum of the cost of the individual
updates.

As mentioned previously, one of our goals is that it shoulgbssible to use existing structures
and indexes in systems, in order to realize the V2 structuféss also applies to the text-indexing
module. In the index, one or more chunks is used for each inded. Each chunk contains the index
word, and a number of VIDs. For each VID inserted into the ¢htime size increases, until it reaches
its maximum size (we use a value of 400 B). At that time, a neunkhs created for new entries
(i.e., we will in general have a number of chunks for each xedeword). The size of text indexes is
reduced by using compression of VIDs.

4  Granularity reduction

Granularity reduction is the process of removing a numbedafument versions. The process can
conceptually be divided into two parts: 1) determine the(sef versions that should be removed (in

practice a set of VIDs), and 2) physically remove the versicd@ranularity reduction can be applied

to a single document only, or to a set of documents (posslbioauments in the database, including

those that are logically deleted).

In practice, granularity-reduction can be performed in pinases as described above, or the ver-
sions can be removed immediately, as soon as they are iddntiihe advantage of removing the
versions as soon as they are identified is that the relevatatdaia is already resident in main mem-
ory. However, the removal of items in the text index is a mudrercostly operation than removing



the actual version. In order to reduce this cost it is advgetas to remove a number of versions in
batch so that disk-arm movement can be reduced. This is fiv@agh used in our implementations.
As will be shown later, it is in some cases also necessaryeprpcess the sét before the versions
are removed. This can be the case when adaptive methods ortanadion of granularity-reduction
approaches is used.

There is a number of possible approaches to granularityctemhy and in this paper we will
concentrate on the following:

. Naive.
. Time.

. Periodic.

1
2
3
4. Similarity.
5. Change.
6

. Relevance.

Before we describe the approaches in more detail, it can ékilu® have in mind that what will be
the best approach for a given application, depends very ronclihether the documents are mostly
document-centric (most often documents meant for humasuroption, like books, papers, etc., and
can be various formats like plain text, HTML, XML, or even prietary formats like MS Word), or
data-centric (often XML documents meant for computer camsion).

We will now describe the approaches in more detail. We detingt¢imestamp of a documeny;
asT;. The granularity reduction is applied to all theersions of a document created before a certain
time T, i.e., all versions with a timestamify < 7. For simplicity we assume that this time range
might include the current version, so we always keep theme®.. We denote this set of candidate
versionsD = Dq,...,D., whereT; | < T; forall 1 < i < ¢. The goal is to identify the s&¥
containing the version®; that should be removed because of granularity reduction.

The versions irD are versions of the same document. If granularity shouldopéed to a number
of documentsj (which could even be all documents in the database), thalagtanularity reduction
algorithm should be applied separately onjaflocuments, creating a s6%. for each document. The
final result set is then the union of the individual resulssee.,.G = G1 U ... UG;.

4.1 Naive granularity reduction

The most basic approach to granularity reduction is to resnevery R document version, where
R > 1. Note that in the special case &f = 1 all candidate versions are removed, and this equals
vacuuming all versions witll’ < T. This also applies to the other approaches, where specatca
exist that will result in removal of all candidate versions.

The algorithm for naive granularity reduction is outlinedAlgorithm 1, and the result of applying
this algorithm is illustrated in Figure 2b. The problem witiis approach can be illustrated with an
example where many versions are created close in time, fomple during a revision process. Using
the basic approach, many of these versions will be kept,endther versions, already covering large
time ranges, will be removed.



Algorithm 1 Naive granularity reduction.
G=10
k=(c+1)—R
while £ > 0 do
addD, to G
k=k—R
end while

PO OO0

1 2 5 9 123 16 22 25 [

(a) Before granularity reduction.

OO 01—

1 2 5 9 123 16 22 25 [

(b) Result of naive granularity reduction with = 2.

0100 — ¢

1 2 5 9 123 16 22 25 I

(d) Result of periodic-based granularity reduction with = 5.

Figure 2: lllustration of the different results of applyingive, time-basedndperiodic-basedyranu-
larity reduction on a document. The horizontal line is timediline, numbers denote time, and a circle
denotes a document version stored in the database. A \iditieandicates a removed version.



4.2 Time-based granularity reduction

The most straightforwardnd usefulapproach to granularity reduction is time-based granwylae-
duction, where the strategy is to delete versions that argeclin time tharir. The algorithm for
time-based granularity reduction is outlined in Algoritnand the result of applying this algorithm
is illustrated in Figure 2c.

Algorithm 2 Time-based granularity reduction.
G=10
Tprev =T
for k = cdownto 2 do
if (T;m"ev — Tk:—l) < Tr then

addD,_;to G
else
prev =T},
end if
end for

In this context we emphasize that reducing the granulasityot always appropriate. For example,
in the context of newspapers on the web, reducing the gratyufeom 1 day to 1 week means that
we keep only every 7th version, and the problem here is thairitermediate versions are just as
important as the ones left in the system.

4.3 Periodic-based granularity reduction

Algorithm 3 Periodic-based granularity reduction.
G=10
t=Tqa—Tp
k = ¢ — 1 {Keep versionD, because it covers }
while £ > 0 do

if T, > t then
addD, to G
else
if T}, = t then
t=t—Tp
else
t=t—Tpx[(t—Tx)/TpP]
end if
end if
k=k—1
end while

In the periodic-based approach to granularity reductibe,versions to keep are the ones created
at a periodic interval, for example to keep one version frarerg Sunday. In that case, the starting
point T should be a Sunday, afdth equal 7 days. With this approach, at most one version is kept f
each period'’p, and it is also possible that the same version could be vatichbre than one period.
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The algorithm for periodic-based granularity reductioroiglined in Algorithm 3. The result of
applying this algorithm is illustrated in Figure 2d. Here wan also see the different result when
applying the period-based approach, compared to the teseebapproach.

4.4 Similarity-based granularity reduction

Algorithm 4 Similarity-based granularity reduction.
G=10
Dprev =D,
for k = cdownto 2do
if sim(Dprev, Di—1) > d then

addD,_;to G
else
prev = Dy,
end if
end for

The approaches to granularity reduction described so &sianple approaches that do not con-
sider the actual contents. A more adaptive and “intelliyapproach is the similarity-based approach,
which uses the actual similarity between document versiordecide which versions should be re-
moved.

We use the vector space model [11] for similarity measuresgerapecifically the popularosine
similarity measureThis measure is known to perform well, and is relativelyaghéo compute. Using
the vector space model, a document verdigns represented by a vector

di = (wi,l, Wi 2, .- ,w@t)

where eachy; ; is a weight (number of occurrences in our case) for the teordvy in the docu-
ment version (the same word should of course have the sant@®pos the two vectors representing
two documents to be compared). The similarity between twaude@nt versiond); and D; can be
expressed as:

sim(Di, D]) = ] — Zk v L * wj’k

il 5| \/kagk* \/Zk w?,k

Using this measure;im = 1 for two identical documents, andm = 0 for two documents that share
no terms. If the similarity between two document versidhsand D, is greater than a threshold
d, document versiorD; can be removed, based on the assumption that small chargesohably
error correction or similar. The algorithm for similarityased granularity reduction is outlined in
Algorithm 4.

Using similarity-based granularity reduction, it might dificult to know what is a reasonable
value for the threshold, and it is also possible that reasonable values differ from d@ocument to
another. In order to solve this problem, it is possible to aseadaptive process where the amount
of data reduction is specified, for example that only a faact of the versions should be left after
reduction. This can be achieved as follows:

1. In the first step, all document versions are read and therdent vectors are created.
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2. In the second step, Algorithm 4 is applied with differeatues ofd until only a fractionp of
the document versions are left, i.8=| = pc.

4.5 Change-based granularity reduction

Algorithm 5 Change-based granularity reduction.
G=10
Dprev = Dc
for k = ¢ downto 2 do
if diff( Dprey, Dk—1) < d then

addD,_;to G
else
prev = Dy,
end if
end for

The similarity/vector approach only considers words, aotlthe structure of the documents. In
order to compare documents based on structure, a charigedéd approach can be used. Using
this approach, the difference between two versions areuleaéd using a functiowi f f (D, D,)
that calculates the difference between the document vexdip and D,. A difference ofd = 0
means that the documents are identical, and a high differereans the document versions have few
(or no) similarities. If the difference between two documearsionsD; and D;, is less than a
thresholdd, document versio; can be removed, based on the same assumption as beforthaie.,
small changes are probably error corrections or similare @lgorithm for change-based granularity
reduction is outlined in Algorithm 5.

Thedi ff function can be based on an algorithm that produces an eit $a set of basic
edit operations that will transform a documef, into documentD,, examples of operations are
insert line and delete ling. The result of thedi f f function can for example be a weighted sum
of the operations, because an operation inserting or dgletiline should contributed more than an
operation that simply inserts (or deletes) a single lettksing this result directly is difficult, because
the value when applied to large documents will typically aegér than the value when applied to
small document. Normalizing the result into the raf@e, 1.0] is difficult, but dividing the result by
the number of lines or number of characters of the documersa “partial normalization”, although
not limited to values < 1.0.

The basicdi f f function considers the documents as simple text. This idaino thedi f f
command in Unix. However, for HTML and XML document, diff algthms that consider the hi-
erarchical structure are more appropriate, and as a rdmilsytstem should support more than one
algorithm for thedi f f function. For example, the basiti f f function can use the same algorithm
as used by mangli f f command implementations [6], while an improvedf f function can be
provided to be used for XML documents. This improwdidf f can use an XML diff algorithm, for
example as proposed by Cobena et al. [3], or by Wang et al. [tl§fhould be noted that in the context
of granularity reduction, speed is likely to be more impaottthan a high-quality diff algorithm that
could give an optimal/minimal result. This should be coesédi when comparing possible algorithms.

The adaptive technique described for similarity-basedgerity reduction can also be applied
for change-based granularity reduction.
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4.6 Relevancy-based granularity reduction

Algorithm 6 Relevancy-based granularity reduction.
G=10
for k=1tocdo
if rank(Dy,) < r then
addD, to G
end if
end for

The ideal goal in granularity reductiontis keep those versions that are most rele\and as such
contribute most knowledge to subsequent queries. Thusamugarity reduction based on relevancy,
all document versions with a relevancy rank below a threshaire removed. This is illustrated by
Algorithm 6.

The relevance of a document is traditionally calculavéth respect to some quei(pr set of
queries)). However, at granularity reduction time, we do not gengrihow the future queries.
Thus, the problem i® find a relevancy measure without the exact knowledgg ®¥e can distinguish
between plain text documents, and documents that in addiio contain links (for example HTML
or XML documents).

Relevance of plain text documents. In traditional information retrieval systems, as well asb\Ve
search engines, result documents are ranked by relevaased lon a particular query. One possible
approximation in our context, is to maintain statisticsrae most common search words and search
phrases. The rank of a document versigycan be calculated by using the similarity measure between
the document version and the most frequiesearch phrases;:

rank(D;) =Y _ sim(D;, Sy)
k

Other traditional text document ranking algorithms cam dis used, for example based on statistical
measures such as query term frequency and inverse docuraguefcy of the term. An alternative
or extension to future query prediction is to use metadat@mrasxample length of the document or
language.

It is also possible to base relevance of a document versidghenumber of previous retrievals,
for example by keeping a counter for each document versibe.cbunters should be normalized with
respect to age of document versions. This is achieved byadguecrementing all counters. In this
way, the counters reflect the actual access pattern. Wheouardmt version is inserted, the counter
is initialized to the current average of counter values. @srgaccess, the counter is incremented by
one (if it already has the maximum possible value, it shoolthe changed). The cost of maintaining
the counters is marginal. For example, in a 10 GB databageanitiverage document size of 20 KB,
the number of document versions is 500000. Assuming 4 B foh eaunter, only 2 MB of main
memory is needed to store the counters (they should alwaysdeory resident). It is not critical
if some updates to the counters are lost after a crash, saiffiigient to regularly checkpoint the
counters to disk. This can be done in one efficient write dpmrgwhich in this example takes less
than 100 ms using a modern disk).
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Relevance of documents containing links. For documents containing links, for example in the
context of a temporal web warehouse, it is possible to empfligitional techniques to determine
relevance. These can be based on the page-ranking algstitiatrare used for web pages, for example
using the strategy used in Google, where the rank of a docuimieamputed as a combination of the
PageRank [2] which is based on links, and the relevance afrdent with respect to query words.

Due to the problem of predicting future queries, it can beeexgd that the first five approaches to
granularity reduction in general will give a more desiratdsult than using relevancy-based granular-
ity reduction. However, if we want to perform data reductmmdocuments where only one version
of each document exist (the algorithms above are intendeeflucing the number of versions of a
particular document), the first five approaches are not eplple. In that case, the relevancy-based
approach can prove useful.

4.7 Combining approaches

In very large document databases where the cost of usindasityi or change-based granularity
reduction on all document versions is too costly, it can beefieial to use a low-cast granularity
reduction approach (naive, time-based, and period-based)filtering step before applying one of
the more costly approaches.

5 Granularity reduction and tertiary memory

Until now, we have assumed that document versions identifigidg the granularity reduction process
should be physically removed from the system. However,taraise of granularity reduction (and
vacuuming in general), is to move data from secondary sto(eggeneral harddisk) to cheaper and
larger tertiary memory (for example tape or optical stojage

If moving data to tertiary storage, there is a choice whetherindexes that index the data on
tertiary storage should also be stored/migrate to tertsoyage, or if the indexes on secondary stor-
age should be used to index the actual data that have beerdnmteztiary storage. In a document
database, the text index is the most space-consuming ca@nponaddition to the documents them-
selves. However, the space usage of a space-efficient theet tan be expected to be less that 5% of
the document size, so that it is in many cases feasible totkegpdexes on secondary storage. In our
context, there is an additional reason why we see this adibeth@vhen possible: the text-indexing
operation is costly. If the index entries should also be atignt to tertiary storage, they have to be
removed from one text index, and inserted into another tekéx. By keeping them on secondary
storage this costly operation is avoided, only the mappigtgvben VID and physical location needs
to be updated. Updating the mapping requires one updateeiddbument name index, however,
because the mapping information for the versions of a pdaicdocument is clustered together, the
average cost will be much less than one index node.

6 Granularity reduction cost

The cost of granularity reduction can be divided into twotgarThe first part is determining the
versions to be removed (creating the &ebf VIDs as described previously), and the second part of
the cost is the cost of physically removing the versions hBaists depend on which approach is used.
The granularity reduction approaches can be classifiedwaaategories:
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1. Approaches that only consider the version metadata ¢temgp) and where it is not necessary to
load the document itself. This is the case for the naive-etjrand periodic-based approaches.
The algorithms behind these approaches are also commahyiaheap.

2. Approaches that actually compare the contents of therdenuversions, and where the docu-
ment versions will always have to be retrieved. This is theeaat the similarity-, change-, and
relevancy-based approaches. Especially in the case oh#rgye-based approach the CPU cost
can also be significant (but in this context it should be ndbad the cost can be much lower if
the document versions are stored as delta documents irafteathplete documents).

In order to give an idea of the cost involved in deciding real@andidates in granularity reduction, as
well as the cost of removing the document versions, we hapé&eimented three of the approaches into
the V2 temporal document database system: the time-, periahd similarity-based approaches.
These were chosen because they 1) represent both the tetedescribed above, 2) they have a
predictable performance in terms of quality of documensiaer selection, and 3) they are intuitive
for the users/administrators of such a system. We will nove gome performance results from the
granularity reduction of a temporal document database.pEned-based approach has the same cost
as the time-based approach, and is therefore omitted frerfotlowing discussion.

6.1 Testdata

In order to get some reasonable amount of test data for o@rements, we have used data from a set
of web sites. The available pages from each site have beenloased once a day, by crawling each
site starting with the site’s main page. This essentiallyvjgtes an insert/update/delete trace for our
temporal document database.

The initial set of pages was of a size of 91 MB (approximaté€l@Qdo web pages). An average of
approximately 500 web pages were updated each day, ap@at®etin800 web pages were removed
(all pages that were successfully retrieved on dajyput not available at day, ., were considered
deleted), and approximately 350 web new pages were insefféls, on average approximately
850 versions were inserted into the database for each dag.aVérage size of the updated pages
was relatively high (the raw pages that are stored in thebdat also contains HTML formatting
information), resulting in an average increase of the werslatabase of 45 MB for each set of pages
loaded into the database.

6.2 System configuration

For our experiments, we used a computer with a 1.4 GHz AMD &thCPU, 1 GB RAM, and 3
Seagate Cheetah 36es 18.4 GB disks. One disk was used fquatating system (FreeBSD) and the
V2 system, one disk for storing the database files, and the disk was used for storing the test data
files (the web pages). We configured the system so that th®reatatabase and the text index had
separate buffers, and the size of these was explicitly sHd@VB and 200 MB, respectively.

6.3 Results

In the experiments we measured the cost of determining theutarity reduction se€; when all
historical document versions are considered. This codtustiated in Figure 3 for the time- and
similarity-based granularity reduction approaches. Téwt of the time- based approach as illustrated
in Figure 3a is low because the document versions themsedtvest have to be retrieved. When the
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Figure 3: Cost of determining granularity reduction éeind the cost cost of granularity reduction
with immediately delete for the time- and similarity-baggdnularity reduction approaches. The size
of the database is given as updates (each day is one updataftar 200 days the size of the version
database is 9.5 GB.

document versions have to be retrieved, as is the case wirenthe similarity-based approach, the
cost is much higher. This as illustrated in Figure 3b.

The cost of the actual removal of the document versions ishnimigher than the cost of deter-
mining GG, as can be seen from Figure 3. Note that the removal cost aigheoaches can not be
compared to each other based on the numbers on the graphssbezach of the approach resulted in
a different number of documents bring removed: The cost t#rd@ning G is a function of the total
number of historical document versions in the databasecdbeof removing the document versions
is a function of number of elements @. It should be noted that the increase in cost with increasing
database size (and size @) in Figure 3 is relatively high. The reason is that for smatlatabase
sizes most of the index structures fit in main memory, whikeldioger databases this is not the case.
Thus, for most typical applications, where very large das#s compared to main memory can be
expected, the cost for large databases in the figures willds relevant.

In the experiments, the resulting database size afterypeirig granularity reduction was approx.
30% when using the time-based approach. For the similaeged approach the resulting database
size after granularity reduction usirbg= 0.7, ranges from 30% (down from 1.2 GB to 0.37 DB) for
the small-sized database, to 15% (down from 9.5 GB to 1.4 GBhk largest sized database.

For both approaches, the removal cost will in most cases kst significant. The exception is
of course when only a very small number of document versimmpared to the total number of
document versions that have to be considered, are to be szginov

It should be noted that in the case of migration of documentsrtiary storage while keeping the
text index on secondary storage, the cost will be much lowke document versions will have to be
removed from the version database and the document name Wwitidave to be updated with the
new physical address of the document versions, but thesatapes will not involve much random
disk accesses, so the cost will be relatively low.
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7 Conclusions and further work

In this paper we have described granularity reduction, itsign be considered as a special case of
vacuuming that is particularly applicable for temporal doent databases.

We described algorithms for granularity reduction apph#es; and discussed advantages and dis-
advantages of these approaches. We discussed the efficktheyapproaches, and for three of them
we also provided performance numbers based on their impittien into the V2 temporal document
database system.

For future research, we would like to explore further theigssrelated to relevancy of documents.
As noted, that approach can be useful for determining idd&i one-version/non-temporal documents
from the system that are candidates for removal.
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