Chapter 5

Temporal Access Methods

Traditional databases capture a single (usually the most recent) state of the modeled
reality. Thisimplies that only queries about this captured state can be answered.
There are however many time-varying applications that deal with historical (past)
data, aswell as current, or even data about the future. To address these applications
temporal databases have been proposed. Such databases model reality through the
use of two orthogonal time dimensions: the valid and transaction times. Depending
on which time dimension(s) is supported, atemporal database is characterized as
transaction-time, valid-time or bitemporal. Supporting temporal data adds extra
database functionality since it allows queries about the modeled reality’s past,
current or future behavior. However, it also creates the novel problem of efficiently
managing temporal data. In this chapter we first briefly present the basic
characteristics of the two time dimensions and what it means to design indices that
support them. While the problem of indexing valid-time databases can be reduced to
indexing dynamic collections of interval data (and thus one could use the methods
from Chapter 4), indexing transaction-time and bitemporal databases requires new
approaches. In particular we present four transaction-time methods (the Snapshot
Index, the Time-Split B-tree, the Multiversion B-tree and the Overlapping B-tree)
and a bitempora method (the Bitemporal R-tree). We also discuss temporal hashing,
the temporal anal ogue of external hashing in a transaction-time database.

1 INTRODUCTION

The term “temporal database” refersin general to a database that supports sometime
domain and is thus able to manage time varying data [ Ozsoyoglou and Snodgrass,
1995]. There have been two orthogonal time dimensions proposed in literature,
namely, transaction time and valid time [Jensen et al., 1994]. Transaction time isthe
time when afact is stored in the database. VValid time is the time when afact
becomes effective (valid) in reality. In addition, the term user-defined time has been
introduced to represent an uninterpreted time domain managed by the user; we will
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not discuss user-defined time any further. The name “transaction-time” was coined
since DBMSs are transactional in nature, i.e., datais entered by the means of
transactions.

It is important to realize the orthogonality of the vaid and transaction
time dimensions. While in various applications we typically assume that data
about afact is entered in the database at the same time as when it happensin
the real world (i.e, valid and transaction time coincide), there are many
other applications where this assumption does not hold. Consider for
example a sales database, where data about sales at a given day are recorded
at the end of the day (when batch processing of al data collected during the
day is performed). Each data record represents a sde and has a different
valid time (the actua time of the sale) than transaction time (the time this
record was entered in the database). Interestingly, note that recorded valid
times may represent later times than the transaction which recorded them.
For example, a contract may be vaid for a period of time that is later than
the (transaction) time when thisinformation was entered in the database.

A basic property of transaction time is that it always increases. This is
consistent with the serialization order of transactions in a database system. A
newly submitted transaction gets a unique id by reading an ever-increasing
counter. In a transaction-time database each newly recorded piece of datais
timestamped with a new, larger, transaction time. This transaction time can
simply be the transaction-id of the transaction that entered this data into the
database. The immediate implication of this property is that previous
transaction times cannot be changed (since every new change must be
stamped with a new, larger, transaction time). Thisis useful for applications
where every action must be registered and maintained unchanged after
registration, like in auditing, billing, etc. Note that a transaction-time
database records the history of a database activity rather than real world
history. As such it can “rollback” to, or answer queries for, any of its
previous states.

A valid-time database on the other hand, maintains the entire temporal
behavior of an enterprise as best known now. It stores our current knowledge
about the enterprise's past, current or even future behavior. If errors are
discovered about this tempora behavior, they are corrected by modifying the
database. In generd, if the knowledge about the enterprise is updated the
new knowledge modifies the existing one. When a correction or an update is
applied, previous values are not retained. It is thus not possible to view the
database as it was before the correction/update.

Note that updates in a valid-time database can apply to any point in the
vaid time domain. In contrast, in a transaction-time database, updates
happen in increasing transaction time order. Hence valid-time databases are
usually termed as supporting “changes anywhere (in the valid time domain)”
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while transaction-time databases support “changes in increasing order (of
transaction time) . Since no information about the past is changed, a
transaction-time database “ appends-only” information.

By supporting both valid and transaction time, a bitempora database
combines the features of the other temporal database types. While it keepsits
past states it aso supports changes anywhere in the valid time domain.
Hence it more accurately represents reality.

Critical in the design of any access method is the accurate specification of the
problem that needs to be solved. Thisis particularly important in temporal databases
since the problem specification depends dramatically on the time dimension(s)
supported. Whether valid and/or transaction time are supported, affects directly the
way records are created or updated. To exemplify the distinct characteristics of the
transaction and valid time dimensions, we present separate abstract models
describing the central underlying problem for each kind of temporal database. This
discussion has been influenced by [ Snodgrass and Ahn, 1986] where the differences
between valid and transaction time were introduced and illustrated through various
examples. Here we attempt to identify the implications to the index design from the
support of each time dimension.

11 Transaction-time Index Char acteristics

To apprehend the abstract model for a transaction-time database, consider an
initially empty collection of objects S This collection evolves over time as changes
are applied. Time is assumed discrete and always increasing. A changeisthe
addition or deletion of an object or the value change of an object’s attribute. A real
life example would be the evolution of the employeesin a company. Each employee
has a surrogate (ssn) and a salary attribute. The changes include additions of new
employees (as they are hired or re-hired), salary changes or employee deletions (as
they retire or leave the company). Each change is timestamped with the time it
occurs (if more than one changes happen at a given time, al of them get the same
timestamp). Note that an object attribute value change can be simply “seen” asthe
artificial deletion of the object followed by the simultaneous rebirth (at the same
time instant) of this object having the modified attribute value. Hence in the rest we
concentrate only on object additions or deletions.

An object istermed “alive” from the timethat it is added in the collection and until
(if ever) it isdeleted from it. The set Jt) consisting of al alive objects at timet, is
termed the state of the evolving collection at t. A representative evolution shown as
of timet = 53 appearsin Figure 5.1. Lines ending to “>" correspond to objects that
have not yet been deleted at t = 53. For simplicity, at most one change per time
instant is assumed. For example, at timet = 10 the state is (10) ={u, f, c}. The
interval created by the consecutive time instants during which an object is alive,
correspondsto a lifetime interval for this object. In Figure 5.1, the lifetime interval
for object bis[2,10). An object can have many but non-overlapping such lifetime
intervals.
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Figure 5.1. An example of atransaction-time evolution.

Note that changes are always applied to the most current state St), i.e., past states
cannot be changed. That is, at time t = 17 the deletion of object d is applied on S16)
={u,f, ¢, d, g} tocreate J17) = {u, f, ¢, g}. Thisimpliesthat at timet = 54 we
cannot retroactively add an object to state §(5) nor we can change the interval of
object d to become [15, 25). All such changes are not allowed as they would affect
previous states and not the most current state S53).
Assume that the history of the above evolution is to be stored in adatabase. Timeis
awaysincreasing and the past is unchanged. For this reason, a transaction time
database can be utilized with the implicit updating assumption that when an object is
added or deleted from the evolving set at timet, a transaction updates the database
system about this change at the same time, i.e., this transaction has commit
timestamp t.
When anew object is added in the collection at timet arecord representing this
object is stored in the database accompanied by a transaction-time interval of the
form [t, now). In this setting, now is a variable representing the current transaction
time. It is used because at the time the object is added in the collection it is not yet
known when (if ever) it will be deleted from it. If this object is later deleted at time
t', the transaction-time interval of the corresponding record is updated to [t, t'). A
real-world object deletion is thus represented in the database asa “logical” deletion:
the record of the deleted object is still retained in the database but accompanied by
an appropriate transaction-time interval. Since the past is kept, a transaction-time
database conceptually stores and can thus answer queries about any past state S(t).
Based on the above discussion, if we design an index for a transaction-
time database, this index needs to: (a) store past logicd states, (b) support
addition/del etion/modification changes on the objects of the current logica
state, and, (c) efficiently access and query any database sate.

1.2 Valid-time Index Characteristics

Since afact can be entered in the database at a different time than when it happened
in reality, the transaction-time interval associated with arecord is actually related to
the process of updating the database (the database activity) and may not accurately

represent the period the corresponding object was alive in reality. Thusavalid-time
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database has a different abstraction. To visualize it, consider a dynamic collection of
interval-objects. We use the term interval-object to emphasize that the object carries
avalid-timeinterval to represent the validity period of some object property. (In
contrast, and to emphasi ze that transaction-time represents the database activity
rather than reality, we term the objects in the transaction-time abstraction as plain-
objects.)

The allowable changes in this environment are the addition/del etion/ modification of
an interval-object. A difference with the transaction-time abstraction is that the
collection’s evolution (past states) is hot kept, that is, an update is physical (rather
than logical). An example of adynamic collection of object-intervals appears at
Figure 5.2. Assume the collection (a) has
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Figure 5.2. Two vaid-time databases.

been recorded in some erasable medium and a change happens, namely object |, is
deleted. This change is applied on the recorded data and physically deletes object |,.
The medium now stores collection (b), i.e., collection (a) is not retained. Itis
interesting to see that if we consider the valid time dimension, changes do not come
in increasingtimeorder any-more; rather they can affect any interval in the
collection. Thisimplies that we can even correct errorsin previously recorded data.
However, only asingle data state is kept, the one resulting after the correction is
applied.

Asaresl-life example consider the collection of contractsin acompany. Each
contract has an identity (contract_no) and an interva representing the contract’'s
duration or validity. In collection (a) we knew about four contracts in the company.
But assume an error was discovered: contract 1, was never a company contract
(maybe it was mistakenly entered). Then, thisinformation is permanently deleted
from the collection, which now looks asin collection (b).

A valid-time database is suitable for this environment. When an object is added to
the collection, it is stored in the database as a record that contains the object’s
attributes (including its valid-time interval). The time of the record’s insertion in the
database is not recorded. When an object deletion occurs, the corresponding record
is physically deleted from the database. If an object attribute is modified, its
corresponding record attribute is updated but the previous attribute value is not
retained. Hence, a valid-time database keeps only the latest “snapshot” of the data.
Querying a valid-time database cannot give any information on the past states of the
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database or how the collection evolved; it gives us only the view of reality as“ best
known now”! For example, by looking at Figure 5.2b (which isthe only data
available) thereis no way to say if we ever had any contract |.

The notion of time is now related to the valid-time axis. Given a valid-time point,
interval-objects can be classified as past, future or current as related to this point, if
their valid-time interval is before, after or contains the given point. Valid-time
databases are said to correct errors anywhere in the valid-time domain (past, current
or future) because the record of any interval-object in the collection can be changed,
independently of its position on the valid-time axis. Note that a valid-time database
may store records with the same surrogate but with non-intersecting valid-time
intervals. For example, we could add another |, interval in the collection Figure 5.2b
aslong asit does not intersect with the existing I interval; the new collection will
contain both I, intervals. Thisis fine since each interval represents object I, at
different timesin the valid-time dimension.

From the above discussion, an index used for a valid-time database
should: (@) store the latest collection of interval-objects, (b) support addition/
deletion/modification changes to this collection, and, (c) efficiently query the
interval-objects contained in the collection when the query is asked.
Consequently, a valid-time index manages a dynamic collection of intervals
and therefore methods from Chapter 4 are applicable.

13 Bitemporal Index Characteristics

Redlity is more accurately represented if both time dimensions are supported. A
bitemporal database has the characteristics of both approaches. Its abstraction
maintains the evolution (through the support of transaction-time) of a dynamic
collection of (valid-time) interval-objects. Figure 5.3 offers a conceptua view of a
bitemporal database. Instead of a single collection of interval-objectsthereisa
sequence of collections indexed by transaction time. Instead of maintaining asingle
collection of interval-objects (as a valid-time database) a bitemporal database
maintains a sequence of such collections C(t;) indexed by transaction time. In this
environment we can represent how our knowledge about company contracts
evolved. In Figure 5.3, the t-axis (v-axis) corresponds to transaction (valid) times. At
transaction time t; the database starts with interval-objects I, and I,. At t, anew
interval-object |, isrecorded, etc. At ts the valid-time interval of object I, is modified
to anew length.
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Figure 5.3. A bitemporal database.

When an interval-object |; isinserted in the database at transaction-timet arecord is
created with the object’s surrogate (contract_no I;) and valid-time interval (contract
duration) and an initia transaction-time interval [t, now). The transaction-time
interval’s right endpoint will be changed to another transaction time if this object is
later updated. For example, the record for interval-object I, has transaction-time
interva [t,, ty) since it wasinserted in the database at transaction-time t, and was
“deleted” at t5. Note that the collections C(t3) and C(t4) correspond to the collections
(a) and (b) of Figure 5.2, assuming that it was at time t, when the erroneous contract
|, was deleted from the database.

Based on the above discussion, an index for a bitempora database
should: (i) store past states, (ii) support addition/de etion/modification
changes on the interval-objects of its current logical state, and, (iii) efficient-
ly access and query the interval-objects on any state.

Figure 5.3 summarizes the differences among the underlying problems of the
various database types. Each collection C(t;) can be thought on its own as a separate
valid-time database. A valid-time database differs from a bitemporal sinceit keeps
only one collection of interval-objects (the latest). A transaction-time database
differs from a bitemporal database in that it maintains the history of an evolving set
of plain-objects instead of interval-objects. A transaction-time database differs from
aconventional (non-temporal) database in that it also keeps its past states instead of
only the latest state. Finally, the difference between a valid-time and a conventional
database is that the former keeps interval-objects (and these intervals can be
queried).

Since both bitemporal and transaction-time databases maintain their past database
states they must deal with the management of an ever increasing amount of
historical data. Managing such data implies the ability to efficiently address queries
about it. Note that sequentia scans through the stored data can answer any query but
thisis not efficient, simply because new datais appended. A common practice to
organize large amounts of data isthe use of indices (or access methods) that will
efficiently address some of the most common queries to the database. Traditional
indices like the B*-tree or the R-tree are not efficient for bitemporal and transaction-
time databases because the do not take advantage of the special characteristics of
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transaction time (i.e., that transaction time is a\ways increasing and that changes are
aways applied on the latest database state). In the rest of this chapter we concentrate
on efficient indices for such databases.

2. TRANSACTION-TIME INDEXING

2.1 Basic Queries and Straightforward Approaches

Common transaction-time queries contain a range predicate on the object surrogates
(keys) and an interval predicate on the object transaction time lifetimes. For
example, “find all objects with keysin range [K,, K;] whose lifetimes intersect
interval T". We will concentrate on timeslice queries, that is, queries where the
interval T is reduced to a single transaction time instant t. In particular we will
discuss three timeslice queries of interest:

— the pure-timedice query where no key range predicate is defined (“find all
employees that were working in the company on January 1%, 1999"),

— therange-timeslice query where akey range is defined (“find the employees
with idsin range [100, .., 900] that were working in the company on January 1%,
1999"), and

— —thetemporal membership query where the key range isreduced to asin-gle
key (“find if employee with id 501 wasin the company on January 1st, 1999").

Aswith any index, the performance of atransaction-time index is characterized by

the space used by the index, the update processing (time to update an index about a

change) and the query time. In atransaction time environment, the space isa

function of n, the total number of changesin the evolution. That is, nisthe
summation of insertions, deletions and modification updates. For example, if there

are 1,000 updates to a database with only one record, nis 1,000. If there are 1,000

insertions to an empty database and no deletions or attribute value modifications, n

isalso 1,000. Similarly, for 1,000 insertions followed by 1,000 deletions, nis 2,000.

Note that n corresponds to the minimal information needed for storing the whole

evolution.

[Salzberg and Tsotras, 1999] show alower bound for answering pure- and range-

timeslice queries. In particular, any method that uses linear space (i.e, O(n/B) pages,

where B is the number of object records that fit in a page) would need O(loggn +

§/B) 1/O'sto answer atimeslice query (where an I/O transfers one page and s

corresponds to the size of the answer, i.e., the number of objects that satisfy the

query). Thereisaclear intuition behind this lower bound. Any method definitely
needs O(s/B) page I/O's simply to output the answer to the query. Moreover, note
that the answer to a query about some timet is affected by changes that happened up
totimet; later changes do not affect state St). The O(loggn) part is needed to locate
the position of timet among the n changes in the evolution. Since these changes are
ordered by the time they occurred alogarithmic search suffices. The above bound
assumes that a query is answered with the same efficiency independently from
whichtimet it asksfor. Thisisdifferent from cases where the query efficiency



Temporal Access Methods 85

depends on t (for example if queries on more recent times should have faster query
response than queries on earlier times).
There are two obvious but clearly inefficient waysto solve timeslice queries, the
copy and the log approaches examined below. For simplicity consider a pure-
timeslice query. The copy approach stores the whole current state S(t) for every
change instant (i.e., atime instant when at |east one change occurred). Then the I/O
for answering a pure-timeslice query about time t isminimal: O(loggn + §/B). This
assumes that the change instants are indexed by a multi-level index (like a B*-treg).
Thisindex will provide fast access (O(loggn)) to the stored state S(t') wheret’ isthe
largest changed instant less or equal to t. Reading the answer takes another O(s/B)
1/0’s. However, the update time (time to store every state) and the space can be
problematic, i.e. O(n/B) per change and O(n/B) pages respectively, sincein the
worst case the state could always be increasing by insertions of new objects.
The log approach keeps all the changes timestamped with the time they occurred in
alog. The space requirement is now minimal, just O(n/B) pages. Similarly, the
update cost is minimal (O(1)), as only the last page of the log is accessed to insert
the new change. But the query time of this method suffers. In the worst case one has
to search back the whole log, resulting in O(n/B) 1/0’s query time.
The copy and log solutions provide the two extreme approaches regarding query
time and space/update performance. One could create variations of the two by
storing copies of some (not al) of the states S(t) and the changes in between the
copies. This mixture is bound to behave asymptotically as the copy or log
approaches depending of how often copies of t) are kept. If infrequent copies are
stored then the number of the changes between these copiesis large and the method
works asymptotically as the log approach; if the number of changes between the
copiesis kept constant then the method will asymptotically behave like the copy
approach.
Fortunately, for the timeslice queries there are indices that achieve the lower query
bound using linear space. We call such indices I/O-optimal. In particular, the
Snapshot Index [ Tsotras and Kangelaris, 1995] uses O(n/B) space, O(1) update per
change (in the expected amortized sense due to the use of a hashing scheme) and
solves a pure-timeslice query about time t in O(loggn + 5/B) 1/0's; here sisthe
cardinality of state (t). The Multiversion B-tree (MVBT) [Becker et al., 1996], and
its refinement the Multiversion Access Structure (MVAS) [Varman and Verma,
1997], use O(n/B) space, O(logsm) update time per change and solve a range-
timeslice query about timet in O(loggn + /B) 1/0’s; here m corresponds to the size
of the current state of the evolving set when an update is made on it, while sisthe
number of objects from S(t) that satisfy the key range query predicate. While both
the MVBT and MVAS structures use linear space, the MVAS uses improved
merge/split policies, which result to a smaller constant in the space bound.
Obvioudly, an index that can efficiently address a range-timedice query
can aso address a pure-timeslice query with the same efficiency, but not
vice-versa. However, such index requires logarithmic update time. This is
because updates come in transaction-time order but not necessarily in object
key order. To answer range-timeslice queries efficiently, new updates have
to be ordered in the key space. In contrast a method that addresses pure-
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timedlice queries has to smply provide al objects as of the time of interest
with no particular key order resulting in faster updates. Such performance
may be needed for applications where the observed set evolves rather rapidly
and the database system needs to follow the evolution quickly.

Similarly, an index that can answer range-timeslice queries can also answer

temporal membership queries (smply reduce the range to asingle key). This will
again introduce a logarithmic overhead. [Kollios and Tsotras, 1998] present a better
solution for temporal membership queries based on temporal hashing.

2.2 The Snapshot Index

The Snapshot Index [ Tsotras and Kangelaris, 1995] concentrates on the pure-
timedice query, i.e, givent find St). Conceptually it consists of three data
structures:

1. amultilevel index that essentially provides access to the latest change that
occurred before or at timet,

2. amulti-linked structure among the |leaf pages of the multilevel index (this
structure has the form of aforest of trees where tree nodes correspond to data
pages; it is caled the access forest and hel ps finding the query answer for any
givent), and,

3. ahashing scheme that provides access to object records by key; this schemeis
used for update purposes.

A real-world object is represented by a record with atime-invariant surrogate (object

id), atime-variant attribute and a semi-closed transaction-time interval of the form:

[start_time, end_time). When a new object is added at time t, anew record is created

withinterval [t, now] and is stored sequentialy in a data page. At any given instant

there is only one data page that stores (accepts) records and it is called the acceptor
page. When an acceptor page is created it is also put at the end of adoubly linked
list L; thislist enables the creation of the access forest. When the acceptor page
becomes full of object records, a new acceptor page is created (and is also added at
the end of list L). Up to now, the Snapshot Index resembles alinked “log” of pages
that stores object records.

There are four main differences from aregular log: the use of the hashing scheme,

the in-place deletion updates, the notion of page usefulness and the access forest.

The hashing function is used for updating object records when their corresponding

object is deleted. At each time, the hashing scheme provides access to the records of

al alive objects at that time. Thus, for each new object record created, the hashing
function will store the object id of this record together with the address of the
acceptor page that storesit. Object deletions are not added at the end of the log.

Rather an object deletion results to changing the end_time in the interval of the

deleted object's record (in-place update). The record of the deleted object isfound by

the accessing the hashing scheme. After the record of a deleted object is updated, its
object id is removed from the hashing scheme. As with alive objects, a record with
end_time equal to now istermed “alive” elseitiscalled “deleted”.

For I/O optimal performance, the answer to any given query must be clustered to as

few pages as possible. This means that each data page accessed for answering a
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query about some timet should provide enough part of the answer St), i.e., enough
records that were alive at t. Without efficient clustering the query time may need to
access O(s) data pages (if each accessed data page resultsin asingle alive record
from the answer St)) which is clearly not optimal.
To achieve this objective, the notion of usefulnessis introduced. In particular, a data
page is defined to be useful for:
— dl timeingtants, for which it was the acceptor page, or,
— dfter it ceased being the acceptor page, for al time instants, for which the page
contains at least uB alive records.
For al other instants, the page is called non-useful. The useful period [u.start_time,
u.end_time) of a page forms a“usefulness’ interval for this page. The u.start_timeis
the time instant the page became an acceptor page. The u.end_timeisinitialy
unknown (set to now, the variable representing the ever increasing transaction time).
If the page becomes non-useful at timet its u.end_time is updated from now to t. The
usefulness parameter u (where 0 < u < 1) isa constant that tunes the behavior of the
Snapshot Index.
To answer a pure-timeslice about time t the Snapshot Index needs only access the
pages useful at t (or equivalently, those pages that have at least uB records alive at t)
plus at most one additional page, the page that was the acceptor at t. This page may
contain less than uB records from the answer but the query performanceis not
affected since there is only one such page per query (at each time thereisasingle
acceptor page).
Finding the useful pages at timet isfacilitated by searching through the access
forest. We proceed with a description of how the accessforest is created. At each
timet, list L contains the useful pages at that time. When a new acceptor page is
created, it is by definition a useful pagethusit is entered at the end of list L. Assume
that at some t a data page becomes non-useful. Then its alive records are copied to
the current acceptor page. This copying is performed for the following reason: since
the Snapshot Index will access only the useful pages for a given time, a query about
t will not access this page; however, the records of this page that were alive at t will
be found at the page where they were copied (that page was an acceptor at timet so
it will be accessed).
In addition, the non-useful data page isremoved from list L and islogically placed
as achild under the previous data page in the list. Thus while a page remains useful
(andisthusinlist L) it may acquire a subtree of non-useful pages (thus the name
access forest). Figure 5.4 illustrates the access forest for a given collection of
usefulnessintervals. In Figure 5.4a the usefulnessinterval of each data page as of
time 80 is depicted. An openinterval at timet = 80 represents a data page being
useful at that time. Figure 5.4b illustrates the access forest asit isat timet = 79 (now
in this figure corresponds to time 79). A record <page-id, page-useful eness-period>
represents each page. Page SP denotes the artificial page on the top of list L. Figure
5.4c illustrates the access forest at time t = 80. At that time page C became non-
useful (because some deletion reduced the number of alive recordsin C below the
uB threshold). Asaresult it is removed from L and placed (together with its subtree)
under the previous page in the list, page D. The multilevel index and the hashing
scheme are not shown.
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Figure 5.4. The access forest for a given collection of usefulness intervals.

When a page moves under another page, it carries with it its whole subtree (if any).
To avoid cases where there is no previous data page in list L, we assume that the
first page entered in list L isan “artificial” page that remains useful for ever (page
SPin Figure 5.4). This artificial page does not store any data records.

The access forest has the following properties: (a) At each time instant, the root of
each treein the access forest liesin list L. (b) The u.start_time fields of the data
pagesin atree are organized in a preorder fashion. (c) The usefulnessinterval of a
page, includes al the corresponding intervals of the pagesin its subtree. (d) The
usefulnessintervals[d;, &) and [di.1, €+1) Of two consecutive children under the same
parent page may have one of two orderings: d; < e < di.; <€+ 0r d <disy1 <€ <€y1.
A timeslice query for timet is answered in two steps. First, the page that was
acceptor at timet isfound through the multilevel index. This structure indexes the
u.start_time of al the data pages. When a new acceptor page is created, a
<u.start_time, page id> record is added to the index; page id isthe unique identifier
of this page. Since acceptor pages are created at increasing time instants, the index
pages are easily “packed” with records (the index increases only through its right
path). Let Y be the acceptor page at time t. Finding Y through the multilevel index
takes O(loggn) 1/O's. The remaining useful data pages at t are found by traversing
the access forest. Thistraversing is done very efficiently using the access forest
properties [Tsotras et al., 1995].
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Consider the path p of the access forest that starts at page Y and goes from child to
parent until the root of the tree that contains Y is reached. Thisroot may be Y itself if
Yisstill “useful” when the query is asked. Or, it may be another data page that is
gtill inlist L (or it may be artificial page SP). Path p divides the access forest pages
in three logical sets: set-1 that contains the pages that are on path p, set-2 with the
pages that are on the left of the path, and, set-3 with the pages that are under the path
and on its right. From the access forest property (b), set-3 contains pages created
after t that clearly should not be checked for usefulness as they became useful after t.
All the pagesin set-1 (starting with Y itself) were in useful mode at timet; thisis due
to property (c).
To complete the search for useful pages, our method must also find which of the
pages from set-2 were useful at timet. The search starts from page Y. Then the left
sibling of Y (if any) is checked to seeif it isuseful at t. After this, for any page
encountered in useful mode the search continues
— toitssubtree starting from its rightmost child, and,
— toitsleft sibling.
Thisisrepeated at each level. For the pages that are in path p the subtree search
starts from the page that isin the path p. When a page is encountered that was not
useful at time t the method does not check its left sibling or its subtree as no useful
pages can be found towards these directions. The search stops when no new useful
page isfound. Therefore, to find all the useful pages our method checks at most
twice as many pages in the access forest. As an example consider finding the useful
pages at time t = 60 from Figure 5.4. The correct answer is: F, C, D while the
agorithm checks pages: F, C, D, SP and A. For time t = 50, the correct answer is: C,
D, A, E, and the algorithm checks exactly these pages as well as the artificial page
SP.
Asaresult, the Snapshot Index solves the pure-timeslice query using O(logsn + §/B)
1/O'sfor query time. It can be easily seen that the extra space used by the page
copying remains linear to the number of changes [Tsotras and Kangelaris, 1995]
thus the space remains O(n/B). The update processing is O(1) update per change (in
the expected amortized sense, assuming the use of a dynamic hashing function
[Driscall et al., 1989]). The index performance can be fine-tuned by parameter u.
Larger u means faster query time in the expense of more copies. Since more spaceis
available, the answer would be contained in a smaller number of useful pages.

To answer range-timeslice queries the Snapshot Index must first compute
the whole timedlice. This is in general the trade-off for the fast update
processing provided.

2.3 The Time-Split B-tree

To answer atransaction range-timeslice query efficiently, it is best to cluster data by
both transaction time and key within pages. Then “logicaly” related datafor a
range-timeslice query are co-located, minimizing the number of accessed pages.
Methods in this category are based on some form of a balanced tree whose | eaf
pages dynamically correspond to regions of the two dimensional transaction time-
key space. An example of a page containing atime-key range is shown in Figure
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5.5. Each object update (creation, deletion or attribute value change) creates a new
version for the object. Here, at transaction time instant 5, a new version of the record
with key cis created. At time 6, arecord with key g isinserted. At time 7, anew
version of the record with key b iscreated. At time 8, both c and f have new
versions and

key T }

5 6 7 8 910 12 14 15 18

DT O QD QT

time — g
Figure 5.5. Each page is storing data from a time-key range.

record h is deleted. Each line segment, whose start and end time are represented by
ticks, represents one object version. Each such version corresponds to a record that
occupies space in the disk page.

While changes ill occur in increasing time order, the corresponding
keys on which the changes are applied are not in order. Thusthereisaloga
rithmic update processing per change so that datais placed according to key
valuesin the above time-key space.

Each node in the TSB-tree describes arectangle in time-key space. The TSB-tree
data nodes contain records of the form <key, time, attr>. Key is the object surrogate,
attr is the value of atime dependent attribute and time corresponds to the transaction
time this record was created. It should be noted that the TSB-tree was designed to
index temporal applications where the mgjority of changes are new object additions
and object modifications while object deletions are rare. This explains why asingle
time attribute (instead of alifetimeinterval) is used per record. Each object update
creates a new record (version) which remains valid until a new version is created.
Deletions are till supported: anew record is created at the time of the deletion,
carrying a special attribute value that denotes that the corresponding object was
actually deleted at that time.

The TSB-tree index nodes contain records that are triplets of the form:
<key,time,pointer>. Time and key respectively denote the low time value and the low
key value for the rectangular region of time-key space accessible by the lower-level
node pointed by the pointer. The range of time values of an index termisitstime
span and the range of key values it key span. An example of a TSB-tree appearsin
Figure 5.6.

Consider searching for the record of key k valid at time t. The search begins at the
root of the tree. At each index node, we ignore al triplets with times later than the
search time. Among the rest of the tripletsin a node we find the triplet with the
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largest key that is smaller or equal to the search key k. If the node contains many
such triplets of key k we find the most recent version (among the non-ignored
versions). The pointer in thistriplet is followed and the search is repeated until aleaf
isreached.

At the leaf (data page) we look for the record with key k and the largest time that is
less or equal tot. For example, to find the record with key 60 that isvalid at time 7,
weignore all the entriesin the index page with time > 7. Among the remaining we
find the largest key less or equal to 60 with the largest time. Thisistriplet <50, 1,
C>. Inthat data page, the record <60, 1, Joe> satisfies the query. The TSB-treeis
searched similarly for arange-timeslice query with key range [k, ko] . Now at each
visited node the whole query range is taken into account (i.e., we look for the triplet
with the smallest key that is larger than or equal to k).

Index page
[ <50,1,y> [ <100,1,4> | <50,8¢> | <80,8,¢> |
| I
data page C
| <60, 1, Joe> | <90, 5, Peter> | |
data page A  /
| <120, 7, Alice> |<110, 11, John>| |
data page D
| <60, 8, Tom> | <70, 10, Bill> | |
data page B \
| <80, 9, Mary> | <90, 5, Peter> | <95, 8, Joan> |
(a) the TSB-tree
key A
A
100
B
80 C
D
50
»
1 8 now time

(b) the time-key space it indexes
Figure 5.6. An example of the TSB-tree.

To achieve data clustering by time and key, the TSB-tree follows various splitting
policies. In particular, when a data page becomes full, if the number of distinct keys
in this page is below some threshold (say 2/3 of the total number of records in the
page) then atime-split is performed. A time split copiesthe entries that are valid at
the time of the split to a new page (similar to the copying procedure in the Snapshot



Temporal Access Methods 92

Index). The existence of low number of distinct keysimplies that there have been
many versions of these keys. However, the new page will carry only the latest
versions of each key. The TSB-tree allows to split using other times than the current
time, too. Time splits create extrarecord copies but they allow clustering together
records that are valid at the same time. Without this redundancy, long-lived records
can only be stored in one place. No matter what strategy is chosen to store such a
long-lived record without redundancy, some timeslice queries will be inefficient.

If the number of distinct keysis larger than the threshold then aplain key
split is performed, i.e., the records in the page are divided based on their key
attribute (and not the time). The existence of alarge number of digtinct keys
implies that the data page had mainly insertions of new records (with very
few updates); hence atime split would not help asit would copy most of the
records to anew page.

There is however a problem with pure key splits. The decision on the key splitsis
made based on the alive keys at the time the key split is made. For example in
Figure 5.7, the key split istaken at time t = 18, when there are six keys alive, thus
they are separated three per new page. However, this key range division does not
guarantee that the two pages will have enough alive keysfor all previous times; at
timet = 15 the bottom page has only one key alive.
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(a) the old TSB node just before the key dlit
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(b) the new nodes created in the TSB tree by the key-split

Figure 5.7. An example of a plain key-split.

Suppose you have a database where most of the changes are insertions of
records with anew key. Astime goes by, in the TSB-tree, only key splits are
made. After awhile, queries as of a past time will become inefficient. Every
timeslice query will have to visit every node of the TSB-tree since they are
al current nodes. Queries as of a recent time, will be efficient since every
node will have many dive records. But queries as of the distant past will be
inefficient since many of the current nodes will not contain records, which
were alive at that distant past time.

In addition the TSB-tree merely posts deletion markers and does not
merge nodes which become sparse of alive records. If no merging of nodes
is done, and there are many record deletions, a node may contain few current
records. This could make current search slower than it should be.
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Thus the worst case search time for the TSB-tree can be O(n/B) for atransaction

(pure or range) timeslice. Pages may be accessed which have no answersto the

query. The MV BT structure presented below solves these problems by:

— aways performing atime split before akey split and

— consolidating (a specia form of merging) nodes that become sparse of alive
records.

Index nodes in the TSB-tree are treated differently from data nodes. The
children of index nodes are rectangles in time-key space. So making a time
split or key split of an index node may cause a lower level node to be
referred to by two parents.

Index node splits in the TSB-tree are restricted in ways which guarantee
that current nodes (the only ones where insertions and updates occur) have
only one parent [Lomet and Salzberg, 1989]. This parent is a current index
node. A time split can be done on any time before the start time of the ol dest
current child. If time splits were allowed at current transaction time for index
nodes, lower level current nodes would have more than one parent. A key
split can be done at any current key boundary. This also assures that lower
leve current nodes have only one parent.

24 The Multiversion B-tree

The MVBT approach transforms a timedlice query to a partialy persistence
problem. In particular, adata structure is called persistent [Driscoll et a., 1989] if an
update creates a new version of the data structure while the previous version is still
retained and can be accessed. Otherwisg, if old versions of the structure are
discarded, the structure is termed ephemeral. Partial persistence implies that only
the newest version of the structure can be modified to create a new version (i.e.,
changes are applied only to the newest version). In full persistence every version can
be modified.

The key observation isthat partial persistence “suits’ nicely with a transaction-time
evolution since changes are always applied on the latest state St) of the evolving set
(recall Figure 5.1). To support key range queries on agiven St), one could use an
ephemeral B*-tree to index the objectsin (t) (that is, the keys of the objectsin S(t)
appear in the data pages of the B*-treg). As S(t) evolves over time through object
changes, so does its corresponding B*-tree. Storing copies of al the states the
ephemeral B*-tree took during the evolution of S(t) is clearly inefficient. Instead one
should “see” the evolution of the ephemeral B'-tree as a partially persistence
problem, i.e., as a set of updates that create subsequent versions of the B*-tree.
[Driscall et al., 1989] shows how to make an ephemeral linked main-memory data
structure partially persistent. [Becker et a., 1996] describes how to make an
ephemeral external method, like the B*-tree, partially persistent. Below we discuss
this approach.

Conceptually the MVBT stores all the states assumed by the ephemeral B*-tree
through its transaction-time evolution. Its structure is a directed acyclic graph of
pages. This graph embeds many B*-trees and has a number of root pages. Each root
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is responsible for providing access to a subsequent part of the ephemeral B*-tree’s
evolution.

Datarecordsin the MVBT leaf pages maintain the transaction-time evolution of the
corresponding B*-tree data records (that is, of the objectsin S(t)). Each record is
thus extended to include an interval [insertion-time, deletion-time), representing the
transaction-times that the corresponding object was inserted/deleted from St). Thus
the MVBT directly represents object deletions. This resembles the transaction-time
lifetime used in the Snapshot Index records. Index records in the non-leaf pages of
the MVBT maintain the evolution of the corresponding index records of the
ephemeral B*-tree and are also augmented with insertion-time and deletion-time
fields. Therefore each (data or index) record has a transaction interval during which
itiscaled alive.

Assume that each pageinthe MVBT has a capacity of holding B records. A pageis
called aliveif it has not been time-split (see below). With the exception of root
pages, for al transaction-times t that a page is alive it must have at least g records
that are alive at t (g < B). Thisissimilar to the page usefulness property of the
Snapshot Index. Again, this requirement enables clustering of the alive objects at a
given timein asmall number of pages, which in turn will minimize the query 1/0.
Thefirst step of an update (insertion or deletion) at the transaction time t locates the
target leaf pagein away similar to the corresponding operations in an ephemeral B*-
tree. Note that this step is carried out by taking into account the transaction-time
intervals of theindex and data records visited, i.e., only the latest state of the
ephemeral B*-tree is traversed. An update leads to a structural change if at least one
new page is created. Non-structural are those updates which are handled within an
existing page.

After locating the target leaf page, an insert operation at the current transaction time
t adds a data record with a transaction interval of [t, now) to the target leaf page.
Thismay trigger a structural change in the MV BT, if the target leaf page aready has
B records. Similarly, a delete operation at transaction timet finds the target data
record and changes the record's interval to [insertion-time, t). This may trigger a
structural change if the resulting page ends up having lessthan g alive records at the
current transaction time as a result of the deletion. The former structural changeis
called a page overflow; the latter is a weak version underflow [Becker et al., 1996].
Page overflow and weak version underflow need special handling: atime-splitis
performed on the target leaf-page. The time-split on apage x at timet, is performed
by copying to a new page y the records alive in page x at t. Page x is considered dead
after timet. (We can assume that the deletion-time field of al of x'salive recordsis
changed to t even though thisis not needed in practice). Then the resulting new page
has to be incorporated in the structure. Briefly, there are three cases for handling the
new pagey.

First, if the number of recordsiny are within a certain specified range,

y isdirectly inserted in the MV BT structure. (This specified range is known a priori.
In short, the number of records should be between g+e and B-e whereeisa
predetermined constant. Constant e works as a buffer that guarantees that a new
structural change to the new page y can happen only after at least e new changes).
The page insertion is carried out by accessing the parent page of x, marking the
index record to x as deleted at the current timet, and inserting a new index record
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pointing to page y. (Conceptually thisimplies that page x is dead, i.e., not accessed
for times larger than t). Even though these changes occur in an internal page, they
are similar to insertion and deletion of data records in aleaf-page and are handled
identically. Similarly, these insertions and del etions can create new changes up the
tree to the ancestors and so on.

The second caseisif the resulting page y has more records than the specified range;
thisis called a strong version overflow condition and is handled by splitting y into
two pages and then accommaodating these pages in the structure in a manner similar
to the one described above.

Thethird caseisif pagey hasless records than the specified range; this condition is
called a strong version underflow and is handled by merging y with another
“sibling” page and then accommodating the new page(s) in the MV BT structure.
Since updates can propagate to ancestors, aroot page may become full and time-
split. This creates a new root page which in turn may be split at a later transaction
time to create another root and so on. By construction, each root of the MVBT is
alive for a subseguent, non-intersecting transaction-time interval. Efficient access to
the root which was alive at time t is possible by keeping an index on the roots,
indexed by their time-split times. Since time-split times arein order this root index
iseasily kept (thisindex is called the root* in [Becker et a., 1996]). In general, not
many splits propagate to the top so the number of root splitsis small. Hence the
root* structure can be kept in main memory.

Answering a range-timeslice query on transaction timet has two parts. First, using
the root index, the root alive at t isfound. This part is conceptually equivalent to
accessing S(t) or, more explicitly, accessing the ephemeral B*-tree indexing the
objects of Jt). Second, the answer is found by searching thistree in a top-down
fashion asin aregular B*-tree. This search takes into account the record transaction
interval. The transaction interval of every record returned or traversed should
include the transaction time t, while its key attribute should satisfy the key query
predicate. Answering arange query on atransaction timeinterval P =[t, ') is
similar. First al roots with transaction interval intersecting P are found. Starting
from thefirst alive root, MVBT pages are recursively accessed provided that they
have objects whose lifetime intervalsintersect P. Since the MVBT isagraph, some
pages are accessible by multiple roots. A method to avoid re-accessing pagesis
presented in [Van den Bercken et a., 1996].

It can be shown [Becker et ., 1996] that the above splitting/merging policies use
space that is still linear to n (i.e., O(n/B)). The update processing is O(logsm) per
change where misthe size of St) when the change took place. Thisis because a
change that occurred at time t traverses a B*-tree on the m elements of (t). A range-
timedlice query takes O(loggn + 9/B) 1/O's.

The MVAS [Varman and Verma, 1997] issimilar to the MVBT, however
it achieves a smaller constant on the space bound by using better policies to
handle the cases when key-splits or merges are performed. There are two
main differences in the MVAS policies. The first deals with the case when a
node becomes sparse after performing a record deletion. Instead of aways
consuming a new page (as in the MVBT), the MVAS tries to find a sibling
with free space where the remaining alive entries of the time-split page can
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be stored. The conditions under which this step is carried out are described
in detail in [Varman and Verma, 1997]. The second difference deals with the
case when the number of entries in a just time-split node is below the pre-
specified threshold. If a sibling page has enough alive records, the MVBT
would copy al the sibling's alive records to the sparse time-split page thus
“deleting” the sibling page. Instead the MVAS will copy only as many aive
records from the sibling page, needed for the time-split page to avoid
violating the threshold. The above two modifications reduce the extent of
duplication, hence reducing the overall space. Asaresult the MVAS reduces
the worgt case storage bound of MV BT by afactor of 2.

25 The Overlapping B-tree

Aswith the MVBT approach the evolving set t) isindexed by aB*-tree. The
intuition behind the Overlapping B-tree [Manol opoul os and Kapetanakis, 1990;
Burton et al., 1985] is that the ephemeral B*-trees of subsequent versions (states) of
St) will not differ much. The Overlapping B-tree is thus a graph structure that
superimposes many ephemeral B*-trees (Figure 5.8). An update at sometimet
creates a new version of §t) and anew root in the structure. If a subtree does not
change between subsequent versions, it will be shared by the new root. Sharing
common subtrees among subsequent B*-trees is done by having index nodes of the
new B*-tree point to nodes of previous B*-tree(s). An update will create a new copy
of the data page it refersto. Thisimpliesthat a new path is aso created leading to
the new page; this path isindexed under the new root.

root of old root of new
version version

shared  shared old shared new

Figure 5.8. The Overlapping B-tree.

To address a range-timeslice query for a given transaction time t, the latest root that
was created before or at t must be found. This is done by timestamping the roots
with the transaction time of their creation. These timestamps can be easily indexed
on a separate B*-tree. Thisis similar to the root* structure of the MVBT however,
the Overlapping B-tree creates a new root per version. After the appropriate root is
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found, the search continues by traversing the tree under this root, asif an ephemeral
B'-tree was present for state St).

Updating the Overlapping B-tree involves traversing the structure from the current
root version and | ocating the data page that needs to be updated. Then a copy of the
page is created as well as a new path to this page. Thisimplies O(logsm) 1/O’s per
update, where mis the current size of the evolving set.

The advantage of the Overlapping structure isin the simplicity of its
implementation. Note that except the roots, the other nodes do not involve any
timestamping. Such timestamping is not needed because pages do not have to share
records from various versions. Even if asingle record changes in a page, the page
cannot be shared by different versions; rather a new copy of the pageis created. This
however comes at the expense of the space performance. The Overlapping B-tree
occupies O(n logsn) pages since in the worst case, every version creates an extratree
path. Further performance results on this access method can be found in
[Tzouramaniset d., 1999].

2.6 Temporal Hashing

As already described, transaction-time indices like the TSB-tree, MVBT, MVAS or
the Overlapping B-tree, correspond to transaction-time ana ogues of an ephemeral
B*-tree. In this section we discuss temporal hashing which is the temporal analogue
of ephemeral external hashing. We assume again a collection of objects sthat
evolves over time and we are interested in answering membership queries for any
state S(t) that collection Sexhibited. Such membership queries include a temporal
predicate asin: “find whether object with identity k wasin St)”.

Asin the ephemeral case (B*-tree versus hashing), one could use a temporal index to
address temporal membership queries by simply reducing the search key rangeto a
single value k. This however will introduce the usual logarithmic search and update
overhead. There are applications where this overhead may be a disadvantage. For
example, admission control and security applications are more interested at the
whereabouts of a given object at agiven time (or interval), instead of a collection of
objects. Temporal hashing can a so be useful as a partitioning method for expediting
temporal join queries. For example, given two time-evolving sets X and Y, join their
states at timest; and t, (that is, find the objects common to states X(t;) and Y(t,)).
Before joining the two large sets, the temporal membership property is used to
partition each set into smaller disjoint subsets, in away that every subset from the
first set isjoined with only one subset from the second set. A byproduct of
partitioning (and thus of the membership property) is query parallelism. That is, the
above temporal joins can be performed faster, if the corresponding set partitions are
joined in parallel.

Assume that for every time t when §(t) changes (by adding/del eting objects) we
could have a good ephemeral dynamic hashing scheme h(t) that maps efficiently the
objectsin §t) into a collection of buckets b(t). One straightforward solution to the
temporal hashing problem would be to separately store each collection of buckets
b(t) for each t. Answering a temporal membership query for object k and time t
requires first applying h(t) on k and then accessing the appropriate bucket of b(t).
Thiswould provide an excellent query performance (as it uses hashing scheme h(t)
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for each t), but the space requirements are prohibitively large. Flashing each b(t) on
the disk could easily create O(n?) space.
A better solution isto use again the partial persistence approach. The partially
persistent hashing of [Kollios and Tsotras, 1998] indexes the evolution of each
bucket using the Snapshot Index [ Tsotras and Kangelaris, 1995] (one index per
bucket ever used). The method behaves as if a separate hashing scheme is available
on every state S(t) but uses space linear in (the number of updates) n.
Assume for example that each state (t) is hashed using a Linear Hashing scheme
h(t) (the methodology applies similarly to other ephemeral hashing schemes). There
are two basic time-dependent parameters that identify h(t) for each t, namely i(t) and
p(t). Parameter i(t) is the round number at timet. The value of parameter p(t)
identifies the next bucket to be split.
An interesting property of Linear Hashing is that buckets are reused; when round
i+1 startsit has double the number of buckets of round i but the first half of the
bucket sequence is the same since new buckets are appended in the end of the file.
Let byt denote the longest sequence of buckets ever used during the evolution of
S(t) and assume that by consists of buckets:
0,1, 2, ..., 2°'M-1. The above observation implies that for all t, b(t) (the collection of
buckets used at timet) isaprefix of by INadditioni(t) <q,/7t.
Consider bucket by from the sequence by (0 <j < 2°M-1) and observe the collection
of objects that are stored in this bucket as time proceeds. The state of bucket b; at
timet, namely by(t), is the set of objects stored in this bucket at t. Let Co(t) denote
the number of objectsin by(t). If all states b;(t) can somehow be reconstructed for
each bucket by, answering a temporal membership query for object k at time t can be
answered in two steps:
1. find which bucket by, object k would have been mapped by the hashing scheme
att, and,
2. search through the contents of by(t) until k is found.
Thefirst step requires identifying which hashing scheme was used at timet. The
evolution of the hashing scheme h(t) is easily maintained if arecord of the form <t,
i(t), p(t)> is appended to an array H, for those instants t where the values of i(t)
and/or p(t) change. Given any t, the hashing function used at t is identified by simply
locating t inside the time-ordered H in alogarithmic search. In practice, array H is
small and can be kept in main memory.
The second step implies accessing bj(t). By observing the evolution of bucket b; we
note that its state changes as an evolving set by adding or deleting objects. Each such
change can be timestamped with the time instant it occurred. Assume that a
rehashing occurs at some timet’ and results in moving v objects from bucket b to b.
For the evolution of by (br), this rehashing is viewed as a deletion (respectively,
addition) of the v objects at timet’, i.e, al such deletions (additions) are
timestamped with the same time t’ for the corresponding object’ s evolution. Asa
result, the evolution of each bucket can be indexed by a Snapshot Index.
Consider Figure 3.4 (see Chapter 3) that shows an example of an ephemeral Linear
Hashing scheme at two different time instants (the scheme uses m = 5 buckets, each
holding B = 2 records). Assume that the addition of key (search_value) 8 happens at

evolution of st S evolution of recordsin bucket 0's history:
up totime t=25: bucket O: a t=20: at=21 a t=25:
(t oid oper) (t oid oper.) <oid, lifegpan>  <oaid, lifespan>  <oid, lifespan>
1, 10, + 1, 10, + <10, [1, now)]> <10, [1, now)]> <10, [1, 25)]>
2, 7, + 9, 15, + <15, [9, now)]> <15,[9, 21)]> <15,[9, 21)]>
4, 3 + 21, 15,
8 21, + 25, 10,
9, 15 +
15 36 + evolution of recordsin bucket 3's history:
16, 29, + bucket 3: a t=20; att=21; at =25,
17, 13, + (t oid oper.) <oid, lifegpan>  <oaid, lifespan>  <oid, lifespan>
20, 12, + 4, 3 + <3, [4, now)]> <3, [4, now)]> <3, [4, now)]>
21, 8, + 17, 13 + <13,[17,now)]> <13, [17,now)]> <13, [17, now)]>
25, 10, 21, 8, + <8,[21, now)]>  <8,[21, now)]>
evolution of recordsin bucket 5's history:
bucket 5: a t=20; at=21; a =25,
(t oid oper.) <oid, lifegpan>  <oaid, lifespan>  <oid, lifespan>
21, 15, + — <15, [21, now)]> <15, [21, now)]>
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timet = 21. Figure 5.9 shows a corresponding evolution of set S the evolutions of
various buckets and their histories (a“+” or a“-" denotes addition or deletion,
respectively). At timet = 21 the addition of object 8 triggers an overflow. Thusthe
contents of bucket 0 are rehashed between bucket 0 and bucket 5. As aresult object
15 ismoved from bucket 0 to bucket 5. For bucket’ s 0 evolution this change is
considered as adeletion at t = 21, however bucket 5 it is an addition of object 15 at
the samet = 21. Later, at t = 25, object 10 is deleted from set S. This updates the
lifespan of this object’ s corresponding record in bucket 0's history from

<10, [1, now)> to <10, [1, 25)>.

Figure 5.9: Evolution of aset and its linear hashing scheme.

Partially persistent hashing answers a temporal membership query about object k at
timet, with amost the same query time efficiency (plus a small overhead) asif a
separate ephemeral hashing scheme existed on each S(t). First the hashing function
used at t is found through array H; thisidentifies the bucket b where k should have
been assigned. Then the contents of this bucket at time t are accessed by the
Snapshot Index. Searching the Snapshot Index of bucket by takes O(loggn; +
(;(t)[1B) where n; corresponds to the number of changes recorded in bucket by’s
history. If the Linear Hashing scheme [Kollios and Tsotras, 1998] show that if a
controlled ephemeral Linear Hashing scheme is used, partially persistent hashing
uses O(n/B) space and an O(1) amortized expected update processing per change.

3. BITEMPORAL INDEXING

There are three approaches that can be used for indexing bitemporal
databases. The dtraightforward one is to have each bitempora object
represented by a “bounding rectangle” created by the object's valid and
transaction-time intervals, and store it in a conventional multi-dimensional
structure like the R-tree. While this approach has the advantage of using a
single index to support both time dimensions, the characteristics of
transaction-time create a serious overlapping problem [Kumar et al., 1998].
A bitemporal object with valid-time interval | which is inserted in the
database at transaction time t, is represented by a rectangle with a
transaction-time interval of the form [t, now). All bitempora objects which
have not been deleted (in the transaction sense) will share the common
transaction-time endpoint now. Furthermore, intervals tha remain
unchanged will create long (in the transaction-time axis) rectangles, areason
for further overlapping. A smple bitemporal query that asks for al valid
time intervals which at transaction time t contained valid time v,
corresponds to finding all rectangles that contain point (t;, v;).

Figure 5.10 illustrates the bounding-rectangle approach; only the valid
and transaction axis are shown. At ts valid-time interval 1, is modified
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(enlarged). As a result, the initia rectangle for |, ends at ts and a new
enlarged rectangle isinserted ranging from ts to now.

To avoid overlapping, the use of two R-trees has aso been proposed
[Kumar et d., 1998]. When a bitemporal object with valid-time interval 1 is
added in the database at transaction-timet, it is inserted at the front R-tree.
This tree keeps bitemporal objects whose right transaction endpoint is
unknown. If a bitemporal object is later deleted a some time t' > t, it is
physically deleted from the front R-tree and inserted as a rectangle of height
| and width from ttot’ in the back R-tree. The back R-tree keeps bitempora
objects

now

(ti,v;)

tl t2 t3 t4 t5
Figure 5.10. The bounding-rectangle approach for bitemporal objects.

with known transaction-time interval. At any given time, al bitempora
objects stored in the front R-tree share the property that they are dive in the
transaction-time sense. The temporal information of every such object isthus
represented smply by a vertica (vaid-time) interva that “cuts’ the
transaction axis a the transaction-time this object was inserted in the
database. Insertions in the front R-tree objects are in increasing transaction
time while physical deletions can happen anywhere on the transaction axis.
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Figure 5.11. The two R-tree methodology for bitemporal data.

In Figure 5.11, the two R-tree methodol ogy for bitemporal datais divided
according to whether their right transaction endpoint is known. The scenario
of Figure 5.10 is presented here (i.e., after time ts has eapsed). The 2-
dimensional space (a) is stored in the front R-tree while (b) in the back R-
tree. The query is then trandlated into an interval intersection and a point
enclosure problem, respectively.

A simple bitemporal query that asksfor all valid time intervals which at transaction
timet; contained valid time v;, is answered with two searches. The back R-treeis
searched for all rectangles that contain point (t;, v). The front R-tree is searched for
al vertical intervals which intersect a horizontal interval H that starts from the
beginning of transaction time and extends until point t; at height v;.

A third approach to address bitemporal problemsis by using the notion of partial
persistence. This solution emanates from the abstraction of a bitemporal database as
a sequence of collections C(t) (in Figure 5.3) and has two steps. First, agood index
is chosen to represent each C(t). Thisindex must support dynamic addition/deletion
of (valid-time) interval-objects. Second, thisindex is made partially persistent. The
collection of queries supported by the ephemeral structure implies what queries are
answered by the bitemporal structure. Using this approach, the Bitemporal R-tree
was introduced in [Kumar et al., 1998] that takes an R-tree and makes it partially
persistent.
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By “viewing” abitemporal query as apartial persistence problem, we obtain a
double advantage. First we disassociate the valid-time requirements from the
transaction-time ones. More specifically, the valid time support is provided from the
properties of the ephemeral R-tree while the transaction time support is achieved by
making this structure partially persistent. Conceptually, this methodology provides
fast access to the C(t) of interest on which the valid-time query is then performed.
Second, changes are aways applied on the most current state of the structure and
last until updated (if ever) at alater transaction time, thus avoiding the explicit
representation of now.

In making the ephemeral R-tree partially persistent one could use previous work on

partially persistent B*-trees, in particular the MV BT [Becker et al., 1996] (and its

improvement the MVAS [Varman and Verma, 1997]) or the Time-Split B-tree

[Lomet and Salzberg, 1989]. Thisis because both B*-trees and R-trees are

multiway-ba anced structures that evolve through page splits and merges.

There are however two basic differences in the way the Bitemporad R-
tree is updated as compared to the partialy persistent B*-tree. These
differences are:

1. Thesingle order among the stored elementsin a B*-tree creates an order among
the tree's pages, too. Hence, a B*-tree page has at most two sibling pages and
these are the only possible candidates for this page to merge with, if needed. In
comparison, the ephemeral R-tree stores spatia objects and hence the notion of
asibling has to be redefined. Note however that merging in an ephemeral R-tree
is not handled explicitly. If a page goes below the lower number of records due
to deletions this page is not merged with another page. Instead, the records of
the underutilized page are reinserted in the R*-tree variant [Beckmann et al.,
1990] to be discussed in Chapter 6. The reinsertion method is not feasible in the
Bitempora R-tree, since a persistent structure “records’ al changes that happen
inits state. An underutilized page of an R-tree is half full and thusit can cause
O(B) record reinsertions. Each record reinsertion could at worst modify the
whole path in the R-tree (i.e., logarithmic number of changes). Recording all
these changes in the Bitemporal R-tree will require excessive space. To avoid
this problem, the Bitemporal R-tree performs merging explicitly. Merging with
asibling may still change the whole path but this will happen once for the
under-utilized page. It is an interesting optimization problem to chose with
which sibling a page is merged; [Kumar et al., 1998] examines various merging
policies.

2. The second difference is with the way insertions and del etions are handled when
they do not lead to structural changes. In an ephemeral B*-tree, an insertion to a
page that has enough empty space is simply performed by adding the new key
in the page; no parent page is updated. In an ephemeral R-tree asimilar
insertion may increase the geometric area covered by the data page. Then the
parent page must also be changed, in particular the rectangle of the index record
that points to the data page (so that the information about previous data page
areais not lost). Asthis may propagate to the root, an insertion can cause a
logarithmic number of updates even though no new page is added on the
ephemeral R-tree.
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To avoid recording all these changes, the Bitemporal R-tree simply adjusts the
current index records in ancestor pages without making copies of these records.
Consider agiven index record created at time t with some initial rectangle area. At
various time instants after t, its rectangle area is subseguently increased (due to non-
structural insertions in the pages underneath) but the record’s insertion-time remains
t. If at alater timet’ thisindex record is (logically) deleted, its transaction interval
would be [t, t') and the prevailing rectangle area would be the latest (and largest) this
index record received. A query that follows thisindex record will provide the correct
answer for all timesin [t, t') since the prevailing rectangle area contains all previous
ones. Hence the above policy does not violate the correctness of the Bitemporal R-
tree. Since a non-structural deletion can only decrease a page’s overall areathe
Bitempora R-tree does not adjust ancestor index records (the previous rectangle
area contains the new one and queries will still be answered correctly). Among all
three bitemporal approaches the Bitempora R-tree has been shown to be more
efficient [Kumar et al., 1998].

4. FURTHER READING

There has been a plethora of temporal access methods in recent years.
[Salzberg and Tsotras, 1999] presents a comparison. Other pure-timedlice
query methods are: the Append-only Tree [Gunadhi and Segev, 1993], the
Time Index [Elmasri et a., 1990] and its variations (Monotonic B-tree [El-
masri et al., 1993], Time Index+ [Kouramajian et d., 1994]), the Differential
File approach [Jensen et al., 1991], the Checkpoint Index [Leung and Muntz,
1993], the Archivable Time Index [Verma and Varman, 1994], and the Win-
dows Method [Ramaswamy, 1997]. Range-timedlice query methods include:
the Composite Indices of Postgres [Kolovson and Stonebraker, 1989], Seg-
ment R-tree [Kolovson and Stonebraker, 1991], the Write-Once B-tree
[Easton, 1986], the Persistent B-tree [Lanka and Mays, 1991] and the TP-
Index [Shen et al., 1994]. Tempora queries over multiple lines of evolution
appear in [Landau et a., 1995]. Another approach for bitemporal indexing
appears in [Nascimento et a., 1996]. In [Bliujute et a., 1998] bitempora
indicesfor datawhose valid time extends to now are presented.
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