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Abstract
We study the problem of temporal database indexing, i.e., indexing versions of a database table in an evolving database.
Although modern machines include large memory chips, data volumes quickly exceed resources, making it infeasible to
keep the entire history in memory. Therefore we require temporal indices that optimize main memory usage while remaining
scalable as the history grows. We depart from the classic indexing approach, where all data versions are indexed in a single
data structure, and propose LIT, a hybrid index that decouples the management of the current and past states of the indexed
column. LIT includes optimized indexing modules for current (i.e., live) and past (i.e., dead) records, supporting efficient
queries and updates. Furthermore, our extended approach LIT+handles record versions in memory using LIT bounded by
a memory budget, while managing older versions (fossils) that exceed the budget on disk. We show that LIT outperforms
state-of-the-art solutions by orders of magnitude while using space linearly proportional to the number of indexed record
versions, making it suitable for main-memory temporal data management. In addition, we also show that LIT+ efficiently
indexes long database histories on disk while maintaining scalability and query performance.

Keywords Temporal data · Query processing · Indexing

1 Introduction

Temporal data management has been studied extensively for
at least four decades [10, 11, 24, 30, 51]. Temporal databases
track the database evolution for the support of time-travel
queries: given a database query and a past time moment (or
time interval), process the query on the database instance(s)
that was (were) valid then. Temporal and multi-version data
management re-gained interest recently [7, 9, 12, 15, 20, 25,
28, 38, 44, 58], due to the increase of cheap storage that
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makes it often possible to track the versions of a database in
the main memory of a commodity machine.

As an example, consider a database table T , storing
information about company employees. The table has three
attributes: ID,Name, andSalary.As the database evolves over
time, records are inserted, deleted, or existing attribute val-
ues are updated. Figure 1 shows some versions of T , where,
at time t0, T is initialized to include two records; at time t1,
a new record (with ID=3) is inserted to T ; at time t2, the
Salary value of record 2 is updated; and at time t3, record
1 is deleted and record 2 is updated. T evolves as update
events arrive; the stream (time-sequence) of update events is
also shown in the figure (bottom-left). Insertions (deletions)
are modeled by events of type start (end); each update (i.e.,
value change) ismodeled by a deletion immediately followed
by an insertion. Finally, the figure (bottom-right) shows the
validity intervals of the records and their values in the Salary
attribute, as flat line segments. The current time is denoted
by tnow.

We study the problem of indexing an evolving database
table T to support time-travel queries. We first focus on
indexing for pure time travel queries, where the objective
is to retrieve the record versions that were valid at a given
timepoint or timerange in the past. In our running example
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Fig. 1 Example of a time-evolving table

(Figure 1), a pure timepoint query q0 is “find all records in
T , which were valid at time tq0” and the answer records are
(1, Smith, 50K) and (2, Black, 30K). Then, we study how
our indexing scheme can be extended to temporally index T
with respect to a specific attribute T .A, for range time travel
queries, that retrieve record versions r in T which were valid
at a given timepoint/timerange and their r .A satisfies a range
query predicate. Such a range-timepoint query q1 is: “find all
records in T , which were valid at time tq1 and have Salary
at most 32K.” Query q1 is geometrically represented by the
vertical line segment at time tq1 and retrieves the record ver-
sions whose timespan (horizontal line segment) is crossed
by the vertical line segment at tq1, i.e., record (2, Black,
30K). Another example is range-timerange query q2: “find
all records in T , which were valid anytime between tq2.s and
tq2.e and have Salary between 25K and 43K,” modeled by the
rectangle inFigure 1.Again, the query results are the horizon-
tal segments that intersect the rectangle, namely (2, Black,
30K) valid in [t0, t2), (2, Black, 35K) valid in [t2, tnow), and
(3, James, 40K) valid in [t1, t3). Note that it is important to
find the records and their validity intervals in order to be able
to distinguish between results corresponding to different ver-
sions of the same record/entity (e.g., Black in the results of
q2). Time-travel queries are included in SQL extensions [27,
34] and implemented in PostgreSQL1, Oracle Workspace
Manager, IBM DB2 [50], Microsoft SQL Server2, Teradata
[1], and MariaDB3.

Previously proposed temporal indices can be classified
to (1) methods for transaction-time and multi-versioned
databases (e.g., MVB-tree [4], Timeline index [30]), (2) data
structures for (time) intervals [6, 8, 17, 22, 33]. Our work
belongs to the first category, where the goal is to support the

1 https://wiki.postgresql.org/wiki/Temporal-Extensions
2 https://learn.microsoft.com/en-us/sql/relational-databases/tables/te
mporal-tables
3 http://mariadb.com/kb/en/system-versioned-tables/

aforementioned queries, but also real-time version updates,
in a continuously evolving database. Indices in the second
category offer fast search times, but (1) they do not support
effectively live data versions, i.e., records which are valid
now, but we do not know up to when in the future and (2) are
mainly designed for static intervals in a static domain.

ContributionsWe aim at the efficient support of updates in a
continuously evolving database, and target amuch better per-
formance in queries compared to the state-of-the-art access
methods for time-evolving data.

Our proposal is LIT, a hybrid index, which indexes live
records (i.e., those valid at tnow), like (2, Black, 35K), by a
different data structure compared to dead records (i.e., those
not currently valid), like (2, Black, 30K). Specifically, LIT
includes a LiveIndex for the live records; LiveIndex only
needs to index the begin time of the validity of each live
record. For dead records we use aDeadIndex, which includes
their validity intervals with both starting and ending time-
points. When a temporal record is created, it is added to
LiveIndex; when the record dies (i.e., deleted from the tem-
poral table T , or updated), it is deleted from LiveIndex and
added to the DeadIndex. Given these operations, LiveIndex
supports fast temporal appends (i.e., add a new live record
at the “temporal” end of the index) and deletions, whereas
DeadIndex needs only to support insertions (anywhere in
the time domain up to tnow), but no deletions (since past data
versions are never deleted from a temporal DB). Both LiveIn-
dex and DeadIndex gracefully adapt to the ever-evolving
time domain. We tuned, developed and tested the best imple-
mentations of LiveIndex and DeadIndex, and compared LIT
with in-memory versions of the state-of-the-art temporal and
multi-version indices [4, 30] on mixed workloads of queries
and version updates, showing that LIT is orders of magnitude
faster.

LIT was originally presented and evaluated in the prelim-
inary version of this paper [19]. Although LIT is appropriate
for indexing the brief or recent version history of a data table,
eventually the available memory might be exhausted, as the
indexing requirements grow with the number of updates.
We propose an extension to LIT, denoted by LIT+, which
periodically offloads old versions to the disk. LIT+ dif-
ferentiates between two types of dead records; those that
died before a designated timestamp t f , which are called
fossils, and those that died after t f . Fossils are stored in
a disk-resident component called FossilIndex, freeing main
memory for LiveIndex andDeadIndex to receive new entries.
Queries that access timestamps before t f probe all LiveIn-
dex, DeadIndex, and FossilIndex components, while those
referring to recent timestamps are handled in-memory by
LiveIndex and DeadIndex. Thus, queries over the recent past
are processed efficiently in memory, while queries for older
versions are still supported. We show how the three compo-
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nents are updated as data evolves; LiveIndex and DeadIndex
by individual updates at current time tnow, while FossilIndex,
byperiodic updates,when the availablememory is exhausted.
We investigate different options for maintaining LIT+. Our
study shows that the most effective strategy combines a
partition-aware deletion, tailored to our best implementation
of DeadIndex, and aggregating fossils before inserting them
into FossilIndex.

Outline Section 2 reviews related work. In Section 3, we
define time-travel queries and the data whereon they apply.
Section 4 proposes an extension to the state-of-the-art inter-
val index [17, 18] to manage live and dead record versions in
an ever-growing time domain. In Section 5, we present our
novel hybrid indexLIT for pure time-travel queries. Section 6
extendsLIT to index an attribute A of the records besides their
temporal validity intervals, for range time-travel queries. Sec-
tion 7 extends LIT to incorporate a disk-resident component
for records that died before a designated timestamp. In Sec-
tion 8, we discuss topics related to recovery and consistency.
Finally, Section 9 presents our experimental analysis, while
Section 10 concludes the paper.

2 Related work

In this section, we review related work on (1) indexing
intervals and (2) indexing data versions in a time-evolving
database; we also briefly present other recent work on tem-
poral data management.

2.1 Indexing intervals

Valid-time temporal databases store record versions which
are valid during a well-defined time interval [42]. This inter-
val could refer to the past, the future, ormay start at some time
in the past and finish in the future (e.g., an activated credit
card which expires in the future). The order by which records
in a valid-time database are inserted, deleted, or updated is
not necessarily related to the validity time of the records.

Managing valid-time records for time-travel queries can
then be seen as a case of indexing intervals (i.e., one-
dimensional ranges), which is a well-studied problem [6, 8,
17, 22, 33]. Classic data structures for intervals include the
segment tree [8] and the interval tree [22]. They are both
binary search trees, built from a static set of intervals and
designed to answer point queries (i.e., find the intervals that
contain a given value) in O(log n + K ) time, where n is the
number of data intervals and K query result size. Their space
complexity is O(n log n) and O(n), respectively. The inter-
val tree also supports range queries, i.e., find intervals that
overlap with a query interval (value range) in O(log n + K ).
Disk-based extensions were presented in [2, 33].

Fig. 2 Interval indices

Data structures for multi-dimensional boxes, such as the
R-tree [5, 26], can also be used for intervals, which can be
considered as 1D boxes. For example, a simple and dynamic
data structure for intervals is the 1D-grid, which divides the
space into a number of disjoint partitions. Each interval is
assigned to all partitions that overlap with it. A point (or
range) query q is evaluated by accessing the partition(s) inter-
secting q and reporting the intervals there after conducting
comparisons as necessary. Duplicate results can be avoided
after dividing the data in each partition to classes based on
whether they begin inside or before the partition [17, 39, 54].
Indices which consider both the values and the durations of
the intervals are the period index [6] and the RD-Index [16].
These are self-adaptive structureswhich split the domain into
coarse partitions, and then further divide each partition hier-
archically to organize the contained intervals based on their
positions and durations.

An alternative approach is to map intervals to 2D points
[3, 29, 38, 49, 55, 56]. Specifically, each data interval s =
[s.start, s.end) is mapped to point (s.start, s.end) in the
D × D space, where D is the domain of the interval end-
points. Figure 2(a) shows intervals as points in this 2D space.
Since s.start < s.end for each interval s, all points lie
above the diagonal connecting points (0, 0) and (D, D). Each
point or range query becomes a rectangular range query in
the 2D space, having x- and y-projections [0, q.end] and
[q.start, D], respectively, as shown by the shaded rectangle
in Figure 2(a). To index the 2D points, we can directly use
a spatial data structure [29, 38, 55]. As a different option,
SEB-tree [52] employs a collection of B+-trees.

HINT [17] is the state-of-the-art in-memory index for
intervals. HINT defines a hierarchy of m + 1 levels, such
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that level �, 0 ≤ � ≤ m uniformly divides the domain into
2m partitions, as shown in Figure 2(b) for m = 3. Each data
interval s is then normalized and discretized in the [0, 2m−1]
domain, and assigned to the smallest set of partitions from
all levels that cover s. So, s is assigned to at most 2 partitions
per level. The intervals in each partition are divided into two
classes: those that start before the partition (replicas) and
those that start inside the partition (originals). For instance,
in Figure 2(b), interval s is added to the shaded partitions;
in P3,1, s is added to the sub-division PO

3,1, storing original
intervals in P3,1, while in P2,1 and P3,4, s is stored to the
corresponding replica sub-divisions (PR

2,1 and PR
3,4, respec-

tively). Given a point or a range query q, at every level �

of HINT only the sequence of partitions that intersect q are
accessed. For the query q in Figure 2(b), the partitions with a
solid/bold outline will be accessed. In addition, only for the
first such partition in � both originals and replicas in it are
considered, while for the remaining partitions only originals
are considered. Lastly, the number of partitions in the entire
index forwhich comparisons between data interval endpoints
and query endpoints are required is expected to be at most 4
[17]. Thus, most query results are reported without perform-
ing comparisons, givingHINT a performance advantage over
other methods.

Deficiencies of interval indices While HINT [17] is the
best performing index, it shares a weakness of most other
interval indexing methods: the domain of the interval end-
points must be known apriori. If the data domain grows (i.e.,
as in a temporal database), the partitions may have to be
updated to cover the new part of the domain, and interval
assignments to partitions might change to preserve index
properties. On the other hand, the 2D point transformation
approach [55] avoids this issue as a 2D spatial index (e.g., R-
tree) can adapt to a growing domain. Still, the query regions
cover a relatively large part of the mostly sparsely popu-
lated 2D space, so this approach is not as efficient as HINT.
More importantly, all methods discussed in this section are
not appropriate for indexing live data versions in temporal
databases, whose end is unknown (i.e., equal to the ever-
changing tnow). Finally, data structures for intervals are not
designed for indexing another attribute at the same time; i.e.,
they are not appropriate for the range time-travel queries dis-
cussed in the Introduction.

2.2 Indexing data versions

Transaction-time databases [41] manage the evolution his-
tory of a database. In Section 1, we gave an example of such a
database containing a table T with employees records. Index-
ing transaction-timeDBs ismore challenging than valid-time
DBs, since there are live records which are valid now, but we
do not know their end-time. These records comprise the cur-

rent database state and may be changed or deleted in the
future, but we are not aware of the exact time for this. In con-
trast, dead records belong to past states forwhichwe do know
their end-time. Records (2, Black, 30K) and (2, Black, 35K)
in Figure 1 are examples of dead and live records, having
validity [t0, t2) and [t2, tnow), respectively.

Previous work on temporally indexing an evolving DB
table extend current-state indices to support search on all
table versions. A representative access method in this cat-
egory is the Multiversion B-tree (MVB-tree) [4], which
succinctly captures the values of the indexed attribute in
all versions of records. For a comprehensive survey of
early indexingmethods for time-evolving databases see [49].
These indices donot only support pure time travel queries, but
also range time travel queries based on a search-key attribute
A (i.e., fromall records r whichwere valid at some timestamp
or period in the past retrieve those for which v1 ≤ A ≤ v2).
To support such queries, they index simultaneously the tem-
poral versions of the records and their values on the search
key attribute A. These methods focus on minimizing disk
I/O during search; their main-memory versions are relatively
slow in search and updates compared to the interval indices
reviewed in Section 2.1.

Amore recent index for transaction-timeDBs is the Time-
line index [30], which builds upon the Time index [23] and
supports very fast updates. In a nutshell, the Timeline index
is an Events Sequence Table (see Figure 1) paired with a set
of Checkpoint Tables (CT). A CT at timestamp ti materi-
alizes the entire set of active record-ids at ti . To evaluate a
point or range query, the latest checkpoint before the query is
accessed to activate the records in it, and theEvents Sequence
Table (EST) is scanned from thereon until the end time of the
query to identify the records that are active at or during the
query. The update cost of the Timeline index is minimal as
a database change simply appends an event at the end of
the EST; still, the rare CT construction events have signifi-
cant cost. Query evaluation using the Timeline index is quite
expensive due to the overhead of scanning the events and
updating the set of active records until the entire query result
is retrieved.

In this paper, we revisit the indexing of transaction-time
DB tables (i.e., version data), for pure time-travel and range
time-travel queries. Our approach is a major departure from
previous work which indexes dead and live versions in the
same data structure. Instead, we define separate data struc-
tures for live and dead versions; in principle, versions that
die are transferred from the first data structure to the second.
By decoupling indexing for live and dead versions, we can
optimize both data structures. In Section 7, we show how our
proposal can be extended to handle dead versions on the disk.

123



Scalable lighting-fast temporal indexing Page 5 of 26    17 

2.3 Other related work

Recent work in temporal databases studies the efficient
evaluation of other queries, besides time-travel selections.
Temporal aggregation [31, 40, 45, 53, 57] computes aggre-
gates of valid record versions (e.g., total project funding)
during a query time period (e.g., from 3-23-2021 to 5-15-
2023); the output is one value for each time interval in the
query period where the aggregate does not change. Temporal
top-k queries [25, 55] are a special case of temporal aggrega-
tion. A temporal join [13, 14, 28, 44, 47] finds pairs of record
versions (in two different tables) whose validities temporally
overlap and they agree on the join key attribute. Historical
what-if queries compute the effect that a change in a histori-
cal record value would have to the evolution of the database
[15]. Other recent related work includes the definition of new
temporal semantics [20], system optimizations in the imple-
mentation of temporal and multi-version databases [9, 38,
58], temporal database benchmarking [7], and novel tempo-
ral integrity constraints [12].

Inspired by [32], learned multi-dimensional indices [21,
43, 48] are proposed as an alternative to traditional index-
ing structures. These methods leverage machine learning to
capture the data distribution, aiming to build efficient and
compact indices. According to [36], some learned indices
outperform traditional ones, especially for datasets with uni-
form distributions, and achieve significant space reductions.
However, their construction cost is substantially higher than
that of traditional structures, and provide limited support for
dynamic operations.

3 Problem definition

We consider a database table T , updated over time, by insert-
ing, deleting or updating records. In this work, we focus on
developing indexing for the following types of time-travel
queries [49].

Query 1 [Pure Timeslice/Timerange Query] Given a query
time point q.t or query time interval [q.tstar t, q.tend],
retrieve the records in all versions of T which were valid
at q.t or some time during [q.tstar t, q.tend], respectively,
together with their validity intervals.

Query 2 (Range Timeslice/Timerange Query)Given a query
time point q.t or query time interval [q.tstar t, q.tend], an
attribute A of T , and a range [q.Astart, q.Aend], retrieve
the records r in all versions of T which (1) were valid at
q.t ime or some time during [q.start, q.end], respectively,
and (2) satisfy q.Astart ≤ r .A ≤ q.Aend together with
their validity intervals.

Without loss of generality, we assume query intervals closed
at both ends. In addition, for each change in T an update event

is generated, which may trigger updates in the indices of T .
These update events include: (1) the insertion of a record to
T , (2) the deletion of a record from T , and (3) the change
of one or more attribute values of a record in T . An event of
type (3) can be modeled as an event of type (1) immediately
followed by an event of type (2). Last, we assume a single
non-temporal attribute A in T for Query 2; in Section 6.3,
we discuss how to handle multiple A attributes.

In a pure-time index that supports Query 1, each of the
above event types affects one or more index entries. Specifi-
cally, the insertion of a record r at time point t inserts a new
index entry for r .id having as validity interval [r .start =
t, r .end = tnow), where tnow models the current time point,
which is ever-changing. The deletion of record r at time t
updates the last index entry for r .id from [r .start, tnow) to
[r .start, t). The update of a record r at time point t triggers
a deletion of r at point t , followed by an insertion of the new
version of r with r .start = t .

In an index that supports Query 2, the changes affect
the index as described above with the exception that record
updates on attributes other than the indexed attribute r .A have
no effect on the index. In other words, we consider two or
more consecutive versions of r having the same value in r .A
as the same version.

As discussed in Section 2.2, there is ample previous
work on temporal indexing for time-evolving database tables.
However, these indices exhibit poor search times compared
to interval indexing (Section 2.1). In Section 4, we extent
the state-of-the-art interval index to support Query 1 over
time-evolving databases. LIT, the main proposal of this
paper is first described in Section 5 for pure time queries
(Query 1) and then extended in Section 6 for range time
queries (Query 2).

4 Time-evolving HINT

A first attempt to define an efficient in-memory index for
time-evolving tables is to convert HINT [17, 18], the state-
of-the-art interval index, to a single data structure that can
handle both live and dead intervals (records).We call this data
structure time-evolvingHINT (te-HINT).A te-HINT for pure
time-travel queries (Query 1) extends HINT in two direc-
tions. First, it includes both live and dead records, whereas
HINT indexes only intervals for which the end endpoint is
immutable. Second, it supports an evolving domain for the
interval endpoints (i.e., an evolving time domain); the orig-
inal HINT requires a pre-defined domain. These changes
require structural modifications and new update operations
compared to HINT [17], which are described next.
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Fig. 3 Example of te-HINT

4.1 Live and dead sub-partitions

The first difference between te-HINT and HINT is the intro-
duction of live partitions in the former. Recall from Section
2.1 that in each partition P�,i at level � of HINT, the intervals
are divided into two classes: the set of originals PO

�,i which
start inside the domain range of P�,i and the set of replicas
PR

�,i , which start before the domain of P�,i . In te-HINT, we

further classify each interval s ∈ PO
�,i as live original or dead

original, depending on whether its end time point is known;
we denote the sub-partitions that hold live and dead origi-
nals by POL

�,i and POD
�,i , respectively. Similarly, we maintain

sub-partitions PRL
�,i and PRD

�,i for the replicas of P�,i . Dead

intervals in POD
�,i or PRD

�,i are immutable, which means that
they persist in the partition and cannot move to other parti-
tions, whereas live intervals can be deleted or moved to other
partitions.

4.2 Handling updates

There are two types of update events over time: either the
creation of a new live interval (as a result of an inser-
tion/modification to the database), or the finalization of an
existing live interval (as a result of a deletion/modification to
the database).

Insertion events On an insertion event, i.e., a new live inter-
val s begins corresponding to a version of a record r , we insert
s to te-HINT (in live sub-partitions) using the insertion algo-
rithm of HINT [17], assuming that the end time point of s is
the end of the current domain of te-HINT (i.e., a timepoint in
the future), called the horizon of te-HINT and denoted by tH .
We also insert an entry 〈r .id, s.start〉 in an auxiliary key-
value data structureHr .id→start that facilitates finding a live
interval in te-HINT given the corresponding record id. Fig-
ure 3(a) shows a 2-level te-HINTexample, holding interval
s1, which corresponds to a dead record, in partition P0,0 (sub-
partition POD

0,0 ). Two new live intervals s2 and s3 are created
at tnow and they are inserted to partition P1,1 (sub-partition
POL
1,1 ).

Deletion events When a deletion event arrives for record
r carrying an s.end, i.e., an existing live interval s is ter-
minated and becomes dead, we need to remove s from the
live sub-partitions of te-HINT and add it to the appropri-

ate dead partitions. For this, we use Hr .id→start to retrieve
s.start , using r .id, and we run the insertion algorithm
of HINT for s′ = [s.start, tH ) to identify the partitions
wherein s′ appears and remove s′ from the corresponding
live sub-partitions. Subsequently, we use the insertion algo-
rithm again to add s = [s.start, s.end) to the relevant dead
sub-partitions. Note that some of the partitions identified by
the deletion algorithm may differ from those found by the
insertion algorithm, because s �= s′. As an example, assume
that at time tnow shown in Figure 3(b), a deletion event for live
interval s2 arrives, i.e., the record version corresponding to
s2 is deleted from the indexed table T . After finding s2.start
using Hr .id→start , the partitions (POL

1,1 ) where s2 is stored
as live are identified using interval [s.start, tH ) and s2 is
removed from them, and, finally, s2 becomes [s2.start, tnow)

and is re-inserted to te-HINT as dead (i.e., to partition POD
1,1 ).

Domain Extension te-HINT is initialized to have a single
level (0) which includes a single partition P0,0. The timespan
[0, tH ) of the partition is small (e.g., one hour) and depends
on the application. In both insert and delete events, it may
happen that the current time point tnow when the update takes
place is beyond the current horizon tH of te-HINT. Such an
update triggers the extension of the (time) domain that te-
HINTcovers. The easiestway to accommodate this extension
is to double the domain (and the horizon tH ), by adding one
more level to te-HINT.

Specifically, we add a new level 0 to the index and add
1 to the identifiers of existing levels (i.e., previous level 0
becomes level 1, level 1 becomes level 2, etc.). This does
not affect the identifiers and contents of existing partitions
at each level �, but doubles the number of possible parti-
tions at �. Subsequently, we add all live intervals from all
partitions as live replicas to partition P1,1, except from those
in old partition P0,0 which are moved to the new P0,0. By
this, we reduce the replication of live intervals and facilitate
the necessary updates when new events arrive. Essentially,
live intervals are moved only when there is a domain exten-
sion. Continuing the previous example, assume that a new
live interval s4 is created at tnow of Figure 3(c). Since tnow
is greater than or equal to tH , as per the previous state of te-
HINT (Figure 3(b)), tH is doubled, onemore level is added to
te-HINT, and the current partitions are renamed (i.e., previ-
ous P0,0 becomes P1,0, etc.). Existing live interval s3 is added
to the new PRL

1,1 . The new interval s4 is inserted to POL
1,1 .

5 The LIT hybrid index

Capitalizing on the original HINT, te-HINT will deliver
excellent performance on pure time-travel queries, as shown
in [17, 18]. But, te-HINT will suffer from slow updates,
mainly due to the insertion (and transfer) of intervals to (and
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Fig. 4 Overview of LIT

beween) multiple partitions when record versions are initi-
ated (terminated). In view of this shortcoming, we design a
hybrid index, termed LIT, which decouples the indexing of
live and dead versions. For now, we describe LIT for pure
time-travel queries (Query 1 in Section 3). Its extension for
range time-travel queries (Query 2) will be discussed in Sec-
tion 6.

5.1 Overview

Figure 4 shows an overview of LIT, which comprises two
components; a LiveIndex denoted by IL , storing all cur-
rent record versions (indexed by their start timepoint) and a
DeadIndex, denoted byID , for the dead (i.e., past) record ver-
sions (indexed by their validity intervals). Both components
are dynamic, albeit handling different updates. The stream of
updates to the indexed table T is consumed by the LiveIndex
IL . Specifically, when a new record version is created (i.e.,
an insertion to T ), the start point s.start = tnow of its valid-
ity interval is inserted to IL ; this event type has no impact on
the DeadIndex ID . On the other hand, when a record version
“dies” (i.e., a deletion from T ), the corresponding entry is
removed from IL and an entry is inserted to ID for the dead
record version. Record updates terminate (i.e., “delete”) the
current (live) version of the record and insert a new version.

To evaluate a pure time-travel query q = [q.tstar t,
q.tend] both IL , ID need to be probed. As the two com-
ponents index disjoint sets of record versions, these probing
tasks are completely independent. Specifically, we probe the
LiveIndexIL using onlyq.tend; every live record that started
before q.tend is guaranteed to be part of the query result. In
contrast, the DeadIndex evaluates a typical interval range
query to find all dead record versions with a validity interval
that overlaps q. In what follows, we elaborate on the LIT
components IL and ID , and describe their key operations.

5.2 The LiveIndex component

The LiveIndex IL offers three key operations. Specifi-
cally, IL is updated to index a new live record (Function
OpenInterval) or updated to un-index a record version
that just died (Function CloseInterval). IL also evaluates
pure time-travel queries (FunctionQueryLive). To efficiently
implement these functions, IL defines an internal identifier
r .num for each live record version r in it. The num identifier
is a serial number that captures the order in which the version
start timepoints were read from the input stream of updates;
num is used to (1) locate a live version to be deleted from IL
when a delete event arrives for it, and (2) define an implicit
order of the live versions based on their start points, used
to index them in IL . LiveIndex also maintains an auxiliary
hash tableHr .id→num , which returns the internal num id, for
the live version of a given record id.

5.2.1 Data structures

We discuss three alternative structures for LiveIndex, aimed
at both fast updates and efficient time-travel queries. We
experimentally compare them in Section 9.2.1.

Array The first alternative is to use an append-only array
to index live records in sequential fashion. Updates can be
efficiently handled in constant time, as follows. Function
OpenInterval simply appends an entry at the end of the array
for a new live record version, while CloseInterval, drops a
tombstone on the existing entry for a newly closed record ver-
sion. This entry can be directly accessed using the num of the
record, which is obtained by probing the record id against
Hr .id→num . To answer queries, theQueryLive function scans
the dynamic array from its first entry, comparing the start of
every live record to q.tend while ignoring the tombstones.
By construction, the dynamic array stores the live records
sorted by their num, which means that the records are also
implicitly sorted by their start , in increasing order. Hence,
QueryLive terminates the scan after accessing the first record
that started after q.tend. As already mentioned, updates cost
O(1) time; however, a query costs O(n), assuming n updates
so far, since for each array position p up to q.tend, we must
check if p is a tombstone.

Search tree A second alternative data structure for the
LiveIndex IL is a search tree (e.g., a B+-tree), using num as
the search key. With such a search tree in place, we no longer
need to lazy-update IL when a record version dies. Instead,
CloseInterval probes the tree using the num identifier of the
record (obtained fromHr .id→num), and then directly removes
the corresponding entry. To answer a [q.tstar t, q.tend]
query, we scan and report entries from the first tree leaf until
we find the first entry that has its start after q.tend. Using
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this data structure both searches and updates cost O(log n),
where n is the number of updates so far.

Enhanced hashmap In terms of updating (Functions
OpenInterval and CloseInterval), we generally expect the
sorted array to outperform the search tree, due to its simplic-
ity. Querying efficiency depends on the characteristics of the
input stream; update-heavy workloads create a large amount
of tombstones to the array, rendering it slower than the search
tree. In view of the above, we consider a data structure, which
exhibits competitive update time to the array and has lower
query time. To this end, we suggest using an enhanced hash
table, similar to the Gapless hashmap proposed in [46] or
the java.util.LinkedHashMap in Java. Such structures can
handle insertions and deletions using num in constant time
(typical for hash tables), but also offer scan time linear to
the number of contained entries, which facilitates fast query
processing. In particular, the Gapless hashmap uses a con-
tiguousmemory area to store the elements. Insertions append
new elements at the end of this area, while deletions are han-
dled by swapping the deleted element with the last one and
reducing the array size by one.Hence, updates costO(1) time
as in the sorted array. Scanning is fast as it steps through the
contiguous storage area sequentially. Different to both the
array and the search tree, the hashmap does not maintain
the entries sorted by their num, and therefore, a full scan is
required to answer time-travel queries. Hence, queries cost
O(|IL |), where |IL | denotes the number of live entries. This
is lower than the O(n) query cost of the sorted array, but still
quite significant. In the next section, we suggest partitioning
techniques that reduce IL ’s search cost.

5.2.2 Temporal partitioning of LiveIndex

Given a query, a LiveIndex implemented by any of the data
structures in Section 5.2.1 would need to conduct compar-
isons for a large number of live versions (independently of
the underlying structure), since there is no way to directly
output versions guaranteed to start before q.tend. In view
of this, we propose a temporal partitioning of the LiveIndex
to boost time-travel queries. The key idea is to maintain IL
as a chain of temporal partitions or simply buffers, instead
of a single one, such that all num’s in a buffer are smaller
than all num’s in the next buffer. Hence, the start points of
live record versions in a buffer are smaller than or equal to
the start points of live versions in the next buffer. For each
query, only the buffers that may contain results are accessed
and, more importantly, comparisons are conducted only in
one buffer. This partitioning of the LiveIndex IL is orthogo-
nal to the data structure used for each buffer.

Duration-based partitioning An intuitive partitioning
approach for IL is to consider a duration constraint DL .
Under this, IL essentially resembles a uniform 1D-grid of

equi-width partitions, one for each buffer. A buffer Bi con-
tains the live entries that started inside the [i ·DL , (i + 1)·DL)

range of time units. Given a [q.tstar t, q.tend] time-travel
query, we first determine the bucket Bend that contains the
q.tend timestamp; this can be done in constant time by a
simple 	q.tend/DL
 division. The records inside the buffers
before Bend can be directly reported as results; by construc-
tion of the LiveIndex, these records started before q.tend.
In contrast, comparisons against q.tend are required for the
live records inside the last Bend , i.e.,QueryLive handles Bend

as if the LiveIndex comprised a single buffer. Regarding
updates, inserting a new live record version to IL (Func-
tion OpenInterval) is not significantly affected by the above
partitioning, as the new entry will be added to the last buffer,
i.e., the one containing the most fresh records; extra action
is required when DL time units have already past and a
new buffer needs to be created first. CloseInterval is more
challenging, as we need to fast determine the buffer which
contains the start of the dying record version. For this pur-
pose, we define an auxiliary, lightweight structure on top of
the buffers. This structure stores a 〈num, ptr〉 entry for each
buffer B of IL , where num is the lowest internal identifier of
a live record version inside B and ptr is a pointer to directly
access B in the chain. Recall at this point, that LiveIndex is
organized by num and so is its on-top structure, by construc-
tion. When a version of record r .id dies, CloseInterval finds
its num using Hr .id→num , then binary-searches the on-top
structure using r .num and, lastly, follows the buffer pointer
to locate the entry for num inside the corresponding buffer B.
After deleting the entry from IL , CloseInterval, forwards the
dead version for insertion to ID . OpenInterval may update
the on-top structure when the last buffer is full and a new
is created. Figure 5(a) presents a duration-based partitioned
LiveIndex, with the necessary steps taken for each of the
OpenInterval, CloseInterval, and QueryLive operations.

Capacity-based partitioning Duration-based partitioning
may define imbalanced buffers with respect to the number
of contained entries, rendering imbalanced query costs. An
alternative approach that results in balanced partitions is to
use a capacity constraint CL , allowing each buffer to hold
at most CL entries. 4 Unlike duration-based partitioning,
capacity-based partitioning can directly access the needed
buffers during both types of updates. For OpenInterval,
we simply append the new live record version at the last
buffer, while for CloseInterval, a num/CL division deter-
mineswhich buffer B contains the recently deceased version.
Note that if the last buffer is already full, OpenInterval cre-
ates a new buffer Bnew after the last one and appends the new
live version in Bnew.

4 For array structure, tombstones are not excluded when counting the
contained records.
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Fig. 5 LiveIndex: partitioning

In contrast, it is no longer possible to directly determine
buffer Bend for a [q.tstar t, q.tend] query. In view of this, we
define an on-top structure, which stores a 〈st, ptr〉 entry for
each buffer B of the LiveIndex, where st is the lowest start
timepoint of a record version inside B and ptr is a pointer
to directly access B. Note that the on-top search structure is
by construction sorted by version start and that it may con-
tain multiple entries for the same start . Hence, given query
[q.tstar t, q.tend], QueryLive first binary-searches the on-
top structure to identify the first buffer that could contain
q.tend and sets this as Bend .With Bend , the function proceeds
as for the duration-based LiveIndex, by directly reporting
records inside every buffer before Bend and conducting com-
parisons against q.tend for Bend . Lastly, besides updating
buffers, OpenInterval and CloseInterval also update accord-
ingly the on-top structure. Figure 5(b) illustrates a detailed
example of the capacity-based partitioning of LiveIndex and
operations on it.

5.2.3 Optimizations

As the timeline evolves and live records die, buffers may
become under-utilized or empty. To deal with this, reorga-
nization can be employed for both types of partitioning. For
the duration-based LiveIndex, sparsity is expected to occur in
the first (early) buffers. So, we merge adjacent sparse buffers
and accordingly update the on-top structure.5 To answer
time-travel queries, an auxiliary structure is now needed to

5 The number of buffers to be merged can be seen as a tunable system
parameter.

capture the time-range covered by this new buffer, as the
q.tend/DL division can only work for un-merged buffers.
Intuitively, a second on-top structure maintaining the low-
est start inside a buffer will allow us to deal with several
rounds of buffer merging. For the capacity-based LiveIndex,
one solution would be to define a lower-bound for the capac-
ity of a buffer.When the capacity of a buffer drops below e.g.,
50% of CL , we mark the buffer and merge it with either its
predecessor or its follower (if one of them is also marked),
and then update accordingly the on-top structure. Finally,
similar to the duration-based LiveIndex, a new on-top struc-
ture is required, as the num/CL division no longer works.
This new structure will hold the lowest num inside a buffer,
and will be binary searched by CloseInterval.

5.3 The DeadIndex component

We now turn our focus on indexing dead record versions.
Recall that these versions were evicted from the LiveIndex
IL by the CloseInterval function, after their end was read
from the input stream. The DeadIndex ID offers two key
operations. Specifically, (1) ID is updated to index a new
dead record version (Function InsertDeadInterval) and (2) it
evaluates time-travel queries (Function QueryDead). As the
timeline evolves and new dead versions enter ID , its domain
grows. Under this, a straightforward solution for indexing
dead record versions is the 2D point transformation approach
from [55] as discussed in Section 2.1, where a spatial index
(e.g., R-tree), adapts to the growing domain.

An alternative solution is to modify the state-of-the-art
interval index HINT [17, 18] to adapt to a growing domain.
Section 4.2 already discusses this for te-HINT. Implementing
domain extension for a HINT DeadIndex is simpler, because
we do not have to deal with transfers of live intervals between
buckets as in te-HINT. Instead, we only have to add one
more level and double the horizon tH , as soon as we cannot
accommodate a newly inserted interval s having at least one
of its endpoints after tH . As in te-HINT, after the expansion
operation, the existing partitions are renamed to reflect their
new level, but their contents remain intact.

Increasing the number of levels in a HINT that imple-
ments ID to a very large number may negatively affect its
search performance and size, as there could be far too many
partitions for the number of indexed intervals [17]. A naïve
approach to reduce the number of HINT levels by one is to
construct a new HINT with one less level and insert all inter-
vals in it. We propose a more efficient algorithm for deleting
the lowest level of HINT, which progressively moves inter-
vals from the deleted level to an appropriate partition above,
while maintaining the HINT property (i.e., each interval s
should be assigned at the smallest set of partitions from all
level that define s). Each interval at level m (to be deleted) is
stored in at most two level-m partitions. Intervals that begin
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Fig. 6 Steps of dropping last level m of HINT (m = 2)

and end in exactly one partition Pm,i are directly moved to
Pm−1,i÷2 and no further action is needed. This is the case of
s2 in Figure 6(b) which is moved to P1,0 in Figure 6(c). Inter-
vals that begin in a Pm,i , for an odd i , are temporarily moved
to Pm−1,i÷2; the same holds for intervals that end in a Pm,i ,
for an even i . For instance, s3 in Figure 6(b) is temporarily
moved to partition P1,1 because it ends in P2,2, while s4 is
temporarily moved to both P1,0 and P1,1 (see Figure 6(c)).
Temporary partitions Pm−1, j at each level � < m for an
even j are set-intersected with the next partition at the same
level holding replicas, at the potential of moving intervals
to the previous level � − 1 as finalized or temporary. Sym-
metrically, temporary partitions P�, j at level � for an odd j
are set-intersected with the previous partition P�, j−1. While
there are temporary partitions at each level, intervals may
propagate upwards until their correct partition is found. For
instance, intervals s3 and s4, which, after the deletion of level
2, were stored in (temporary) partitions P1,0 and P1,1 at level
1 are eventually propagated at P0,0 of level 0, as shown in the
final HINT at Figure 6(d). A pseudocode of the drop level
algorithm is skipped due to space constraints. Note that the
same method can be used to delete the last level of te-HINT.

5.4 Complexity

This section briefly analyzes the complexity of LIT. Assum-
ing that we have consumed n update events, LiveIndex
occupies space linear to the live records, or O(n) space
overall. The space complexity of HINT as a DeadIndex is
O(m · n) [17], where m is the number of levels. Regarding
time complexity: (1) the cost of consuming a new record
event is O(1), if a chain of enhanced hashmaps is used as
a LiveIndex; (2) consuming record deletions costs O(1) at
LiveIndex and O(m) at DeadIndex [17]. Hence, the cost per
update is O(m). This analysis does not consider the cost of
restructuring operations (merging live buffers, increasing the
number of HINT levels), which are rare and their amortized
costs are smaller than O(m). Regarding search, each query
costs for the buffer which includes q.tend, O(|IL |) compar-
isons when duration-based partitioning is used or O(CL), in
case of capacity-based, plus the cost of searching a constant
number (4 by expectation [17]) of HINT partitions, which
are also not expected to hold more than O(CL) intervals.

Fig. 7 Live and Dead space and queries

Fig. 8 Live and Dead space A-partitioning

6 Indexing non-temporal record attributes

Wenowdiscuss how tomodifyLIT and index record versions
on a specific attribute A for range time-travel queries, where
not only a timepoint/range is specified but also a selection
predicate on A. We denote a LIT that indexes an attribute A
(besides time) by a-LIT.

Before describing a-LIT we discuss the requirements of a
LiveIndex and a DeadIndex in the presence of the attribute
A. Figure 7 illustrates the information that should be stored
about live and dead record versions. As shown in Figure 7(a),
to be able to answer range time-travel queries against LiveIn-
dex, we need for each live version its start point and its
A-value. So, the live version is a 2Dpoint in the time-A space.
A range time-travel query can then be modeled as a rectan-
gular range {[t0, q.tend], [q.Astart, q.Aend]} in the time-A
space. Regarding the DeadIndex, we need for each dead ver-
sion its start , end and its A-value. Figure 7(b) illustrates
some dead versions in the time-A space and a range time-
travel query, which is modeled as a 2D rectangle, defined by
the query bounds.
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6.1 The LiveIndex component

a-LIT’s LiveIndex must index current record versions start
timepoints and their A values simultaneously.

2D space index A natural approach to do so would be to
use a native index for 2D points (e.g., kd-tree, quad-tree, R-
tree). Besides the 2D-space index, we also need an auxiliary
structure Hr .id→(start,A) that maps record ids to the start
points of their live versions and their A values. Otherwise, it
would not be possible to find and remove an indexed point
from the 2D index, when the corresponding version dies (i.e.,
CloseInterval). Hence, the OpenInterval operation inserts
the (start = tnow, A) entry of a new live version to both the
2D index and Hr .id→(start,A). Operation CloseInterval uses
Hr .id→(start,A) to find the coordinates of the ending version
in the 2D index, searches and removes it, and relays the dead
record version to DeadIndex. Finally, QueryLive issues a 2D
query to the 2D index to retrieve the qualifying live versions.

Use multiple pure time indices Another indexing approach
is to divide the domain of A into partitions (e.g., equi-width)
and develop a LiveIndex as described in Section 5.2 for
each partition. The data structures and temporal partition-
ing methods are defined separately for each partition. The
only difference is that the mapping mechanism Hr .id→num

of record ids to num values should also capture the A-
partition identifier wherein a live version is located. By this,
CloseInterval can identify and delete a live version from the
correct A-partition of the LiveIndex. Figure 8(a) illustrates
an A-partitioning of the live data space into four divisions
(PA0 to PA3). For each of them, we can define a pure tem-
poral LiveIndex, as described in Section 5.2. Given a range
time-travel query, we use the selection predicate on A to
identify the partitions that overlap with the query range in
the A-domain (i.e., PA1, PA2, and PA3 in Figure 8(a)). If
a partition is entirely covered by the A-range of the query
(e.g., partition PA2), we evaluate the temporal part of the
query, as described in Section 5.2. Otherwise (e.g., in PA1

and PA3), for each result obtained by the LiveIndex of the
partition, we verify the A-predicate of the query. Verifica-
tion is applied for at most two A-partitions containing the
query boundaries. Updates on this A-partitioning approach
are expected to be faster than updates on a 2D index, due to
the fast hashing mechanisms it incorporates.

6.2 The DeadIndex component

Now we turn to DeadIndex options for a-LIT. As before, we
can follow either a pure geometric approach or apply an A-
partitioning to take advantage of the efficiency of pure time
indices.

3D index A straightforward approach is to index the line
segments of the dead space (see Figure 7(b)) directly by a

native 2D index for geometric objects (e.g., an R-tree). How-
ever, such a method is not expected to perform well since
some record versions in temporal databases are long-lived,
corresponding to very long segments that require large node
minimum bounding rectangles, rendering the index ineffi-
cient. A more effective approach is to model each dead
version as a 3D point (s.start, s.end, r .A) in the (time, time,
A) space, and index these points using a 3D index (e.g.,
a 3D R-tree). Figure 2(a) shows how this can be done for
pure time intervals; the idea is to add one more dimension
for A. Each query in this 3D space is then modeled as a
([0, q.tend], [q.tstar t, tnow], [q.Astart, q.Aend]) 3D box.

Usemultiple pure time indicesSimilar to the case of LiveIn-
dex,wemay also partition the domain of A to define a number
of partitions, as shown in Figure 8(b). For each partition (e.g.,
PA0 to PA3), we use an optimized interval index, such as
the modified HINT to support domain extension, discussed
in Section 5.3. Given a range time-travel query, we first iden-
tify the A-partitions that overlapwith the query A-range (e.g.,
PA1, PA2, PA3) and then evaluate a pure time-travel query
in each such partition, verifying the A-predicate against its
results if necessary (e.g., in PA1 and PA3).

6.3 Handlingmultiple non-temporal attributes

In case of multiple non-temporal attributes A1, . . . Am , both
a-LIT index components can be extended to support range
time-travel queries with a range predicate to each Ai . Specif-
ically, we can still utilize a single multi-dimensional index
for the (m+1)-dimensional space defined by time and the A
attributes or the approach ofmultiple pure time indices, using
a multi-dimensional grid over the joint attribute domain.

7 Temporal indexing under limitedmemory

We now shift focus to scenarios where the available memory
for temporal indexing is bounded. To handle such cases, we
present LIT+, which extends the LIT framework by incorpo-
rating a new disk-resident component. For this purpose, we
introduce an expiration threshold, termed the fossilization
timestamp t f , which defines the temporal boundary between
memory-resident and disk-resident records.

7.1 Overview of LIT+

Intuitively, at the core of the LIT+ framework lies the dis-
tinction between two types of dead records; those that died
before the t f timestamp and those that died after. The former,
called fossils, are stored inside the disk-resident component
FossilIndex,whereas the latter, inside theDeadIndex, inmain
memory.
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Fig. 9 Overview of LIT+

Figure 9 provides an overview of LIT+, which extends the
original LIT framework in Figure 4. The stream of updates to
the indexed table T is again consumed by the LiveIndex IL ,
which implements theOpenInterval and CloseInterval func-
tions to handle the insert and deletion events, respectively.
When a record dies, the corresponding entry is removed from
IL (Function CloseInterval) and an entry is created in the ID

DeadIndex (Function InsertDeadInterval).Both components
reside in main memory. When the combined memory foot-
print of IL and ID exceeds a memory budget M6, a system
event termed fossilization is triggered. Fossilization frees
space in main memory to accommodate future updates in IL
and ID . For this purpose, LIT+ first updates the t f timestamp
by moving it forward in time. Afterwards, all dead records
whose end timepoint is before the updated t f are removed
from ID (Function DeleteFossils) and offloaded to the IF
FossilIndex on disk (Function InsertFossilIntervals).

To evaluate a pure time-travel query q = [q.tstar t,
q.tend], we distinguish between two cases. If q.tstar t > t f ,
LIT+ operates exactly as LIT, i.e., we probe only IL and
ID as detailed in Section 5. Otherwise, if q.tstar t ≤ t f
then we need to probe all three components. Similarly to
ID , IF evaluates a typical interval range query to determine
all records whose validity interval overlaps q. As discussed
in Section 5.1 for LIT, IL , ID and IF index disjoint sets
of records and therefore, these probing tasks are completely
independent to each other and duplicate results are never
produced.

In what follows, we elaborate on how the t f timestamp
is updated, on the necessary changes for the DeadIndex and
the implementation of FossilIndex; in contrast, LiveIndex
remains unchanged.

7.2 Updating the fossilization timestamp tf

A straightforward approach to update t f is to move it for-
ward to the end of the time domain covered by DeadIndex.
Then, all dead records become fossils and the maximum
possible amount of memory is emptied. However, such an

6 The M budget is a system parameter, pre-defined according to the
available memory.

extreme approach harms performance since a large num-
ber of queries will be evaluated by the FossilIndex, on disk.
Therefore, the process of updating t f encapsulates a typical
space-time trade-off. To control this trade-off, we introduce
an additional system parameter r , so that r · M specifies the
maximum amount ofmemorywe can empty during fossiliza-
tion; recall that M is the memory budget set by the system.

With parameter r in place, we can set t f to the time point
incurring the highest decrease in the memory footprint of
the DeadIndex ID that does not exceed the r · M threshold.
We can compute this decrease by scanning ID and counting
the total number of entries (both originals and replicas) for
the dead records whose interval ends before the new t f , i.e.,
those thatwill become fossils (FunctionCountFossilEntries).
However, to avoid exhaustively seeking this optimal new t f
inside DeadIndex’s entire domain, we choose a value best fit
for HINT, which as we show in Section 9.2.1, is the most
efficient structure for indexing dead intervals.

Specifically, we first restrict the value of the new t f among
only the end of the bottom HINT partitions in ID . This way
we both significantly reduce the search space for t f and
we simplify the scanning process of ID performed by the
CountFossilEntries function. Second, we examine the can-
didate t f values in a binary search fashion. We start off with
the center of the time domain covered by ID as the new
t f 7, and utilize CountFossilEntries to calculate the amount
of main memory M f to be emptied. If M f < r ·M holds, we
need to advance t f forward and recursively search the second
half of the domain; otherwise, we binary search the first half.
This process always terminates since there is a fixed number
of partitions at the bottom HINT level. Lastly, in the extreme
case where the specified new t f value is equal to the old, we
automatically set t f to the end of the directly succeeding par-
tition, emptying this way the minimum possible amount of
space in main memory for the system to continue operating.

7.3 The DeadIndex component

For LIT, DeadIndex operates in an insert-only mode; i.e.,
dead records are added to the index, but never removed.How-
ever, for LIT+, the DeleteFossils function is invoked every
time t f is updated. Essentially,DeleteFossils implements the
second step in the fossilization processwhere all fossil entries
in DeadIndex are identified and then the index is accordingly
updated.

We first elaborate on how to spot the fossil records stored
inside a HINT DeadIndex. By definition, fossils end before
the t f fossilization timestamp, which means they are stored
as originals inside a partition before t f . Figure 10 highlights
in light and dark gray the partitions which store the fossils’
original entries for a HINT DeadIndex with 4 levels; we will

7 The center equals the end of the Pm,2m−1−1 partition.
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Fig. 10 Classifying HINT DeadIndex partitions to determine fossils

explain the difference between the two shades in the next
paragraphs. In contrast, the records stored as originals inside
a white partition are not fossils as they definitely end after
t f . Note this is true even for the partitions whose timespan
contains t f , i.e., P2,2, P1,1 and P0,0 in Figure 10.By construc-
tion, a dead record whose validity interval starts for instance
inside P2,2, must end after t f because otherwise the record
would have been stored as an original in the level below, i.e.,
inside P3,4.

We next present two approaches for excluding all fossil
entries from aHINTDeadIndex ID

8. Althoughwe could dis-
cuss themaintenance process even for an unoptimizedHINT,
we assume that the subdivisions optimization from [17] is
activated to accelerate the process.9 In brief, according to
this optimization, the originals in every P (see Section 2.1)
are further divided into subdivisions POin and POaf t , so that
POin (POaf t ) holds the record intervals that end inside (resp.
after) the partition. Similarly, the replicas inside P are divided
into PRin and PRa f t . Intuitively, the straightforward approach
for maintaining ID first scans the index to determine all fos-
sils and then drops ID to rebuild it using only the remaining
dead (non-fossil) records. Under this, it suffices to scan the
POin , PRin subdivisions for every partition in ID . By def-
inition, entries originating from partitions before t f (light
and dark gray, in Figure 10) belong to fossils; these records
are collected and sent to FossilIndex (see Section 7.4). In
contrast, entries from the remaining partitions (white, in Fig-
ure 10) belong to non-fossils which are inserted to the new
DeadIndex.Notice how thismaintenance process completely
ignores POaf t , PRa f t ; their contained entries correspond to
records that end inside a succeeding P ′ partition, stored in
its P ′Rin subdivision. Furthermore, there is no need for de-
duplication because every dead record is stored as a Oin or
a Rin , exactly once.

If the t f fossilization timestamp is always set at the end
of a bottom level partition (as proposed in Section 7.2), the
above approach requires no comparisons to determine fos-
sils. However, we still need to rebuild the updated ID index
from scratch. In view of this shortcoming, we next present
an alternative approach which updates the subdivisions of

8 We compare the two approaches in Section 9.3.1
9 In practice, the subdivisions optimization is always activated as it also
enhances query processing [17].

Fig. 11 Batch insertions in LIT+’s R-tree FossilIndex

the HINT partitions in-situ by removing the fossil entries.
Note that we cannot rely on the update process described
for HINT in [17] which handles deletions by tombstones. In
our setting, we must physically remove the entries to empty
space inmainmemory. Instead, we distinguish between three
types of partitions in the current ID (colored light gray, dark
gray, and white in Figure 10), and handle each type in a dif-
ferent fashion. Let P be a HINT partition, we consider the
following cases:

– P is light gray, P.end < t f . We directly empty the
POin , PRin subdivisions as they store only records that
end before t f , i.e., fossils, by definition. In contrast, for
POaf t , PRa f t , fossils are determined by comparing their
end against t f .

– P is dark gray, P.end = t f . Similar to the light
gray case, we directly empty POin , PRin , while POaf t ,
PRa f t remain intact; by definition, their entries belong to
records that end after t f .

– P is white, P.end > t f . All subdivisions remain intact
since they exclusively contain entries for records that end
after t f .

To reduce the number of comparisons needed to process
POaf t , PRa f t in the light gray partitions, we rely on the
implicit sorting of the subdivisions. By construction, every
subdivision is sorted by record end, in increasing order.
Hence, to clean POaf t , PRa f t , we perform a binary search
for the first entry with end > t f and then remove all entries
preceding this pivot inside the subdivision. Lastly, all records
inside the POin , PRin subdivisions of the light and dark gray
partitions are collected and sent to FossilIndex, similar to the
straightforward approach.

7.4 The FossilIndex component

We next discuss LIT+’s disk-resident component. Fos-
silIndex IF operates in an insert-only mode, incorporating
the recently removed fossils from the DeadIndex ID after the
timestamp t f is updated. Despite indexing dead records sim-
ilar to ID , we cannot utilize HINT for IF as it was designed
for main memory. Instead, we employ the 2D mapping dis-
cussed in Section 2.1 under which every record is mapped to
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a (start, end) point. We index these points on disk using an
R-tree [26], which is the dominant structure for spatial data.

We next elaborate on the process of updating IF . When
fossilization is triggered for the first time, we can efficiently
index the incoming fossils in a bulk-loading fashion (e.g.,
with the STR algorithm [35]). For every follow-up event, a
straightforward approachwould be to directly use theR∗-tree
insertion algorithm from [5] individually for each recently
defined fossil. Despite its simplicity this approach will incur
frequent tree adjustments and a large number of I/Os. In view
of this, we devise a novel approach which inserts intervals in
batches making it suitable for large updates.

Figure 11 exemplifies the key steps in our batch insertion.
First, the incoming fossil records are sorted by their start to
improve spatial locality. Then, the sorted fossils are divided
into batches, each sized to fit within an R-tree leaf node. For
each batch, a new leaf node is created, which is then directly
inserted into an internal node, right above the leaf level of
the R-tree FossilIndex. Splits are triggered when necessary
to maintain the tree balance. The I/O cost of fossilization is
bounded by the number of leaf nodes inserted to the R-tree,
since the non-leaves are expected to be too few and may fit
in memory (especially, when we use a large node size, e.g.
8KBs). By the last assumption, the I/O cost for searching
the FossilIndex is bounded by the number of R-tree leaves
which are accessed by the query; this number is expected to
be small, estimated as the number of query results divided
by the node capacity.

7.5 a-LIT compatibility

Finally, we discuss the necessary modifications in LIT+ to
index record versions on a specific non-temporal attribute
A and evaluate range time-travel queries; we denote this
extended framework by a-LIT+. In principle, the key chal-
lenge we face is that the existence of attribute A increases
the memory footprint of a-LIT+ compared to LIT+. Under
the memory budget M , this will result in more frequent fos-
silization events.

Similar to LIT+, a-LIT+ draws a distinction between
memory-resident and disk-resident records. For live records
and in-memory dead records (i.e., non-fossils), we adopt the
multiple indices design for a-LIT in Section 6. In brief, we
partition the domain of A and build a pair of LiveIndex and
DeadIndex in each partition; our experiments in Section 9.2.4
show the advantage of this design. In contrast, for fossil
records, we rely on a single FossilIndex IF and one fos-
silization timestamp t f . To incorporate attribute A, we now
utilize a 3D R-tree which indexes the (start, end, A) space.

The key difference for the fossilization process of a-LIT+
lies in updating t f . For this purpose,we prioritize theDeadIn-
dex with the highest memory usage. This approach ensures
efficient resource utilization and prevents t f from advancing

Fig. 12 Persistence and recovery of LIT

excessively. This is beneficial for two reasons; (1) itmaintains
a balanced distribution of intervals across the dead indices,
and (2) it minimizes disk accesses by preventing t f from
becoming too recent, which would degrade query perfor-
mance.

8 Persistence, recovery, concurrency control

LIT is a main-memory index focused on real-time analyt-
ics and handling large volumes of rapidly changing temporal
data. However, the volatility of main memory necessitates
durability and recovery mechanisms following system fail-
ures. Figure 12 illustrates how LIT is integrated into a
temporal database system, to support fault tolerance and
recovery. Therefore, each update event is written to a log file.
In addition, a backup of LIT is taken periodically and writ-
ten to the hard disk for persistence. The backup is merely
a dump of the main memory data structures for LiveIndex
and DeadIndex. Assuming that the last checkpoint where the
last backup has been taken is tB , to recover LIT at a time
tnow > tB (e.g., due to a system failure at that time), we
first load the backups of LiveIndex and DeadIndex in main
memory, then replay events starting from tB in the log file,
and finally ingest all events after tB to evolve LiveIndex and
DeadIndex to their current state at tnow. Since all states up to
tB are captured by the LIT backup, we “cleanup” the log file
by removing all entries up to tB , for efficiency.

For LIT+, note that the FossilIndex is already on disk and
thus, no further action is required in case of a system failure,
assuming that disk recovery is handled by another mecha-
nism, such as RAID. However, to ensure atomicity and deal
with a failure during fossilization, the process is implemented
as a single system transaction guaranteeing that either all
dead records to be fossilized are removed from DeadIndex
and added to FossilIndex or none.Under this principle, a dead
record can be found exclusively either in the DeadIndex or
the FossilIndex, but never in both.

As in SAPHANA[30], concurrency control is operated by
the transaction manager of the DBMS, which manages the
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current database state, and is independent to our proposed
index. LIT ingests committed updates by the transaction
manager, as shown in the Events sequence table of Fig-
ure 1. As the time-travel queries refer to the past, they do
not conflict with insertions, which always happen at tnow.
So, a newly inserted record cannot be a query result. Time-
travel queries do not conflict with deletions/modifications,
since only the start timepoint of a currently deleted record
determines whether it is the result of a concurrent query.
Regardless if the item is in the LiveIndex (before the dele-
tion) or in the LiveIndex (after the deletion) it will be reported
as a query result if its start is before the end timepoint of the
query. However, when a query is evaluated after the dele-
tion of a record from LiveIndex and before the insertion
of that record to DeadIndex, we may get incorrect query
results. To ensure correctness, the migration from LiveIndex
to DeadIndex is done serially (i.e., not interleaved with con-
current queries). The total cost of a migration is extremely
low (around 150 nanoseconds, as shown in our experiments),
so the serial migration requirement does not affect the per-
formance.

Although possible, parallel fossilization would introduce
significant complexity in managing concurrent access to
the DeadIndex and FossilIndex. To guarantee data integrity,
LIT+ serializes fossilization, granting exclusive control over
the DeadIndex and FossilIndex. This design ensures cor-
rectness and eliminates race conditions during migration.
Furthemore, since fossilization is infrequent, this prioritiza-
tion has a negligible impact on system performance.

9 Experimental analysis

This section reports our experiments, which compare (a-)LIT
(Section 9.2) and (a-)LIT+ (Section 9.3), against competi-
tion. All methods were written in C++ and compiled with
gcc using -O3, -mavx, -march=native.

9.1 Setup

Datasets We experimented with six real temporal datasets
with an additional search-key A; Table 1 summarizes their
characteristics. TAXIS-F(-P) contain the pick-up and drop-
off timepoints of taxi trips (same intervals in both datasets)
in NYC from 2009.10 In TAXIS-F, A is the paid fare, and in
TAXIS-P, A is the number of passengers. BIKES contains the
pick-up and drop-off timepoints of bike rides in NYC from
2014 to 2021; the search-key A is the birth year of the rider.11

FLIGHTS contains the take-off and landing timepoints of

10 https://www1.nyc.gov/site/tlc/index.page
11 https://citibikenyc.com/system-data

flights recorded by the US Transportation Department from
2013 to 2022, and the occurred departure delay.12 WILD-
FIRES specifies when fire events from 1992 to 2015 in US,
were discovered and when declared contained/controlled.13

As search-key A, we use an estimate of the area burnt.
BOOKS contains the periods of time when books were lent
out by Aarhus libraries in 2013, and the number of books
during each period.14 BOOKS,WILDFIRES include objects
with long validity intervals, while in TAXIS, BIKES inter-
vals are extremely short; FLIGHTS lies in the middle of the
spectrum. As search-key, we consider both real and integer
values; A’s domain varies from extremely small (TAXIS-P)
to extremely large (WILDFIRES). The values of A follow
either a normal or a Zipfian distribution.

Input streams We created an event stream (workload) for
every dataset, by splitting each interval to an insert and a
deletion event, and interleaving 10K queries. Queries are
positioned uniformly inside the active timeline, i.e., the
period between the start of the very first interval until current
tnow. The nature of the created streams varies from extremely
update-heavy for TAXIS, BIKES and FLIGHTS with a
34000/1, 20000/1 and 13000/1 ratio of updates over queries,
respectively, tomoderate forBOOKSandWILDFIRES,with
a 410/1 and 156/1 ratio, respectively. We considered two
types of query extents; for pure time-travel queries, the extent
of the [q.tstar t, q.tend] interval while for range time-travel
queries, additionally the extent of the [q.Astart, q.Aend]
range. Table 2 lists the values for the query extents; the
defaults are in bold. In each test, we measure the update time
(for some indices, broken down to insert and delete time) and
the query time.

9.2 In-Memory query processing

We start off with the in-memory evaluation of queries. Sec-
tions 9.2.1 and 9.2.2 study LIT and pure time-travel queries
(Query 1). For this, we ignore the search-key A; hence, we
use a single TAXIS stream. Sections 9.2.3 and 9.2.4 study
a-LIT and range time-travel queries (Query 2) which include
selections on the search-key A. For this purpose, we con-
sidered an equi-width partitioning of the A domain in 6-7
partitions.15

All tests we conducted as single-threaded processes on
an AMD Ryzen 9 3950X, clocked at 3.5GHz with 64GBs

12 https://www.bts.gov
13 https://www.kaggle.com/datasets/rtatman/188-million-us-wildfires
14 https://www.odaa.dk
15 Our tests (not included due to lack of space) showed that this number
of partitions is sufficient to provide good total times in all tested streams.
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Table 2 Query extents; default
values in bold

Stream temporal search-Key

TAXIS-F 1, 6, 12, 18, 24 [hours] 3, 5, 10, 30, 50 [dollars]

TAXIS-P 1, 6, 12, 18, 24 [hours] 1, 2, 3, 4, 5 [passengers]

BIKES 1, 6, 12, 18, 24 [hours] 10, 20, 30, 40, 50 [years]

FLIGHTS 1, 2, 3, 4, 5 [days] 5, 10, 30, 60, 120 [mins]

WILDFIRES 1, 7, 14, 21, 30 [days] 10, 50, 100, 500, 1000 [acres]

BOOKS 1, 7, 14, 21, 30 [days] 5, 10, 15, 20, 25 [books]

Table 3 LiveIndex for LIT; total update/query times [secs]

TAXIS
query Append-only Search tree Enhanced
extent array hashmap

[hours] update query update query update query

1 9.92 409 47.9 0.001 12.42 0.011

6 9.92 410 47.9 0.001 12.42 0.011

12 9.92 409 47.9 0.001 12.42 0.011

18 9.92 411 47.9 0.001 12.42 0.011

24 9.92 412 47.9 0.001 12.42 0.011

BOOKS
query Append-only Search tree Enhanced
extent array hashmap

[days] update query update query update query

1 0.125 14.4 1.30 38.0 0.207 6.41

7 0.125 14.8 1.30 37.9 0.207 6.45

14 0.125 14.9 1.30 39.7 0.207 6.46

21 0.125 15.2 1.30 41.9 0.207 6.47

30 0.125 15.6 1.30 42.8 0.207 6.43

of DRAM and 1MB L1 Cache, 8MB L2 Cache, 64MB L3
Cache, running Ubuntu Linux.16

9.2.1 Tuning LIT

We first investigate the best setting for the LiveIndex and the
DeadIndex of LIT.

LiveIndex: data structure We implemented the alternative
structures from Section 5.2.1; STL C++ vector class was
used for the append-only array, STL C++ ordered_map
class (Red-Black tree) for the search tree, and the Gapless
hashmap from [46] for the enhanced hashmap.17 Table 3
summarizes the results of our tests; for the interest of space,
we report only TAXIS and BOOKS, which contain long and
short intervals, respectively. The tests back up our analysis
from Section 5.2.1. The append-only array exhibits the best
(lowest) update times due to its simplicity. The enhanced

16 Code: https://github.com/GiorgosChristodoulou/LIT
17 Source code was provided by the authors.

Fig. 13 LiveIndex for LIT partitioning; default query extent

Table 4 LiveIndex for LIT partitioning; update and query times [secs],
default query extents

input duration-based capacity-based
stream insert delete query insert delete query

TAXIS 4.65 7.46 0.004 5.25 7.42 0.011

BIKES 5.67 2.36 0.005 3.31 4.14 0.004

FLIGHTS 3.06 2.02 0.004 1.74 2.65 0.011

WILDFIRES 0.027 0.033 0.003 0.023 0.027 0.003

BOOKS 0.083 0.270 0.352 0.083 0.204 0.319

hashmap however is always competitive, even for the update-
heavy stream of TAXIS. The search tree on the other hand
is vastly outperformed in updates. Regarding queries, the
enhanced hashmap is themost robust structure; the efficiency
of the other two is affected by the nature of the input stream
and/or the length of the intervals. Update-heavy streams
(TAXIS) will incur a large number of tombstones and signif-
icantly slow down the append-only array, while long-lived
intervals (BOOKS) increase the size of LiveIndex and slow
down the search tree. All data structures are robust to the
query extent, which is expected, since q.tstar t is ignored
in query processing. Overall, the enhanced hashmap offers
the best trade-off between updates and queries, exhibiting
always the lowest total time. For the rest of our experiments,
we use the enhanced hashmap to store the LiveIndex.

LiveIndex: partitioningWe implemented both partitioning
approaches from Section 5.2.2. To determine the best value
for the duration constraint DL and the capacity constraintCL ,
we conducted the experiments in Figure 13 where the total
time (update plus query time) is reported, while varying DL

and CL . Note that as the value of both constraints increases,
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the number of LiveIndex buffers always drops. With the best
observed values for each input stream in place, we compare
the two approaches in Table 4 for the default query extents,
which also includes a runtime breakdown for each approach.
Note that the capacity-based partitioning always outperforms
the duration-based by 10%, on average. For the rest of our
analysis, the LiveIndex of LIT will use the capacity-based
partitioning; also, based on this experiment, we set CL =
10000 for all streams.

DeadIndex We compare HINT in the role of DeadIndex
as discussed in Section 5.3, against the 2D transformation
approach proposed in [55], powered by an in-memory 2D
R-tree from the highly optimized Boost.Geometry library.
18 Table 5 reports the insert time and the query time for each
DeadIndex approach, while varying the query extent. Due to
lack of space, we show again only the numbers for TAXIS
and BOOKS.

HINT outperforms the 2DR-tree on computing pure time-
travel queries by at least one order of magnitude (usually
two orders), while for ingesting dead records, the 2D R-
tree is competitive only in case of BOOKS, which contains
significantly fewer updates than TAXIS. In contrast, for the
update-heavy TAXIS, the 2D R-tree is an order of magnitude
slower than HINT for indexing new dead records. In view of
the above, LIT will use HINT as its DeadIndex component
for the rest of our analysis.

9.2.2 Pure time-travel queries

We now compare the LIT hybrid index against te-HINT
(Section 4) and the state-of-the-art Timeline index [30] for
transactional DBs (re-implemented to fully operate in main
memory). Figure 14 (first row) reports the total time (updates
and queries) for each index to ingest the input streams, while
varying the query extent. Our tests clearly show that LIT is
the most efficient index for all input streams, followed in
almost all cases by the Timeline index, while te-HINT ranks
last, with the exception ofWILDFIRES. To better understand
these results, the second row of the figure reports the accu-
mulated time over the 10K queries of the stream and Table 6
reports the accumulated update time.

The query costs of LIT and te-HINT are always lower
compared to those of Timeline; te-HINT is competitive to
LIT but in all cases slower. For updates, Table 6 shows the
advantage of Timeline; recall from Section 2 that Timeline is
designed for the support of fast updates in transaction-time
DBs. Nevertheless, LIT is competitive to Timeline. Also,
observe that the total updating cost is almost equally divided
in between the LiveIndex and the DeadIndex. In contrast, te-

18 Benchmark in [37] showed that Boost.Geometry
(https://www.boost.org) R-tree implementations outperform the
libspatialindex library (https://libspatialindex.org/).

HINT is orders of magnitude slower than LIT and Timeline
in updates, mainly due to the high cost of moving intervals
between partitions at different levels, as the timeline evolves
and deletion events arrive. Overall, LIT offers the best trade-
off between updates and queries, resulting in the lowest total
time, even for update-heavy streams such as TAXIS and
BIKES. Lastly, we provide a breakdown to the query time of
LIT in Table 7.

9.2.3 Tuning a-LIT

Similar to Section 9.2.1, we first investigate the best setup
for a-LIT.

LiveIndex We implemented the two alternative solutions
for the LiveIndex discussed in Section 6.1; an in-memory
Boost.Geometry 2D R-tree which directly indexes the
(start, A) 2D space and a series of pure time indices (using
enhanced hashmap and capacity-based partitioning), one for
each partition of the A domain. For completeness, we also
include the approach of a single pure time index (again
with enhanced hashmap and capacity-based partitioning);
this captures the case of an extremely skewed distribution
of A-values, where the vast majority of the objects fall inside
one A-partition. Table 8 reports the total update (insert and
delete) and query time for each solution while varying the
search-key query extent. Due to lack of space, we only report
on the TAXIS-F and BOOKS streams.

The performance of the 2D R-tree LiveIndex is severely
affected by the cost of updates, especially by deletions, ren-
dering this solution impractical.19

Even a single pure time index is still a better option for the
LiveIndex than a 2D R-tree which indexes both time and A
dimensions. Finally, regarding the comparison between the
single and the multiple time indices solutions, we observe
an expected tradeoff. The single time index solution is faster
for updates, especially in update-heavy streams like TAXIS-
F, while using multiple indices has an order of magnitude
lower time on queries. As the decrease in the total time from
using a multiple time indices LiveIndex for query-intensive
streams (BOOKS) is larger than the increase of the total time
on update-heavy streams (TAXIS-F), in the rest of our anal-
ysis, a-LIT will use the multiple time indices solution, i.e.,
maintaining a LiveIndex for each partition of the search-key
A domain.

DeadIndex We implemented the two options discussed in
Section 6.2; a 3D R-tree which directly indexes both the
validity interval of a dead version and its search-key A, and
a series of pure time indices powered by HINT, one for each
partition of the A-domain. For completeness, we also include

19 This is expected, as R-trees typically suffer from high maintenance
costs.
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Table 5 DeadIndex for LIT; total update&query times [secs]

TAXIS
query extent 2D R-tree HINT

[hours] insert query insert query

1 69.7 3.21 47.9 0.001

6 69.7 15.5 47.9 0.001

12 69.7 29.8 47.9 0.001

18 69.7 44.3 47.9 0.001

24 69.7 59.2 47.9 0.001

BOOKS
query extent 2D R-tree HINT

[days] insert query insert query

1 0.63 45.9 0.15 0.27

7 0.63 47.8 0.15 1.05

14 0.63 51.2 0.15 1.86

21 0.63 55.2 0.15 1.74

30 0.63 59.1 0.15 2.96

Fig. 14 Pure time-travel queries: LIT against competition

Table 6 Pure time-travel: total
update time [secs]

Input Timeline te-HINT LIT
stream LiveIndex DeadIndex total

TAXIS 12.3 1886 14.5 8.43 22.89

BIKES 10.4 357 7.93 5.13 13.06

FLIGHTS 4.08 526 4.68 3.01 7.69

WILDFIRES 0.05 0.38 0.07 0.04 0.11

BOOKS 0.19 349 0.49 0.14 0.63

Table 7 Pure time-travel: query
time breakdown [secs]; default
query extents

Component input stream
TAXIS BIKES FLIGHTS WILDFIRES BOOKS

LIT: LiveIndex 0.157 0.005 0.011 0.001 0.371

LIT: DeadIndex 2.96 0.203 0.504 0.019 1.85
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Table 8 LiveIndex for a-LIT; total update and query times [secs],
default temporal query extent

TAXIS
search-key single pure multiple pure
query extent 2D R-tree time index time indices
[dollars] update query update query update query

1 1163 0.002 16.2 0.02 19.7 0.002

6 1163 0.002 16.2 0.02 19.7 0.002

12 1163 0.002 16.2 0.02 19.7 0.002

18 1163 0.002 16.2 0.02 19.7 0.002

24 1163 0.002 16.2 0.02 19.7 0.002

BOOKS
search-key single pure multiple pure
query extent 2D R-tree time index time indices
[books] update query update query update query

1 1622 1.6 0.4 0.4 0.5 0.04

7 1622 1.9 0.4 0.4 0.5 0.04

14 1622 2.2 0.4 0.4 0.5 0.04

21 1622 3.2 0.4 0.4 0.5 0.04

30 1622 4.5 0.4 0.4 0.5 0.04

the case when a single HINT is used as the DeadIndex, which
again captures the case of an extremely skewed data distri-
bution, where the vast majority of the objects are indexed by
a single HINT. Table 9 reports the total update (insert) and
query time for each approach, while varying the search-key
query extent; again, due to lack of space, we only report on
the TAXIS-F and BOOKS streams. The table clearly shows
the advantage of the multiple pure time indices option in the
role of the DeadIndex for a-LIT. The 3D R-tree DeadIndex
is always slower both for updating (insertions of dead record
versions) and querying, while using a single pure time index
is only competitive for updating. In the rest of our analysis,
a-LIT will maintain a HINT powered DeadIndex for each
partition of the search-key A domain.

9.2.4 Range time-travel queries

We compare a-LIT against two competitors. The first is a
time-first baseline, which directly employs the pure LIT and
does not index the search-key attribute A. Pure LIT employs
the same setup considered for pure time-travel queries com-
parison in Section 9.2.2, i.e., an enhanced hashmap with
capacity-based partitioning as the LiveIndex and HINT
as the DeadIndex. To answer a range time-travel query
q, this (pure) LIT first executes a pure time-travel query
with [q.tstar t, q.tend] and then, checks the attribute A
of every intermediate result against the [q.Astart, q.Aend]
range. The second competitor is the state-of-the-art index for
multi-versionedDBs,MVB-tree [4] (re-implemented to fully
operate in main memory). The first and the third rows in Fig-

Table 9 DeadIndex for a-LIT; total update and query times [secs],
default temporal query extent

TAXIS
search-key multiple
query extent 3D R-tree HINT HINTs
[dollars] insert query insert query insert query

1 81.9 40.6 9.49 4.11 9.48 0.49

6 81.9 40.5 9.49 4.12 9.48 0.51

12 81.9 40.6 9.49 4.11 9.48 0.40

18 81.9 40.6 9.49 4.12 9.48 0.41

24 81.9 40.5 9.49 4.11 9.48 0.41

BOOKS
search-key multiple
query extent 3D R-tree HINT HINTs
[books] insert query insert query insert query

1 0.74 4.80 0.15 0.85 0.15 0.26

7 0.74 5.35 0.15 1.75 0.15 0.25

14 0.74 7.86 0.15 2.53 0.15 0.28

21 0.74 9.14 0.15 2.63 0.15 0.27

30 0.74 11.6 0.15 4.14 0.15 0.27

Table 10 Range time-travel: total update time [secs]

input stream MVB-tree [4] LIT (pure) a-LIT

TAXIS-F(-P) 341 27.9 29.3

BIKES 57.8 15.7 16.5

FLIGHTS 61.6 8.76 9.89

WILDFIRES 0.28 0.12 0.14

BOOKS 1.86 0.85 0.87

ure 15 report the total time of the indices, while varying the
A-range of the query and the temporal query extent, respec-
tively. Observe that both LIT-based indices outperform the
MVB-tree, in all tests. The reason is the high cost of update
handling by the MVB-tree; the performance gap is larger for
the TAXIS and BIKES (update-heavy streams). As Table 10
shows, LIT (pure) and a-LIT capitalize on the LiveIndex to
cope with updates. In fact, the MVB-tree is competitive only
in BOOKS, which has the smallest number of updates and
so, queries significantly contribute to the total time. a-LIT
always outperforms LIT (pure) as expected for range time-
travel queries (second and fourth row in Figure 15), since
LIT (pure) cannot prune the search space using the search-
key attribute. Overall, a-LIT exhibits a good tradeoff between
updating and querying, being able to efficiently handle both
update-heavy and moderate streams. Based on our tests, we
expect an even bigger advantage over LIT (pure) for query-
heavy streams.
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Fig. 15 Range time-travel queries: a-LIT against competition

Fig. 16 Size growth over time

9.2.5 Index size

We conclude our analysis for in-memory query processing
with a study on the index size. First, we compare LIT and
a-LIT against the competition; Tables 11 and 12 report the
maximum size for each index for pure time-travel and range
time-travel queries, respectively. For all indices, this max-
imum value is observed after the entire input stream was
ingested. In Table 11, observe that for all streams LIT occu-
pies less space than the Timeline index. On the other hand,
te-HINT has an identical maximum footprint to LIT because

Fig. 17 LIT+ DeadIndex:
deletion time varying memory
budget M (% of dataset);
numbers mark fossilization
events, reduction factor
r = 10%

Fig. 18 LIT+ DeadIndex:
insertion time varying memory
budget M (% of dataset)
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Table 11 Pure time-travel: index size [MBs]

input stream Timeline [30] te-HINT LIT

TAXIS 3086 2042 2042

BIKES 1851 1226 1226

FLIGHTS 1129 747 747

WILDFIRES 15 10 10

BOOKS 69 45 45

Table 12 Range time-travel: index size [MBs]

input stream MVB-tree [4] LIT (pure) a-LIT

TAXIS-F(-P) 8522 3404 3744

BIKES 5433 2043 2247

FLIGHTS 4739 1246 1370

WILDFIRES 35 16 18

BOOKS 282 75 83

both approaches eventually build identical HINT indices. As
Table 12 shows, a-LIT always occupies less space than the
MVB-tree. Compared to a-LIT, (pure) LIT has a slightly
smaller footprint due to building a single HINT, but at the
expense of an inferior performance, in almost all cases as
shown in Figure 15. Finally, we study the growth of the
LIT’s size of time; Figure 16 plots its size as a function of
the percentage of the updates in each stream. Observe that
LIT’s space increases linearly with the number of updates,
which makes it appropriate for in-memory management of
time-evolving data.

9.3 Query processing under limitedmemory

The second part of our experimental analysis evaluates
queries under limited memory for LIT+ and a-LIT+.20 We
ran our tests on the same datasets and input streams used for
the first part of the analysis (see Section 9.1). We setup the
in-memory LiveIndex and DeadIndex components accord-
ing to Section 9.2.1 amd 9.2.3; i.e., LIT+ uses an enhanced
hashmap with capacity-based partitioning for LiveIndex and
aHINT forDeadIndex,while a-LIT+ usesmultiple enhanced
hashmaps with capacity-based partitions on time and parti-
tioning on search-key A for LiveIndex, and multiple HINTs
based on the A-partitioning for DeadIndex. The page size for
the on-disk R-trees (both as a FossilIndex and as a competi-
tor) was fixed to 8KB.

All tests ran (again as single-threaded processes) on an
Intel Core i7-14700K clocked at 3.4GHz with 64GBs of
RAM,.1.7MB L1 cache, 28MB L2 cache, and 33MB L3
cache, and a 4TB NVMe SSD using PCIe 4.0.

20 Code in https://github.com/psimatis/lit_fossils

Fig. 19 LIT+: fossilized records

9.3.1 Tuning LIT+ and a-LIT+

Similar to Section 9.2,wefirst examine the best setting for the
DeadIndex (in regards to fossilization) and the FossilIndex of
LIT+. Our findings directly apply to a-LIT+; plots omitted
due to lack of space.

DeadIndex We consider the two approaches described in
Section 7.3 for implementing theDeleteFossils function. We
denote by Reconstruct the straightforward approach which
drops and rebuilds from scratch the HINTDeadIndex, and by
Update in-situ, the approach which updates the HINT parti-
tions on site by removing all fossil entries. To evaluate the
approaches, we fed LIT+ the input streams and monitored
the triggered fossilization events for different values of the
memory budget M , as a percentage of the dataset size (see
Table 1). Figure 17 reports the total time required to maintain
the DeadIndex by removing the fossils. For each M value,
we also include the number of fossilization events as annota-
tion over the bars (i.e., how many times the DeleteIntervals
function was invoked).21 Furthermore, Figure 19 shows the
average number of fossils removed from DeadIndex per
M . As expected, the deletion times for both approaches
drop as M increases due to fewer fossilization events tak-
ing place, while the average number of fossils increases as
larger DeadIndex chunks are removed per fossilization.Most
importantly, we observe that the Update in-situ approach
always outperforms the Reconstruct one for all datasets;
typically there is 6× to 12× improvement. For the rest of
our analysis, we always use Update in-situ for maintaining
DeadIndex.

FossilIndexWe consider the two approaches detailed in Sec-
tion 7.4 for updating FossilIndex, i.e., for implementing the
InsertFossilIntervals function. To evaluate the approaches,
we tested in isolation the last part of the fossilization pro-
cess. Specifically, we directly submitted chunks of the input
streams to the R-tree FossilIndex as fossils. Figure 18 reports
the insertion cost to FossilIndex, while varying the number of
inserted records as a percentage of the dataset cardinality (see

21 Without loss of generality, we set the reduction factor r to 10% in
this test; we study its effect later in Figure 20.
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Fig. 20 LIT+: total update time
[secs] varying memory budget
M and reduction factor r

again Table 1). Each experiment is initialized with an empty
FossilIndex, followed by inserting a chunk of the dataset;
the first chunk is bulk-loaded using the STR algorithm. We
observe that the batch insertion approach outperforms R∗-
tree insertion in all cases. This is expected, as batching
minimizes I/O by grouping records into leaf nodes before
writing, whereas R∗-tree insertion adds records individually,
leading to higher cost. The only exception occurs at the 5%
insertion of the WILDFIRES dataset, where the number of
insertions is small (i.e., 38,921) compared to other streams
(e.g., 102,535 for BOOKS).

In this case, the sorting overhead of the batching method
is more expensive than the restructuring cost of the R∗-tree
algorithm. Under these findings, we always use batch inser-
tion for updating FossilIndex.

We next study the overall cost of updating LIT+ and a-
LIT+ whenconsuming an input stream.This cost includes the
cost of maintaining the LiveIndex, DeadIndex, and FossilIn-
dex components and the cost of updating t f . Note that a-LIT+
utilizes the same methods for maintaining its DeadIndex and
FossilIndex during the fossilization process, as discussed in
the previous paragraph. Figure 20 reports our findings for
different values of the memory budget M and the reduction
factor r (see Section 7.2). Higher values of M significantly
decrease the update time because they reduce the frequency
of disk migrations and hence the fossilization time. While r
has a smaller effect on total update time than M , r = 10%
is the fastest in all settings. Hence, we set r = 10% for the
remaining experiments. Since a-LIT+ has slightly higher
memory requirements compared to LIT+ due to attribute A,
using the same M value would trigger more frequent fos-
silization for a-LIT+. So, for the remaining tests, an empirical
+5% adjustment ensures a fair comparison under similar
memory pressure.

Figure 21 (left) breaks down LIT+’s update time for bud-
get M = 20%. We observe that dataset cardinality impacts
update time; larger steams (e.g., TAXIS) require substantially
more time than smaller ones (e.g., WILDFIRES). Overall,
LiveIndex dominates, since it processes all insertions and
deletions, and DeadIndex is costlier than FossilIndex. A
notable exception is BOOKS, where long intervals inflate
LiveIndex’s memory footprint, thus, leading to frequent fos-
silizations and a small, cheap to maintain DeadIndex.

Fig. 21 Update time breakdown: LIT+ (M = 20%) and a-LIT+ (M =
25%), r = 10%

Figure 21 (right) shows the same breakdown for a-LIT+.
As with LIT+, LiveIndex is the slowest component to main-
tain. Interestingly, all datasets exhibit theDeadIndex dip seen
in BOOKS of Figure 21 (left). This is due to: (1) attribute
A increasing memory pressure and triggering frequent fos-
silizations, and (2) the overhead of the 3D R-tree used for
FossilIndex compared to DeadIndex’s lighter HINT.

9.3.2 Querying LIT+ and a-LIT+

We study the query performance of the LIT+ and a-LIT+
frameworks. Figure 22 provides a breakdown of the total
query time for LIT+, across all three index componentswhile
varying the memory budget M . FossilIndex bars are anno-
tated with the percentage of queries that access fossils on
disk. As M increases, the fraction of disk-bound queries
decreases, leading to lower FossilIndex query times, and
an increase in DeadIndex query times. In contrast, LiveIn-
dex remains unaffected by the varying memory budget. This
behavior is consistent across all datasets, confirming that
reducing I/O overhead improves performance.

We next compare LIT+ against a disk-resident Timeline
and a hybrid baseline that shares LIT+’s in-memory LiveIn-
dex with an on-disk 2D R-tree indexes both dead and fossil
records. Both these competitors use the available memory as
an LRU cache. Figure 24 reports the total and query times;
the R-tree based solution was terminated on TAXIS as it was
extremely slower than the other methods. LIT+ outperforms
Timeline on both metrics, as in the in-memory query pro-
cessing study (Figure 14).

Even though LiveIndex + 2D R-tree avoids transfers from
DeadIndex to FossilIndex, it exhibits higher update time than
LIT+, because it inserts dead intervals to the on-disk R-
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Fig. 22 Pure time-travel queries: LIT+ breakdown; default query extents, r = 10%, annotations show percentage of queries on FossilIndex

Fig. 23 Range time-travel queries: a-LIT+ breakdown; default query extents, r = 10%, annotations show percentage of queries on FossilIndex

Fig. 24 Pure time-travel queries: LIT+ against competition; default
query extents, M = 20%, r = 10%

Fig. 25 Pure time-travel queries: LIT+ scalability on TAXIS; default
query extents, M = 20%, r = 10%

tree one-by-one, which is computationally intensive and also
incurs many I/Os. Further, it experiences higher query times
for queries on recent data than LIT+’s HINT, as each query
potentially accesses the disk.

We also study how LIT+ scales with the size of the input
stream. Figure 25 reports total and query times on TAXIS
streams spanning 1 to 3 years. Both metrics scale smoothly
with stream size indicating stable behavior as the index
grows. a-LIT+ exhibits the same scalingbehavior; plots omit-
ted due to space constraints.

Fig. 26 Range time-travel queries: a-LIT+ against competition; default
query extents, M = 25%, r = 10%

Figure 23 provides the query time breakdown for a-LIT+,
while varying memory budget M . As observed in Fig-
ure 22, LiveIndex is the fastest component, followed by
DeadIndex, and finally FossilIndex. An exception occurs in
BOOKS where LiveIndex is slower than DeadIndex, due to
the dataset’s long-lived intervals.

Lastly, we compare a-LIT+ against a disk-resident MVB-
tree and a hybrid solution,with a single in-memoryLiveIndex
(similar to a-LIT) and anon-disk 3DR-tree for dead and fossil
records. Figure 26 reports total and query times; numbers on
TAXIS-P for the R-tree based solution again omitted. a-LIT+
is the best on all datasets in total time;MVB-tree is the runner
up. The LiveIndex + 3D R-tree processes queries faster than
MVB-tree on every dataset except WILDFIRES.

10 Conclusions and future work

WeproposedLIT, a hybrid index for time-evolvingdatabases,
which decouples the handling of current (live) record ver-
sions from past (dead) record versions. We studied different
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implementation options for the live and dead components
to minimize update and query costs. We considered both
pure time-travel queries that retrieve active record versions at
some time point or period in the past, and range time-travel
queries, which additionally apply a selection predicate on a
search-key attribute. This work revisits our previously pro-
posed LIT [19] by introducing LIT+. LIT+ extends LIT to
manage memory-bounded scenarios, where the indexed ver-
sion history exceeds the system’s memory capacity. LIT+
stores old dead versions on disk, while keeping the recently
dead versions in memory. We study mechanisms for batch
transfers of versions between LIT+’s components. Our tests
unveil the best approaches for handling live and dead record
versions in LIT and shows that LIT is orders of magnitude
faster than temporal indices that index live and dead ver-
sions in the same structure. LIT uses linear space to the
number of record versions, which renders it suitable for in-
memory indexing of temporal data. We also demonstrate the
efficiency and scalability of LIT+ in indexing long version
histories. Future work includes studying the applicability
of LIT on other temporal query types (e.g., aggregation,
joins), multi-threaded processing, and LIT’s integration into
an open-source database system.
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