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Querying temporal and versioned data is a classic problem that has been studied for more than four decades.
In a temporal database, a record version is characterized by a temporal validity interval. Queries on temporal
databases retrieve record versions that were valid at a time point or sometime within a time interval and
satisfy a selection predicate on some object attribute. There is little recent work on indexing temporal data for
queries with range filters on a given attribute, especially considering modern commodity hardware. We revisit
this classic problem by proposing AITTI, an in-memory index, which uses an interval tree as a backbone to
index the time dimension. The record versions in each interval tree node are organized by a new data structure
tailored for open-ended range queries in the time-attribute domain. We theoretically analyze the search and
update performance of AITTI and its component structures. We experimentally show the superiority of our
index over previous work on real data.
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1 Introduction

Research in temporal databases spans several decades [21, 22, 40, 48, 64]. Temporal DBMSs track
the evolution of a database to support time-travel queries, which retrieve records that are valid at a
specified snapshot or time interval. Accordingly, database systems such as PostgreSQL!, Microsoft
SQL Server? and MariaDB® provide temporal features [2, 43, 52]. Interest in this area has surged
[39], as large main memories in commodity systems make it practical to retain extensive history.
Recent work [23, 26, 45] concentrates on improving the performance of time-travel search, yet
comparatively little attention has been paid to indices that combine temporal predicates with range
filters over additional non-temporal attributes.

Lhttp://wiki.postgresql.org/wiki/Temporal Extensions
Zhttp://learn.microsoft.com/en-us/sql/relational-databases/tables/temporal-tables
Shttp://mariadb.com/kb/en/system-versioned-tables
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Fig. 1. A Temporal employee records (left); their geometric representation and a time-travel query (right)

Formally, we consider a temporal relation R, with a schema R(Ay, Aa, . .., T}, Tp) which includes
two attributes T; and Tj, that capture the validity of the records, with T; < Tj,. Specifically, the
validity of a record r € R is r.Tj to r.Tj. The table in Figure 1 shows an example of a temporal
relation R, where each record r € R is a version of an employee record, and [r.T},r.T},) is the
employment period of r in R. The temporal relation stores record versions where some attributes
(e.g., Name) are time-invariant and some (e.g., Salary) may change from version to version.

Traditional database indices (e.g., B™-trees) support selection (equality or range) queries on a
designated attribute A. When applied to a temporal relation, such queries additionally include
temporal predicates. Listed as Query (II) in [59], such a time-travel query q is defined by a filter
(range) predicate [q.A;, q.Ap] on an attribute A of the relation and a time period [q.T;, q.T,]. The
objective is to retrieve all records r in the queried temporal relation R, such that (1) the time period
of the query overlaps with r’s time period, i.e., r. T, > q.T} A r.T; < q.Tp, and (2) r.A is inside the
range [q.A}, q.Ap], ie., q.A; < r.A < q.Ap. As an example, a time-travel query g on the relation in
Figure 1 seeks employees who were employed between May 2021 and December 2023 and their
salary then was between 40K and 55K. Figure 1 (right) illustrates the records of the temporal table
as horizontal line segments in the time-salary space and the exemplary query q as a rectangle in
this space. All segments that intersect with the query rectangle are query results; i.e., the second
employment record of Smith and the employment record of Young. Besides temporal databases [59]
and OLAP temporal analytics [1], time-travel composite queries find applications in other domains
that analyze temporal data. For example, an urban planner looking to improve the transportation
infrastructure in NYC, can request all taxi trips on 2009-03-01 that took place during the rush hours
from 07:00 until 09:00, carrying more than 2 passengers.

Motivation. A classic access method for temporal relations is the multi-version B-tree (MVB-tree)
[13], which has optimal space and time complexity. However, the MVB-tree is designed for external
memory and underperforms when the temporal database fits in memory [32]. Using the Relational
Interval Tree (RI-tree) [50, 51], the authors in [37] assign intervals to a virtual tree and store them in
B*-trees along with the non-temporal attribute with different key orderings (including Hilbert-curve
encoded keys). While it achieves optimal I/O, it requires replication, which incurs significant space
overhead and high construction cost. Another indexing approach is to transform each record r to a
3-d (r.T;, r.Ty, r.A) point and model the query as a 3-d ([0, ¢.T3], [q.T}, 0], [q.A1, q.An]) rectangle.
The records can be organized by any 3-d data structure for points (e.g., an R-tree [42] or a kd-tree
[16]). The drawback of such an approach is that the 3-d query extent is large (since it contains an
open-ended [q.T}, o) range) and good performance cannot be guaranteed. For instance, a kd-tree
uses O(n) space to store n points, and answers 3-d range queries in O(n'~'/? + K) time, where K
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is the number of results, while the time complexity of a time travel with fractional cascading is
O(log® n + K), however, requiring O(nlog® n) space [33]. In a recent paper [32], a data structure
that divides the domain of A in bands and defines a pure time-travel index for each band (i.e., HINT
[30, 31]) was proposed. The drawback of this approach is that it may access and search a large
number of data structures, if the A-filter range [g.A}, q.Ap] of the query is not selective.

Contributions. In this paper, we revisit the problem of time-travel queries on a temporal relation
having a range filter predicate on an attribute A of the relation. We consider this problem in modern
commodity machines, which typically have enough memory to accommodate the entire temporal
relation. We propose the Augmented Interval Tree for Temporal Indexing (AITTI), a novel temporal
index, which extends the interval tree [33], a theoretically optimal data structure for interval data,
to support composite range search on both the time domain and the attribute domain.

AITTI comprises a backbone data structure, which is an interval tree that indexes the time
validity periods [r.T}, r.T] of the records r in the temporal relation R. However, unlike the classic
interval tree, each node v of the backbone structure organizes its records in appropriate data
structures, which facilitate search for attribute A. Our first novel contribution is augmenting each
node of the interval tree by three data structures, which ensure theoretically optimal search at each
accessed node. During search, for each node v in the backbone structure which may contain query
results, we probe exactly one of the three data structures. In particular, we show that we need
to apply either just the range filter on A, or one of the possible two 3-sided queries that includes
the A-filter and a one-sided range in the time domain. Depending on the case, we search the data
structure that yields the query results in logarithmic time. Overall, this design of AITTI stores
n records using O(n) space, has query time complexity O(logn + K) at each accessed node of the
backbone structure and supports updates in O(log® n) time.

While this design is theoretically sound, it is not attractive in practice for two reasons. First, it
replicates information to three different data structures. Second, the three data structures used at
each interval tree node are binary search trees. Although theoretically optimal, these binary trees
have a high traversal cost, due to branch mispredictions and the fact that they are not cache-friendly.

Given the above, our second major contribution is a novel, unified indexing structure for one-
dimensional and 3-sided 2-d range queries on horizontal segments, called RISH. Our data structure
organizes the records in each node to enable fast searches and updates, while being efficient for
all three query types it has to support. RISH is a cache-friendly, multi-way search tree that keeps
the (A, Tj, Ty,) records sorted in its leaves of maximum capacity C (as a B*-tree would), while inner
nodes have as keys bounds for the A, Tj, and Tj, values of all records in their subtrees. The difference
between RISH and an off-the-shelf multidimensional index is that RISH is used for queries that
involve a closed range [q.A}, q.Ay] on attribute A and a potential open range (either (—oo, q.T;]
on Tj or [q.T;, ) on Tp). By optimizing RISH to consider this, we achieve excellent performance
when searching the nodes of AITTI’s backbone interval tree. Moreover, RISH is update-friendly,
efficiently supporting arbitrary insertions and deletions to the temporal relation R.

We compare our AITTI against representative methods, which we implemented for in-memory
query processing. These include HINT [30, 31], a time-only index that post-filters its results using
[q.A;, q.An]; an approach that maps records to points in a 3-d (7;, Ty, A) space and puts them in
an R-tree [42]; aHINT, an extension of HINT that handles attribute filters as suggested in [32];
and the index setting proposed in [37] which builds upon RI-tree [50, 51]. AITTI outperforms
all competitors in most setups in terms of search, while being competitive with them in storage
requirements and update cost.

Outline. The rest of the text is organized as follows. Section 2 defines the problem of time-travel
queries and discusses the necessary background. Section 3 proposes our AITTI structure for
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Table 1. Notation and terminology summary

Notation [ Description

Dataset and Queries
A temporal relation containing records r

n Number of records in R
r.T;,r.Ty The start/end timestamps of record r
r.A The value of attribute A for record r
q A time-travel query
[q.T1,9.Th ] The time interval predicate of ¢

[q.A1, q.Ap] The range predicate of q on attribute A
AITTI (Backbone Interval Tree)
v A node in the backbone interval tree

v.c The center of node v
0.Amin | 0.Amax | Min/max attribute A values in v’s subtree
0v.B(A) Data structure in v indexing records by attribute A
0.PST(Typ, A) | Priority Search Tree in o for 3-sided queries on (Ty/p, A)
RISH (Node Index Structure)

u A node in the RISH structure
C Maximum capacity of u
UAins WAmax Min/max attribute A values in u’s subtree
UT1/R i max Min/max T;/Tj, value for all records in u’s subtree

temporal indexing and time-travel queries, and conducts a complexity analysis of the structure.
Section 4 presents our RISH design for AITTI’s nodes. Section 5 reports our experimental analysis.
Finally, Section 6 reviews related work and Section 7 concludes our study.

2 Preliminaries
2.1 Problem Definition and Notation

We assume a temporal relation R, whose schema contains two attributes T; and T}, to capture the
validity period of each record in R.* In addition, R contains a scalar attribute A on which we are
interested in applying range filters.

A time-travel query q on R is defined by a time interval [q.Tj, q.Tj,] and a value range [q.A;, q.Ap].
The objective is to retrieve all records » € R, such that r.T, > q.T; Ar.T; < q.T, and q.A; < r.A <
q.Ap. If q.T) = q.Tp, the query is called stabbing time-travel query; if q.A; = q.Ap, the query is
an equality time-travel query; if q.T) = q.T, and q.A; = q.Ap, the query is an equality-stabbing
time-travel query. Table 1 summarizes the notation and terminology used throughout the paper.

2.2 Background

Section 2.2.1 reviews the interval tree, a classic data structure for intervals which provides the basis
for AITTI’s temporal indexing. Section 2.2.2 recaps on the priority search tree for 3-sided range
queries on 2-d points.

2.2.1 Interval tree. An interval s = [s.Tj,s.Ty] is defined by a low s.T; and a high endpoint s.T,.
As fundamental search operations, a range query retrieves all intervals from an input set S that
intersect a query interval q = ([q.T}, ¢.T,]) while a stabbing query, the intervals cut by a query
point q.T. The interval tree [33, 35] is a worst-case optimal binary search tree for n intervals. The

4For simplicity, we define this validity period to be closed at both ends. All methods discussed in this paper, can be trivially
extended to support periods [T, Ty, ) that are open at s.T; i.e., as typical in transaction-time temporal databases [59].
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Fig. 2. Example of an interval tree

index is constructed in O(nlog n) time, occupies O(n) space, and can answer stabbing and range
queries with K results in O(logn + K) time.

Each node v of the interval tree has a center value v.c and up to two children. To construct the
tree, we use the median of the T; and Tj, endpoints of all intervals as the center value of the root
node v; this median can be computed in linear time (e.g., using the median of medians algorithm
[20]). All intervals s € S containing value v.c (i.e., s.Tj < v.c < 5.T3,) are stored inside the root v in
two sorted lists; v.L contains the intervals s € v sorted by s.T; and v.R contains the same intervals
sorted by s.Tj,. The data intervals s € S, for which s.Tj, < v.c are assigned to the left subtree of v, and
those having s.T; > v.c are assigned to the right subtree. The subtrees are constructed recursively.
Given that each subtree gets at most n/2 intervals, the height of the tree is O(log n). Figure 2 shows
an example of an interval tree (bottom) for a set of 14 intervals (top).

To process stabbing queries, i.e., find all intervals that include a query value ¢.T, only one path
of the tree needs to be traversed. Starting from v being the root of the tree, if v.c > q.T, then list
v.L is scanned from the beginning and intervals s are reported until s.7T; > q.T; the left child of v
then becomes v and the process is repeated. If v.c < ¢.T, then list v.R is scanned from the end to
its beginning and the accessed intervals s are reported until s.Tj, < q.T; search is then recursively
applied to the right child of v.

For range queries, i.e., find the intervals that intersect query interval [q.T}, q.T], Algorithm 1
generalizes the stabbing search. Let v be the current node. If we have v.c > ¢.Tj, then list v.L is
traversed forward to report intervals s until s.T; > ¢.Tj, and search is recursively applied to the left
child of . If we have v.c < ¢.T}, list v.R is traversed backward from its end, to report intervals s
until 5.7, < q.T; and search is recursively applied to the right child of v. Finally, if .7} < v.c < q.T,
all intervals in v are reported as results (without comparisons), and search is recursively applied
to both children. Figure 2 highlights the interval tree nodes and intervals accessed for the range
query g shown at the top.

2.2.2  Priority search trees. Given a set P of 2-d points, a 3-sided range query q = {[q.x1, q.x1], [q.y1, ©))
retrieves all data points p € P with q.x; < p.x < g.x, and q.y; < p.y. The priority search tree
(PST) [55, 69, 70] is a data structure that answers 3-sided range queries in logarithmic time. The
PST is defined as follows. The data point py,,.. = (X, Ymax) in P with the highest y value becomes
the root of the PST. Then, the remaining points are divided into two equi-sized groups based on
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ALGORITHM 1: Range query on the interval tree

Input  :Interval tree 7, query interval q = [q.T}, q.Tj]
Output :set of all intervals that intersect g

1 Function ITSearch(node v, query interval q):

2 if v.c > q.T, then

3 s « o.L.first();

4 while 5s.7; < q.T;, do

5 output s;

6 s « s.L.next();

7 B ITSearch(v.leftchild, q);

8 else if v.c < q.T; then

9 s « ov.R.last();

10 while 5.7, > q.T; do

11 output s;

12 s « v.R.prev();

13 | ITSearch(v.rightchild, q);
14 else > q.T) <v.c < qTp
15 outputall s € v.L;

16 ITSearch(v.leftchild, q);

17 B ITSearch(v.rightchild, q);
18 ITSearch(7 .root, q); > Traverse the tree, depth-first

A A A
y
pymax
“*~~~~~~~
\‘ S~
Y K|
1Y
~
[ ¢ 3
.

X

Fig. 3. Example of a priority search tree and 3-sided query

their median x-value x,,,; P, contains all points whose x value is at most x,,, and Pg contains those
having their x value greater than x,,. Then, for each of the two groups a PST is built recursively
and the roots of the two trees become the children of the root of the PST. Figure 3 illustrates the
PST for a set of 13 points.

Algorithm 2 illustrates the 3-sided range search on PST. Starting from the root u, we first compare
u.y with the lower y-bound of the query q.y;. Due to the priority property of the PST with respect
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ALGORITHM 2: 3-sided query on PST
Input  :PST 7, 3-sided query q
Output :set of all points in g

1 Function PSTSearch(node u, query range q):

2 if u.y > q.y; then

3 if u.x > q.x, then

4 L PSTSearch(u.leftchild, q);

5 else if u.x < q.x; then

6 L PSTSearch(u.rightchild, q);

7 else > q.x; S ux < q.x
8 output u;

9 PSTSearch(u.leftchild, q);

10 PSTSearch(u.rightchild, q);
11 PSTSearch(7 .root, q); > Traverse the tree, depth-first

to y, if u.y < q.yy, the subtree rooted at u cannot contain any results, as all its contents have values
smaller than u.y. Hence, the subtree rooted at u is searched only if u.y > q.y;. In this case, we
examine u.x w.r.t. the x-range of ¢; if u.x > q.x,, only the left subtree may contain results; if
u.x < q.x;, only the right subtree may contain results; finally, if g.x; < u.x < q.x,, u itself is a result
and both children are searched recursively. A PST storing n points occupies O(n) space and has
O(log n + K) search cost for 3-sided queries.

Similar to the bottom-up construction algorithm for heaps, there is a bottom-up construction
algorithm for PST which takes O(nlogn) time [70]. Insertions and deletions take O(logn) time
[70]. In addition, numerous variants of the PST have been proposed for the internal-memory
word-RAM model of computation (e.g., [27, 38, 74]) and have been optimized for data management
on secondary storage (e.g., [10, 19, 38, 47, 56, 63, 68]).

3 The AITTI structure

We now present AITTI, our augmented interval tree that supports time-travel queries on attribute
A as defined in Section 2.1.

The backbone structure of AITTI is an interval tree [33] (see Section 2.2.1). We assign the records
r of the input relation R to nodes of AITTI based on their validity intervals [r.Tj, r.Ty] exactly as in
the interval tree. However, unlike the interval tree, each AITTI node no longer keeps two sorted
lists with the time endpoints of its records. Instead, we define three data structures for every node
v. The first one is a sorted array (or a binary balanced search tree), on attribute r.A. We denote this
data structure by B(A). The second data structure is a priority search tree (PST) [55] (see Section
2.2.2), which supports the following 3-sided search: q.A; < r.A < q.Ap A r.Ty < q.T;,. We denote
this data structure by PST (T}, A). Note that this data structure contains one 2-d point (r.A, r.Tj) for
each record r in node v. The third data structure is another priority search tree which supports the
q.A; <1.A < q.Ap Ar.T, = q.T; 3-sided search. We denote this data structure by PST(Tj, A). This
data structure contains one 2-d point (r.A, r.T) for each record r in node v.

From Section 2.1, recall that a time-travel query q is defined by a time range [¢.T;, q.Ty] and a
range filter [q.A}, q.Ap] on attribute A. The objective is to find all records r, such that [r.Tj, r.Ty]
overlaps [q.T;, q.Ty] (e, =(r.T, < q.T;} V q.T, < r.T})) and q.A; < r.A < q.Ap. To evaluate the
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ALGORITHM 3: Time-travel query on AITTI

Input  :AITTI T, query q = {[q.T}, ¢.Ts], [9-AL, q-An])
Output :set of all records r, such that [r.T}, r.T] intersects [q.T}, q.Tj,] and
qA <r.A<qAp

1 Function AlTTISearch(node v, query q):

2 if v.c > q.T), then > case 1
3 output all r € v, satisfying 3-sided query q.A; < r.A < q.Ap AT} < q.Tp;

4 B AlTTISearch(v.leftchild, q);

5 else if v.c < ¢.T; then > case 2
6 output all r € v, satisfying 3-sided query q.A; < r.A < q. Ay ATy > q.Tj;

7 | AlTTISearch(v.rightchild, q);

8 else > case 3
9 output all r € v, satisfying 2-sided query q.A; < r.A < q.Ap;

10 AlTTISearch(v.leftchild, q);

11 B AlTTISearch(v.rightchild, q);
12 AlTTISearch(I .root, q); > Traverse the tree, depth-first

query, we conduct a range query search on AITTI, using the following recursive algorithm. Starting
from the root node v, with center point v.c, we distinguish three cases:

(1) If v.c > q.Ty, then only records r in v having r.T; < q.Tj, satisfy the temporal predicate of
the query. These objects must also satisfy range filter g.A; < r.A < g.Aj, to be query results.
Hence, we apply a 3-sided query, which is solved optimally using v.PST (1}, A).

(2) If v.c < q.T;, then only records r in v having r.T;, > q.T; satisfy the temporal predicate of the
query. These records also have to satisfy range filter g.A; < r.A < q.Aj to be query results.
Hence, we apply a 3-sided query, which is solved optimally using v.PST(Tj, A).

(3) If ¢.T; < v.c < q.Tj, then all records in v satisfy the temporal predicate of the query. To find
those which also satisfy the range filter on attribute A, we apply a range search on v.B(A);
this is done by a applying a successor query on v.B(A) to find the first result and continue
the depth-first search in v.B(A), until the first non-result.

Algorithm 3 illustrates time-travel search on AITTL As an example, Figure 4 (top) shows a set of
temporal records, each capturing a time interval and a value on attribute A. The figure (bottom)
shows the structure of AITTI which assigns the records to nodes based on median T-endpoints as in
Figure 2. The figure also shows the local data structure accessed at each of the four visited nodes (v,
v3, Vg, and vy). Specifically, since for the root node v; we have v;.c < ¢.T;, we apply a 3-sided range
query on the (Tj, A) points in v;.PST (T, A), to retrieve rg as a result, because point (rs.Tp, r¢.A)
is inside the 3-sided query range. Then, the right child of v; (i.e., v3) is searched recursively, and
since q.T} < vs.c < q.T, we apply a 1-d range query on v5.B(A), looking for records in r € v5 with
q.A; < r.A < q.Ap; this finds ry; as a result. Last, we search vg and vy, children of vs, applying
3-sided queries on vg.PST(Tj, A) and v;.PST(T;, A) to report results ryg and ry3, respectively.

Space and search complexity analysis. The space occupied by an AITTI storing n records is
O(n), as each record appears once in its data structures, the number of nodes in the backbone
interval tree is O(n) and each of the B(A), PST(T;, A), PST (T, A) data structures also occupies
linear space to the number of records in it.
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Fig. 4. An AITTI for temporal records and an exemplary query g, shown as a rectangle that models a combined

temporal range with an attribute range filter. At each interval tree node accessed by the query, only the
searched local data structures are shown.
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A time-travel query q = ([q.T}, q.Tn], [q-Al, q.An]) traverses two paths of the backbone interval
tree and the nodes in between, so it visits O(log n + Kr) nodes, where Kr is the number of records
that satisfy the [q.T}, q.T;] temporal predicate of the query. The worst-case occurs when [q.T}, q.Tj]
is not selective (e.g., ¢.T; = —oc0 and q.Tj, = o0). In this case, O(n) nodes of the backbone interval
tree are visited and Ky = O(n); if K < K (i.e., the [¢.T}, q.T;] predicate is not selective), the query
has O(n) cost. However, typical queries in temporal databases have a selective temporal predicate
and O(log n) nodes are visited from the backbone interval tree structure. For example, in stabbing
queries, where q.T; = ¢.Tj,, only one path of the interval tree is searched. The worst case is that
the O(log n) visited nodes collectively hold O(n) records. For a node v holding m records, search
using one of the B(A), PST(T;, A), PST(Ty, A) data structures costs O(log m + K,)), where K, is the
number of query results in v. Therefore, if the O(log n) nodes hold O(n) records altogether, the
total cost for the query ¢ is O(log? n + K).” On the average case, where each of the O(log n) visited
nodes holds m = O(n)/n = O(1) records, the cost drops to O(logn + K).

Construction. To construct AITTI, as for the interval tree, we can assign the records in a top-down
manner to the backbone interval tree structure in O(nlogn) time, e.g., using median of medians
algorithm at each node to partition its contents to its subtrees recursively (see Section 2.2.1). For
each node v of the backbone structure, we can construct each of B(A), PST(T;, A), and PST(Ty, A)
data structures in O(n, log n,) time, where n, is the number of intervals assigned to node v, i.e., the
construction cost of binary-balanced trees and PSTs (see Section 2.2.2). Hence, the total construction
cost of AITTLis O(nlogn) + 3, O(n,logn,) = O(nlogn).

Insertions. We now explain how AITTI handles insertions. First, each node v of the backbone
interval tree maintains the number of records in the sub-tree rooted at v, denoted by S(v). Given a
new record r, we find the first node v such that r.T; < v.c < r.T;,. For every node ¢’ in this search
path, we update S(v”). If such a node exists, we insert r into its B(A), PST (T}, A), and PST(Tj, A).
Otherwise, we create a new leaf node and initialize B(A), PST(T;, A), and PST(Tj, A) to include just

SWe either have O(1) nodes with O(n) records each, or O(log n) nodes with O(n/log n) records each. In both cases the
per-node complexities sum up to O(log? n + K), as Y, K, = K.
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r. If there exists a node v in the insertion path where max{S(v.leftchild), S(v.rightchild)} > AS(v)
(A € (0.5,1) is a hyper-parameter), we rebuild the sub-tree rooted at v, using the AITTI construction
algorithm. Since max{S(v.leftchild), S(v.rightchild)} < AS(v) for every node in the interval tree,
the height H of the tree satisfies 1 < A'n, so H = O(log n).

Next, let us analyze the insertion cost. If we find an existing node v to insert r, the cost is
bounded by O(logn), because we traverse a single path with H = O(logn) and updating B(A),
PST(T;, A), and PST(Tp, A) needs O(log n) time. The case where there exists no node v such that
r.T; < v.c < r.Ty costs O(log n) time to traverse the interval tree. Furthermore, when rebuilding the
sub-tree rooted at v, we need O(S(v) log S(v)) time. Notice that, at first, we have S(v.leftchild) ~
S(v.rightchild) ~ S(v)/2. For max{S(v.leftchild), S(v.rightchild)} > AS(v) to hold, we should
receive AS(v) — S(v)/2 = Q(S(v)) insertions. These insertions can affect each level I € [1,1ogn] of
the sub-tree. At level I, this sub-tree has O(2') records, hence its rebuilding cost is O(2! log 2!) =
O(12"). This means that the amortized cost per new record at this level is O(12!) /2! = O(I). Summing
up this cost for all levels, the amortized cost is Zﬁgln O(1) = O(log® n). This analysis does not have
any assumption; even in an extreme case, where numerous skewed insertions fall into the same
node, they have the above bounded cost. A practical A value that achieves a tradeoff between
frequent rebuilds and balancing would be 0.75.

Deletions. To delete a record r, we first find the node v that contains r in O(log n) time. Then,
we remove the record from the v.B(A), v.PST(T;, A) and v.PST (T, A) structures, which also costs
O(log n) time. The sub-tree size S(v’) is updated accordingly for each node v’ along the path to
v. After the deletion, if v becomes empty, we keep it in the backbone interval tree as an empty
node. Let n’ be the number of nodes in the interval tree. If the current number of records n
drops below n’/2, we rebuild AITTI The amortized cost for rebuilding AITTI after a deletion is
O(nlogn)/0.5n = O(logn).

A-pruning optimization, To improve the performance of AITTI in practice, we introduce an
A-pruning optimization. For each node v of the backbone interval tree, we maintain a range
[Amin, Amax] with the minimum and maximum A-values of all records stored in the subtree rooted
at o, similar to [5, 54]. This range is kept at 0’s parent. At Lines 4, 7, 10, and 11 of Algorithm
3, we recursively search the corresponding child node only if its [Anin, Amax] range intersects
[q-A1, q.An]- The [Amin, Amax] range for each node of the backbone structure is updated after
insertions and deletions.

For insertions, when traversing AITTI to insert a record r, we update the bounds of each visited
node v along the path with v.A.,;, = min(v.Apipn, r.A) and v.Apex = max(v.Apayx, r-A). This adds
a negligible constant overhead, preserving the O(logn) complexity. If a record r is deleted from
anode v and r.A = v.Ap,in, Wwe may have to update A,,;, for v and the nodes along the deletion
path. For this, we first check whether the deleted r.A equals the A,,;, of one of v’s children; if so,
we do not have to do any updates to v or any other node. However, if the deleted r.A is smaller
than the A,,;, bounds of ’s children, we update v.A,;» and the corresponding bounds along the
deletion path by the minimum of the smallest A value in v and the A,;,;,, bounds of v’s two children.
The smallest A value in v can be found in O(log n) time by traversing the leftmost path of B(A). A
symmetric procedure is applied if the deleted r.A equals the current v.A,,4. Overall, the deletion
complexity is unaffected by the maintenance of A,,;, and A,,4» bounds.

Points of criticism. Although the three-data structures design of B(A), PST (1}, A), and PST (T, A)
at each AITTI node is theoretically appealing, it has significant drawbacks in practice. The most
important issue is the processing of queries at each node v, where one of these data structures must
be used. Since all of them are binary trees, their access during queries will be slow. Specifically, for
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B(A) we require a tree search to locate the first query result and from thereon, we need to traverse
the tree, by a successor function, to obtain the next nodes in order and output them to the query
result one-by-one until we find a node that is outside the search range [q.A}, q.Ay]. Besides being
computationally slow, such a process incurs random memory accesses and therefore cache misses.
For the PST structures, we also have to visit the nodes of the tree one-by-one, starting from the
root, collecting query results, each requiring random accesses and comparisons (see Section 2.2.2).

Another drawback of these data structures is that they are slow to update, as insertions and
deletions require tree traversals and potentially rebuilding. In addition, each update to the base
data requires changing three data structures at the affected interval tree node, rather than one.
Finally, we need three times the space that would be required if a single data structure per node v
of the backbone interval tree was used.

4 RISH: Range Index for 1-d and 3-Sided Queries on Horizontal Segments

In this section, we propose a practical alternative to the three-data structure design of B(A),
PST(T;, A), and PST (T, A), which takes less space and has lower search and update costs in
practice. For this purpose, we devise a novel in-memory tree index, called RISH, which unifies
all three B(A), PST (T}, A), and PST (T, A) into a single data structure at each AITTI node. For
efficiency and scalability, RISH is a multi-way tree, where each node holds up to C entries. RISH
organizes the records r based on their r.A attribute values, and inner nodes keep bounds for the A,
T;, and Ty, in their subtrees.

4.1 Motivation and Index Design

Recall from Section 3 that AITTI should support three possible querying operations at each node of
its backbone interval tree. All three operations include closed and possibly small range [q.4;, .An]
predicate on the A attribute. If the center timestamp v.c for the accessed AITTI node v is included
in the query timerange [g.T}, q.Ty] no other predicates apply on v’s contents; otherwise, one open-
ended predicate (either r.Tjy < q.Tj, or r.T, > q.T) is added to the query. Therefore, in all cases, our
new RISH index should support range search on A, but the potential r.T; < ¢q.Tj and r.T, > q.T; are
not always applied and when they are, they (1) are open-ended on one side (i.e., not selective) and
(2) apply on different attributes of r, i.e., either r.T; or r.Tj,.

This motivates us to primarily organize the records r in RISH by r.A. To build an RISH from a
static set of records, we sort the records by r.A and pack them into the leaf nodes of the RISH with
capacity C. The inner node levels are constructed recursively. For each RISH leaf u, we compute the
minimum u,,,,, and the maximum u,,,, values of A from the node records, the minimum T; value
ury,,;,> and the maximum T, value urp,, . These four bounds form the key of the node u, which is
stored in its parent node together with a pointer u,, to u. For any inner node u, the [u4,,,,, ta,,..]
range is the minimum and maximum A value of all records in its subtree, and the ur;,,, and ury
are the minimum and maximum T; and T, respectively, of all records in its subtree. The entries
in an inner node are ordered by [ua,,,,, ua,,,. ] and, for two consecutive entries e;, e;+1 in an inner
node, it is guaranteed that e;.ua, . < ej1.Ua,,,,

Now, let us revisit the three enumerated cases in Section 3 concerning the center value v.c of the
current AITTI node v with respect to the query time-range:

max

(1) If v.c > q.Ty, then we compute the 3-sided query q.A; < r.A < q.Ap A r.T} < q.T, using
bound ur;,,, at each visited node u of v’s RISH to prune u if ur;,, > q.Ty; bounds ury,, . are
not used by this query. After solving the problem for the current node v, we recursively search
v.leftchild. If, for a RISH node u, the range [u4,,,,, ta,,,.] is covered by the query A-range
[q.A1, q.Ap], the A-bounds or A-values are ignored while searching the subtree rooted at u.
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Fig. 5. The RISH index (right) of an AITTI node v (left) and two time-travel queries

(2) If v.c < q.Tj, then we compute the 3-sided query q.A; < r.A < q.A, Ar.T, > qTyonv’s
RISH, pruning node u and its (and subtree) if ury,,,. < q.T;; bounds ury,,, are not used by
this query. After solving the problem for the current AITTI node v, we recursively search
v.rightchild. If, for a RISH node u, the range [ua4,,,, 4a,,,.] is covered by the query A-range
[q.A1, q.Ap], the A-bounds or A-values are ignored while searching the subtree rooted at u.

(3) If .T; < v.c < q.Tp, then we traverse current AITTI node’s v RISH to identify all records r
with q.A; < r.A < q.Ap; for this query, the bounds ury,,,, and ury,,, at each RISH node u

are ignored. We recursively search both children of AITTI node v. If, for a RISH node u, the

range [ua,,,,, UA,,..] is covered by the query A-range [q.A;, g.An], all records in the subtree
rooted at u are reported without any comparisons.

Storage optimization. To reduce cache misses during search, the layout of RISH nodes is optimized
as follows.

e Within each internal RISH node, the [u4,,,,, ua,,.. |, Yr1,,,, and urp, . bounds of all entries
are stored in three separate (dedicated) arrays and the corresponding pointers to lower-level
nodes are also in a separate array. Hence, depending on the query and the overlap type
between the query and the bounds, we access and use only the necessary information from
each RISH node during search. Specifically, for queries of case (3), we do not access and
use the upy,, ,urp,,,. arrays from RISH nodes; whereas for queries of cases (1) and (2), we
ignore the up;,  and urp,, arrays respectively. In addition, when the query’s A-range
covers the [ua,,,,.Ua,,,.] range of a node u, we avoid accessing the (uy ) arrays
when traversing the subtree rooted at u.

e Within each leaf node, the values r.A, r.Tj, and r.Tj, of every record are also stored in dedicated
arrays, aligned with an array with the record identifiers. Queries only access the necessary
arrays required for comparisons.

min? uAmax

Example. Figure 5 illustrates the structure of RISH for a set of intervals that are stored in an AITTI
node v; for simplicity, assume node capacity is C = 3 records. Hence, the RISH index has one root
and two leaf nodes. The root node v.root has two entries, which are vertically decomposed into four
tables. The leaf nodes v.u; and v.u, are also decomposed into one array for each record attribute.
Consider query g; shown on the right of the figure. Since the temporal range [q;.Tj, q1.Tp,] of
¢1 includes center v.c, all records in v are guaranteed to temporally overlap with g;, so columns
ury,,,, and urp,  in non-leaf RISH nodes and columns T; and Tj, in leaf nodes are ignored. Hence,
the query only accesses the [u4,,,,, ta,,,.] table of the root to find that [r;.A, r;.A] overlaps with
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the query range [q1.4;, ¢1.Ap]. Then, node v.u; is accessed and from its column A, we report r3 as
¢ result, since q1.4; < r3.A < q1.Ap. From the [uga,,,, ua,,,. ] table of the root, we also find that
attribute range [r4.A, rs.A] is covered by [q1.A}, q1.Ap]. Therefore, all records in the subtree rooted
at v.u, are query results and no comparisons are necessary to retrieve and report them.

For query g, shown on the left of the figure, observe that q;.T; < v.c. This means that a record
r € v temporally overlaps with the query if r.T; < ¢,.Tj,. Hence, the query accesses [ua,,,,, Ua,,,, ]
and ury,,,, at the root of the tree (but ury,, is ignored), to find that [r;.A, r3.A] does not overlap
with [g2.A}, q2.Ap]; 1.e., v.uy (and its subtree) is pruned. We also find that [r4.A, r¢.A] overlaps with
[q2-A1, g2-Ap] and r5.T; < q2.Ty; due to this, we access v.uz and columns A and T; in it, to identify
query results r5 and rg.

max

Complexity analysis. The space complexity of an RISH at an AITTI node v is O(n,), where n, is
the number of records assigned to v. This is due to the fact that the number of inner RISH nodes is
smaller than the number of leaf nodes that occupy O(n,) space. Hence, the space complexity of
AITTI when using RISH at its nodes is O(n), as the total number of nodes in the backbone interval
tree is O(n) and the total number of records in these nodes is also O(n).

The time complexity to search a single AITTI node v indexed by RISH when q.T; < v.c < q.Tj,
(case 3) is O(log n, +K,), where K, is the number of results at node v, as RISH follows the total order
of the records based on attribute A. For AITTI nodes v, where either q.T, < v.c or q.Tj > v.c (cases
1 or 2, respectively), this search cost is O(log n, + K2'), where K2 is the number of records that
satisfy the query’s A-range predicate; in the worst case, K2 = O(n,). Overall, the total search cost
becomes O(n) since Y, O(log n, + K2') = 3. O(n,) = O(n). However, the A-range query predicate
is more selective than the open-ended r.T; < q.Tj and r.Tj, > q.T; predicates, resulting in a strong
performance of RISH on average.

4.2 Updates

RISH’s update process resembles the one in B*-tree but adapted to maintain the bounds required
for the 2- and 3-sided pruning described in Section 4.1.

Insertions. To insert a new record r, we traverse RISH from the root to a leaf. At each internal node
u, we identify the appropriate child to descend with a binary search on the children’s attribute values.
As we descend, we update the bounds of every visited node u such that ug,,,, = min(ua,,,,7.A),
Ua,,.. = max(ua,, . ,r.A), ury,, = min(ur,, ,r.1;), and ury,,, . = max(urp,,,,,7.Ty). This main-
tains the pruning capability of the index after insertion.

Upon reaching a leaf, we insert r.id, r.A, r.T;, and r.Tj, into their respective arrays maintaining
the sorted order primarily by r.A, and secondarily by r.T;. If the insertion causes the leaf to exceed
the capacity constraint C, we trigger a split. First, the leaf’s content is divided into two halves,
creating a new sibling node. Second, the bounds are recomputed for the original and the new sibling
node. Finally, the new sibling is inserted into the parent internal node. If the parent also reaches
capacity, the split propagates upwards, potentially creating a new root.

min’ max max’

Deletions. To remove a record r from RISH, we first locate the leaf containing it. Unlike a standard
B*-tree deletion which would rely solely on the search key r.A, RISH exploits the stored temporal
bounds to prune the search space. Starting from the root, we traverse the RISH recursively. At
any node u, if the node’s temporal bounds do not encompass the record’s interval, we discard the
subtree, as r cannot exist within it. Otherwise, we search the children (or the records within a leaf)
using binary search on r.A. Once the record is located in a leaf, it is removed.

Complexity analysis. For both insertions and deletions, a single path is traversed from the root to
a leaf. Since RISH is a balanced multi-way tree, the height is logarithmic to the number of records
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Table 2. Characteristics of tested datasets

[ ] [ BIKES [ BOOKS [ FLIGHTS | TAXIS | WILDFIRES

Cardinality 101472950 | 2050707 | 61328124 | 169290307 778410

Domain 8 years 1 year 10 years 1 year 23 years
Ta" Min duration 1 min 1 hour 5 min 1 min 1 min
E« Max duration || 7.5 months | 1 year 12 hours 5 hours 4 months
(S | Avg. duration|| 16 mins 67 days | 2.5hours | 12 mins 28 hours

0.0004% 18.6% 0.0028% 0.0024% 0.0135%

< Description rider’s  |number of | departure | trip fare fire extent
8 birth year |books lent|delay (secs)| (USD) (acres)
__5 Type integer integer integer real real
Z|Value range ||[1940,2005]| [1,38] |[0,233400] |[2.5,235.5] |[0.0001, 606945]
< | Distribution normal zipfian zipfian normal zipfian

Table 3. Impact of storage optimization on AITTI’s indexing and maintenance costs; RISH node capacity set
toC =128

St
torage || BIKES | BOOKS | FLIGHTS | TAXIS | WILDFIRES
optimization
1o 281 | 031 989 | 29.61 0.14
Build ti
uild time (secs) yes 290 | 031 | 1007 | 3028 0.15
1o 49592 | 3407 | 1355.61 |4299.75|  27.71
M MB
emory (MBs) ves 54237 | 36.00 | 1597.51 |5946.01|  27.72
Imsertions time (secs) 1o 299 | 126 | 13.04 | 41.43 0.07
ves 288 | 009 | 1128 | 3575 0.07
1o 084 | 200 | 466 | 11.90 0.02
Deletions ti
eletions time (secs) yes 081 | 158 406 | 10.06 0.02

in the AITTI node. At each level, we perform binary search over maximum C entries. Thus, the
worst time complexity for both operations is O(log n).

5 Experimental Evaluation

Finally, we report our experimental analysis. We implemented all indices in C++, compiled with gcc
using flags -O3, -mavx and -march=native.® Our tests ran on an Intel Core(TM) i7-14700K CPU at
5.60GHz with 128GB of RAM, running Ubuntu 24.04.3 LTS. All data, i.e., inputs and indices, reside
in main memory.

5.1 Setup

We experimented with five real-world temporal datasets from [32], which additionally include a
scalar attribute A. The datasets were provided by the authors. Table 2 summarizes their characteris-
tics. BIKES contains bike rides in NYC from 2014 to 2021; pick-up and drop-off timepoints define the
time range, while attribute A is the birth year of the rider. BOOKS is constructed from the lending
records of the public libraries in Aarhus, Denmark; records are time periods when books were lent
out, and A is the number of books during each period. FLIGHTS contains flight schedules from
the US Transportation Department from 2013 to 2022; each record has the take-off and landing
timepoints of the flight, while attribute A is the occurred departure delay. TAXIS contains taxis trips

%Source code available in https://github.com/psimatis/AITTL
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Fig. 6. Impact of storage optimization on AITTI’s total time while varying the query selectivity; RISH node
capacity C = 128
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Fig. 7. Impact of RISH’s node capacity on AITTI; time-travel queries with a fixed query selectivity of 0.1%

in NYC from 2009; pick-up and drop-off timepoints define the time range, while A is the trip fare.
Last, WILDFIRES records fire events in the USA from 1992 to 2015, i.e., the time period since each
event was discovered or declared and until it was contained or controlled and an estimate of the
area burnt as the attribute A. The datasets cover diverse input types: (1) BOOKS and WILDFIRES
represent inputs that include long time ranges, while TAXIS and BIKES have relatively short ranges,
while ranges in FLIGHTS are in the middle; (2) for the scalar attribute A, we consider real or integer
values drawn from a small domain (BIKES and BOOKS) or a large one (WILDFIRES). A’s values
follow either a normal or a Zipfian distribution.

To assess the query performance of the indices, we measure their total running time on 1000
time-travel queries, which includes the cost of retrieving the result record ids.” We directly control
the selectivity of each query (i.e., the fraction of returned records) inside the {0.01%, 0.1%, 1%, 10%}
value range®; we achieve the desired number of results by appropriately setting the extent of the
[q.T1, q.T;] temporal query range and of the [q.A;, ¢.Ap] query range for attribute A. In addition,
we study the individual effect of these query extents by varying one of them while fixing the other
to a single default value. Such queries correspond to equality time-travel queries (when the A query
value is fixed with q.A; = ¢q.Ap) and to stabbing time-travel queries (when query timepoint T is
fixed with ¢q.T; = q.Tp,), as defined in Section 2.1. Specifically, we vary the temporal query extent
inside {1, 6, 12, 18, 24} hours for BIKES and TAXIS, inside {1, 7, 14, 21,30} days for BOOKS and
WILDFIRES, and inside {1, 2, 3, 4, 5} days for FLIGHTS. We vary attribute A inside {10, 20, 30, 40, 50}
years for BIKES, {5, 10, 15, 20, 25} lent books for BOOKS, {5, 10, 30, 60, 120} minutes for FLIGHTS,
{3, 5,10, 30,50} USD for TAXIS, and {5, 10, 15, 20, 25} for WILDFIRES. Default values are marked
in bold, in all cases. Finally, for completeness purposes, we also tested queries by fixing both the
temporal and the A query ranges to their default values, to test the performance in equality-stabbing
time-travel queries.

7Although search cost is low in absolute numbers, achieving high throughput is critical for modern appli-
cations where data systems receive thousands or million queries per second from real users or Al agents,
https://aws.amazon.com/blogs/aws/amazon-s3-two-trillion-objects-11-million-requests-second,/.

8We also experimented with higher values, e.g., 20% and 30% with similar findings.
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Table 4. Impact of A-pruning on AITTI’s Indexing and maintenance costs; RISH node capacity set to C = 1024

[ [ A-pruning [ BIKES | BOOKS [ FLIGHTS | TAXIS | WILDFIRES |

Build time (secs) no 247 0.31 9.00 26.64 0.13

yes 2.89 0.31 10.05 30.75 0.15

no 500.59 | 32.53 1590.29 | 4873.70 26.53

Memory (MBs

v ( ) yes 502.58 | 32.71 1599.98 | 4879.20 27.72

Insertions time (secs) no 3.02 0.08 12.74 42.87 0.06

yes 3.05 0.08 12.70 45.71 0.05

Deletions time (secs) no 0.86 0.37 3.86 11.85 0.02

yes 0.84 0.36 3.78 12.49 0.01

B AITTI withéut A-pruning 2 AITTI with A-pruning
BIKES BOOKS FLIGHTS TAXIS WILDFIRES
% 10! 10! 10! 10! 10!
§ 100 100 100 100 100
oo 10°! 10-! 10-! 10-!
£1072 1072 1072 1072 1072
103 10-3 103 103 1073
0.1% 1% 0.01% 0.1% 1% 0.01% 0.1% 1% 0.01% 0.1% 1% 0.01% 0.1% 1%
Selectivity Selectivity Selectivity Selectivity Selectivity

Fig. 8. Impact of A-attribute pruning on AITTI’s total time while varying the query selectivity

5.2 AITTI: Ablation Study

We first evaluate the impact of our design choices in Sections 3 and 4.1; (1) the cache-conscious,
columnar layout of RISH nodes (storage optimization), (2) the impact of the node capacity C on
RISH, and (3) the effectiveness of the A-pruning mechanism in AITTL

Storage optimization. Recall from Section 4.1 that RISH uses separate (dedicated arrays) to store
the contents of a node; for an internal node, arrays [tamin, Uamax], Utl,,;, and ury,, are defined,
while for leaf nodes, we have the four arrays of r.Tj, r.Tj, r.A and r.d (refer to Figure 5 for an
example). We compare this layout against a single-array alternative. Table 3 and Figure 6 report
the results of this comparison; for these tests we set the capacity C for each RISH node to 128; we
study the impact of this capacity in the next set of experiments. As Table 3 shows, the optimized
layout incurs a slight increase on indexing costs, but reduces maintenance costs. This is due to
improved cache locality, as each field is stored in a compact, contiguous array. Figure 6 shows that
the storage optimization improves query performance. Hence, we enable storage optimization for
AITTI by default for the remainder of our analysis.

RISH node capacity. We now determine the optimal capacity C for RISH nodes. Recall that RISH is
a multi-way tree, hence C dictates its fan-out. Figure 7 plots how the value of C affects the indexing
costs, maintenance costs, and query performance of RISH, and ultimately of AITTL As the key
takeaway, we observe a clear trade-off between maintenance costs and query performance, making
RISH and therefore AITTI, adaptable to different workloads. A low capacity value (e.g., C = 128)
favors write-heavy scenarios resulting in lower update times as the number of memory operations
required to shift elements during insertions and deletions is reduced. Conversely, a high capacity
(e.g., C = 2048) favors read-heavy scenarios due to constructing a shallower tree which improves
cache locality and query performance. In view of the above, we fix C = 1024 for the remainder of
our experiments, which strikes a good balance between maintenance and query performance.

Attribute A-pruning. Last, we assess the attribute A-pruning discussed in Section 3. Table 4
reports on AITTI’s indexing and maintenance costs of utilizing this optimization, while Figure 8
unveils the impact on time-travel query evaluation. As expected, maintaining the necessary A
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Table 5. Indexing and maintenance costs of AITTI variants

[ Variant [ BIKES | BOOKS [ FLIGHTS [ TAXIS [ WILDFIRES
AITTI-Rtree || 3.19 0.32 10.4 35.1 0.33
Build time (secs) AITTI-PST 3.24 0.45 11.4 38.3 0.18
AITTI-RISH || 2.84 0.38 11.2 37.2 0.19
AITTI-Rtree || 441.70 | 31.87 1106.97 | 2926.80 30.43
Memory (MBs) AITTI-PST || 651.63 | 107.94 | 2775.60 |8048.43 29.03
AITTI-RISH || 516.72 | 35.24 1695.15 | 5440.09 29.03
AITTI-Rtree || 3.35 0.92 14.50 48.11 0.055
Insertions time (secs) | AITTI-PST 4.08 0.10 21.03 61.37 0.067
AITTI-RISH 4.03 0.08 17.40 58.60 0.065

[ AITTI-Rtree B AITTI-PST E AITTI-RISH

BIKES BOOKS FLIGHTS TAXIS WILDFIRES
g 10t 10t 10* 10t 10t
Y 100 10° 10° 10° 10°
o107 101 101 101 101
£102 1072 1072 1072 1072
F10-3 103 103 103 1073
0.01%  0.1% 1% 0.01%  0.1% 1% 0.01%  0.1% 1% 0.01%  0.1% 1% 0.01%  0.1% 1%
Selectivity Selectivity Selectivity Selectivity Selectivity

Fig. 9. Total time of AITTI variants for time-travel queries while varying the query selectivity

bounds for the pruning incurs slightly more memory and marginally increases the build time due
to the recursive computation of these bounds per AITTI node. In contrast, the update times for
insertions and deletions remain almost unchanged. On the other hand, we observe that A-pruning
significantly lowers the query time, especially for highly selective queries. For instance, for queries
on FLIGHTS of 0.01% selectivity, A-pruning improves performance by 4x (reducing time from 2.26
secs to 0.56 secs). The key reason is that AITTI avoids visiting entire subtrees even if they satisfy
the temporal predicate. Accordingly, AITTI uses A-pruning for the rest of our experiments.

5.3 AITTI: Component Selection

We next investigate the best data structure for the nodes of AITTI’s backbone interval tree. We
tested the following three alternatives leading to three AITTI variants. The first variant denoted by
AITTI-PST, adopts the three-data structure design in Section 3 for which B(A) is a red-black tree
from the C++ std library and two priority search trees are defined according to [55, 70]. The second
variant denoted by AITTI-RISH, implements the single-data structure design of RISH proposed in
Section 5.3. Lastly, we also consider an alternative single-structure design denoted by AITTI-Rtree,
where RISH is replaced by a 2-d R-tree with a 1024 node capacity similar to RISH in AITTI-RISH.’
For this purpose, every record r of an interval tree node v is modeled as a horizontal line segment
in the time dimension and indexed inside an MBR of the R-tree. These MBRs are defined by an
A-range [r.A,r.A] and a time-range [r.T},r.T]. Given a q¢ = {[q.T}, q.Ts], [q-A1, ¢-Ap]) time-travel
query, we consider the three cases for processing a node v, covered in Section 3:

(1) If v.c > q.Tp, then we evaluate the 3-sided range predicate q.A; < r.A < q.Ap A r. T} < q.T,.
(2) If v.c < q.1;, then we evaluate the 3-sided range predicate q.A; < r.A < q.Ap, Ar. Ty > q.T;.
(3) If ¢.T; < v.c < q.Tj, then we evaluate the 1-d (stripe) range predicate q.A; < r.A < q.Ap,.
We compare the three variants in terms of their indexing and search performance, in Table 5
and Figure 9, respectively. Our tests clearly show the advantage of AITTI-RISH in querying over
both alternatives, capitalizing on the single-data structure design and the efficiency of our RISH

°In our code, we used the R-tree implementation found in the Boost.Geometry library.
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Table 6. AITTI-RISH against competition, indexing costs
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[ [ Index [ BIKES [ BOOKS | FLIGHTS | TAXIS [WILDFIRES
HINT+PF 2.21 0.33 6.99 20.28 0.11
3-d R-tree 0.99 0.17 3.99 17.38 0.04
Build time (secs) | aHINT 2.21 0.36 7.65 20.88 0.13
Rl-trees 9.96 0.89 27.04 128.13 0.32
AITTI-RISH 2.58 0.39 10.49 35.66 0.17
HINT+PF 224.03 91.92 724.59 1942.71 10.67
3-d R-tree 312.20 32.88 983.17 2713.94 12.48
Memory (MBs) |aHINT 406.03 | 179.24 | 1288.77 | 3580.66 55.23
Rl-trees 2239.81 | 236.00 | 7053.18 | 19469.27 89.63
AITTI-RISH || 319.73 31.90 966.17 2664.04 23.79
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Fig. 10. Space transformation for the 3-d R-tree baseline
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Fig. 11. AITTI-RISH against competition, total time for time-travel queries while varying query selectivity

index. At the same time, the AITTI-RISH always exhibits competitive building times and lower
memory requirements to AITTI-PST. As expected AITTI-Rtree has the lower maintenance cost but
at the expense of typically the higher query processing time. In view of the above, we will consider
only the AITTI-RISH variant for the rest of our experimental analysis.

5.4 AITTI-RISH against the Competition
We compare AITTI-RISH against the following solutions:

e HINT+PF: A baseline that probes the state-of-the-art for interval indexing HINT [30, 31] to
find all r records whose [r.Tj, r.T,] overlaps [q.Tj, q.Ty], and then checks q.A; < r.A < q.Ap
as a post-filter.
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Fig. 12. AITTI-RISH against competition, total time for equality time-travel queries while varying time range
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Fig. 13. AITTI-RISH against competition, total time for stabbing time-travel queries while varying A-range
query extent
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Fig. 14. AITTI-RISH against competition, total time for time-only queries while varying query extent

Table 7. AITTI-RISH against competition, total query time (secs) for equality-stabbing time-travel queries

[Index [[ BIKES | BOOKS [ FLIGHTS | TAXIS [ WILDFIRES |
HINT+PF 0.034 0.80 0.02 0.99 0.0092
3-dR-tree || 002 | 030 | 0008 | 002 | 0.0028
aHINT 0.03 0.15 0.02 1.03 0.0007
Rl-trees 0.003 | 0.002 | 0.005 | 0.004 |  0.002
AITTI-RISH || 0.001 | 0.001 0.003 0.001 0.0004

3-d R-tree: We consider a data transformation in the 3-d (T;, Tj,, A) space as a geometric

solution. The records are modeled as 3-d points using r.Tj, r.Ty, r.A as coordinates. Figure 10
explains the transformation of the record intervals only (for simplicity) where a [q.T}, q.Tj]
range query becomes a 2-sided range query (—o0, q.Tp,, q.Tj, ), as shown in the gray area.
This query is then extended to a 3-sided after including q.A; < r.A < q.Aj. To index the
record points, we use an 3-d R-tree.

aHINT: We adapt HINT to support attributes by leveraging the partitioning design of a-

LIT [32]. This approach divides the A-domain into bands. Each band has a dedicated HINT
built over the [r.Tj, r.T;] time interval of the records r whose r.A falls within the band.

RI-trees: We implemented the index setting from [37] (Figure 24) which achieves the

best performance across all time-travel query variants. This setting constructs four RI-
trees [50], each defining a virtual (not materialized) interval tree. The solution maintains
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six relational indices as B*-trees!'? for the following record orderings: (h{v.n,r.A}) exclu-
sively for general time-travel queries, (v.n,r.A,r.T;) exclusively for stabbing time-travel
queries, (v.n, h{r.A,r.T;}), (v.n, h{r.A, r.Ty,}) for general time-travel and stabbing queries, and
(r.AonrT), (r.Av.n,r.Ty) for equality and equality-stabbing time-travel queries. Entry
v.n denotes a node from one of the virtual interval trees and h denotes a mapping to the 1-d
space using the Hilbert curve.

Indexing costs. We first compare the three solutions with respect to their indexing costs. Table 6
reports the build times and the space requirements of each index for the tested datasets. Thanks to
its single-structure and straightforward design, the 3-d R-tree solution always exhibits the lowest
construction time, followed by HINT+PF and aHINT, which are comparable as both are built around
HINT. Nevertheless, AITTI-RISH times are competitive. RI-trees incurs the highest build cost,
since it builds six B*-trees, including two with Hilbert-encoded keys, which on TAXIS amounts to
128s, roughly 7x the next slowest method. In terms of space requirements, HINT+PF is the most
frugal across most datasets, as it indexes only Tj, Tj. The only exception is BOOKS, where the long
intervals create multiple replicas. Our tests also show the advantage of AITTI-RISH, confirming
in practice its O(n) space complexity discussed in Sections 3 and 4.1. The size of the 3-d R-tree is
always comparable to AITTI-RISH, while aHINT consistently requires more memory due to its
partitioning strategy that maintains multiple HINT indices. RI-trees, however, carries the highest
memory overhead, as every record is replicated across six B*-trees.

Query performance. We consider all four types of time-travel queries discussed in Section 2.1.
Figures 11, 12, and 13 report on time-travel, equality time-travel and stabbing travel queries,
respectively, while Table 7 reports on equality-stabbing time-travel queries. The key observation in
all experiments is that AITTI-RISH outperforms the HINT+PF, 3-d R-tree, aHINT and RlI-trees. In
fact, the performance gap can be up to one order of magnitude. An exception occurs for equality
time-travel queries, where Rl-trees occasionally surpasses AITTI-RISH. In general, the second
fastest solution varies based on the characteristics of the dataset and the type of queries, which
further proves the robustness of AITTI-RISH in outperforming the competition across the spectrum.

For general ¢ = ([q.T;, q.Tn], [q-A1, 9-An]), i.e., time-travel queries (see Figure 11), the performance
of all indices increases with the query selectivity as the number of query results goes up. HINT+PF
consistently exhibits the worst performance as post-filtering temporal results is costly. The 3-d R-
tree also suffers due to the open-ended nature of the queries in the transformed space. Often the large
defined 3-d query areas access a large fraction of the 3-d R-tree. aHINT and the RI-trees compete for
the second place, with the Rl-trees winning at low selectivities. Overall, AITTI-RISH outperforms
its competitors across all settings, by effectively pruning the search space both temporally and on
the non-temporal attribute.

For q = ([q.T}, q.Tn], q.A), i.e., equality time-travel queries (see Figure 12), we observe again that
the indices slow down as we increase the temporal query extent [q.T}, g.Ty]. HINT+PF is the slowest
often by orders of magnitude comparing to the best indices. The 3-d R-tree and aHINT follow
closely. Note that while aHINT needs to search a single HINT index corresponding to the band
containing q.A, the number of scanned partitions within HINT increases with the temporal extent.
While the RI-trees occasionally gains an edge at larger temporal extents by leveraging its specialized
multi-tree structure, AITTI-RISH maintains an overall superiority. This consistent performance
stems from its ability to efficiently couple the temporal filtering of its backbone interval tree with
the precise attribute search of RISH.

10We used the implementation from the TLX library [17].
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For q = {(q.T, [q.A1, q.Ap]), i.e., stabbing time-travel queries (see Figure 13), RI-trees underper-
forms, with BOOKS being the sole exception where it ranks second. Similarly, HINT+PF and aHINT
struggle, with the latter hampered by the need to examine multiple bands to answer a query. In
contrast, the 3-d R-tree is competitive in most datasets, since it benefits from the fact that wider
attribute queries resemble traditional spatial range searches. Finally, AITTI-RISH handles this
gracefully as the temporal stabbing restricts the search to a logarithmic number of nodes in the
backbone interval tree regardless of the attribute range.

Last, for ¢ = (q.T, q.A), i.e., equality-stabbing time travel queries (Table 7), HINT+PF is the slowest,
degrading severely as excessive post-filtering degrades performance. aHINT shows inconsistent
performance, but it generally sits between HINT+PF and the 3-d R-tree. The Rl-trees ranks second
overall surpassing the 3-d R-tree. AITTI-RISH outperforms all competitors due to its ability to
effectively prune the search both temporally and on the A-attribute.

Figure 14 compares AITTI-RISH against the state-of-the-art HINT for time-only queries g =
(lq-T1, q.T,]), which retrieve all records whose only time range [r.T;,r.T,] overlaps [q.T}, q.Tx]
while no condition exists on the non-temporal attribute A. Although time-only search falls outside
AITTT’s focus of composite time-travel queries, AITTI-RISH has similar performance as HINT
in BIKES, FLIGHTS, and TAXIS. It trails HINT on BOOKS and WILDFIRES which include long
intervals and under extreme selectivities (i.e., 0.01%). For datasets with long durations, AITTI’s
interval tree backbone becomes top-heavy, as many long intervals overlap the center points of
the upper nodes. The time-only queries that access these nodes cannot exploit the A-based RISH
in them. Furthermore, under highly selective queries, HINT’s hierarchical partitioning excels by
mapping narrow time windows directly to localized, lower-level partitions, avoiding unnecessary
comparisons entirely, whereas AITTI must always traverse its tree from the root.

Maintenance costs. Finally, we study how effectively the three indices handle updates, i.e.,
insertions and deletions. For this purpose, we defined a mixed workflow for each dataset, where we
use 85% of the dataset to construct an initial index, and then add the remaining 15% of records as
insertion updates. We also use 5% of the indexed records to define deletion updates and executed
1000 time-travel queries with 0.1% selectivity. The three types of operations are interleaved to
showcase not only how fast each index can handle updates but also whether the relative query
performance we observed so far is affected by the updates.

Table 8 reports the results of our tests. RI-trees updates are costly since records are indexed across
multiple B*-trees. The 3-d R-tree also struggles with updates due to the high cost of node splitting
and re-balancing of the R*-tree algorithm [14]. aHINT offers fast insertions since it simply appends
records at the end of the relevant partitions; recall aHINT does not employ any sorting. However,
this design fails during deletions, where deleting a record requires linear time to locate it. This
results in a deletion time multiple times greater than AITTI-RISH. Furthermore, aHINT outperforms
HINT+PF in insertions due to the smaller HINT structure deployed per band. Ultimately, AITTI-
RISH prevails offering the best balance between maintenance and querying; this is reflected by the
total cost of processing the workflow.

6 Related Work

We last discuss related work in indexing interval and temporal data, beyond Section 2.2 and the
competitor solutions in Section 5.4.

6.1 Indexing Interval Data

Indexing intervals has received significant attention in the literature. Intervals can be considered
as 1-d boxes indexed by multi-dimensional data structures, e.g., the R-tree [42], or natively by a 1-d
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Table 8. AITTI-RISH against competition, processing mixed workload of 15% insertions, 5% deletions, and
1000 time-travel queries of selectivity 0.1%

[ [ Index [ BIKES | BOOKS [ FLIGHTS | TAXIS [ WILDFIRES |
HINT+PF 0.49 0.08 2.29 7.53 0.02
3-d R-tree 57.83 1.74 95.20 364.62 1.58
Insertions time (secs) | aHINT 0.15 0.03 1.39 3.15 0.01
Rl-trees 17.55 1.47 65.71 168.97 0.51
AITTI-RISH || 3.10 0.08 11.87 43.98 0.05
HINT+PF 6.74 1.12 6.94 449.16 0.01
3-d R-tree 2.12 1.50 787.81 20.27 1.28
Deletions time (secs) | aHINT 6.98 0.96 7.02 501.13 0.01
Rl-trees 10.99 8.64 1007.27 | 79.58 0.83
AITTI-RISH || 0.87 0.36 3.95 12.10 0.01
HINT+PF 4.62 1.84 51.68 207.10 0.32
3-d R-tree 2.15 0.46 10.33 13.49 0.05
Query time (secs) aHINT 0.99 0.22 9.69 17.41 0.13
Rl-trees 0.67 0.06 2.24 17.39 0.88
AITTI-RISH || 0.51 0.01 2.07 3.82 0.01
HINT+PF 11.86 | 3.03 60.92 | 663.79 0.34
3-dR-tree || 6210 | 3.70 | 893.34 |398.37 2.90
Total time (secs) aHINT 8.13 1.22 18.10 521.69 0.14
Rl-trees 29.21 10.18 1075.22 | 265.94 2.22
AITTI-RISH || 4.48 0.45 17.89 59.90 0.06

grid. Duplicated results due to data replication for the latter, are eliminated via hashing, sorting or
the reference value technique [34]. Following up on [35], a number of works adapted the interval
tree (see Section 2.2) for external memory [11, 12], mainly building upon the B*-tree. The interval
B-tree [9] adopts a multi-structure design; a B*-tree is used as the primary structure to organize
the s.Tj, high endpoints of the intervals, accompanied by 1-d range trees and an on-top binary tree.
The interval B*-tree [24] utilizes a B*-tree on the s.T; low endpoints of the intervals, augmented
with maximum s.T;, high points of the intervals in the internal tree nodes. The relation interval
tree (RI-tree) [50, 51] defines a backbone interval tree which is is never materialized. Instead, its
nodes are organized in two composite (node, Tj) and (node, Tp,) structures, indexed by a dedicated
B*-tree each. In Section 5, the RI-trees competitor builds upon the Rl-tree to additionally index
the non-temporal attribute A, as proposed in [37]. Interval indexing have also been extended to
support probabilistic queries over uncertain data [29].

Another classic data structure for intervals is the segment tree [33], later extended for the external
memory in [18]. The segment tree is constructed in O(n log n) time and can answer stabbing queries
in O(log n + K), which is employed for weighted intervals [7, 8]. However, it occupies O(nlogn)
space and it does not support range search, so it is considered inferior to the interval tree. AIT [3, 4]
and FIRAS [6] which were proposed for independent range sampling on interval data, can process
range queries in O(log n + K) time, consuming O(nlogn) and O(n) space, respectively. The state-
of-the-art in-memory index for intervals called HINT was proposed in [30, 31]. HINT hierarchically
divides the time domain, such that each level has double the number of partitions compared to the
previous one. Each interval is assigned to 0-2 partitions in each level, whose timespan collectively
covers the interval. A query is processed by accessing the partitions which overlap with the query.
By ensuring that comparisons are conducted at a limited number of partitions, HINT computes the
query result very fast. HINT was adopted in [32] to manage dynamic intervals. In our experiments,
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we compared our AITTI against the HINT+PF solution which first determines overlapping time
intervals and then checks the condition on the non-temporal attribute A as a post-filter.

Last, geometric solutions which build upon a data transformation (similar to our 3-d R-tree
competitor in Section 5.4) have been extensively studied, especially for indexing intervals in
external memory. Among the first works applying the typical mapping to a (T, T;) 2-d space
(see Figure 10) was [46], which proposed the diagonal corner structure. The semantics of corner
structures were theoretically studied also in [12, 59, 71]. Although the 2-d space could be directly
indexed by an off-the-shelf multi-dimensional index such as the R-tree [42] and the kd-tree [16] (or
the kdB-tree [58]), the Start/End timestamp B-tree (SEB-tree) [65] first slices the space in columns
which are indexed by a top-level B*-tree; each column is then indexed by a dedicated B*-tree. Under
the same premise, the triangular decomposition tree (TD-tree) [66, 67] is a binary tree built upon a
triangle-based partitioning of the (T}, Tj,) space. As alternative mappings, the authors in [41, 53, 61]
consider a (T}, d) 2-d space while TIDE [72] uses a (d, T,) one, where in both cases d = s.Tj, — 5.7} is
the duration for each interval s.

6.2 Indexing Temporal Data

Temporal databases need to support a search predicate on an attribute A, in addition to time search
[59]. The MVB-tree [13] supports such composite queries, by optimizing partially persistent B-trees,
whose versions are being recorded as the B-tree is updated. Modeling geometrically temporal
records as horizontal line segments in 2-d (see Figure 1), enables the usage of geometric point
location queries on the orthogonal subdivision induced by the input horizontal segments. Although,
existing offline planar orthogonal point location algorithms for internal [60] and external memory
[44] (which are also based on partially persistent search trees) use only logarithmic query time
and linear space, they cannot be updated and do not support attribute range filters. To support
stabbing time-travel queries with attribute range filters in logarithmic time, dynamic data structures
for orthogonal line segment intersection queries [28] have to be employed that support updates

of horizontal segments in very fast sub-logarithmic O (logl/ e n) time, but at the expense of

1/2+¢

superlinear O (n log n) space, for some ¢ > 0.

The Timeline index [48] is a more recent and practical solution was proposed for SAP-HANA. It
builds upon the Time index [36, 49] to support very fast updates. The index keeps in a time-ordered
table the r.T; and r.Tj, time-endpoints of all record versions. In addition, at certain timestamps
called checkpoints, the entire set of valid records are materialized, i.e., those whose [r.T}, r.T;,] range
contains the checkpoint. To evaluate a time-travel query q = [q.T}, q.Ty], the latest checkpoint
before q.T; is first determined to report the contained records as results and then the table is scanned
from thereon until ¢.T, to identify the rest of the records active during the query. While being
extremely fast in updates, Timeline is shown to be slow in queries [32] and is tailored for time-only
queries, simply using predicates on other attributes as post-filters.

More recently, the LIT framework [32] decouples the indexing of current (live) and past (dead)
versions of records. It adopts a two-structure design comprising a highly dynamic Livelndex to
ingest new live records and a DeadIndex on dead records for which both the start and end-time
are known. For the latter, LIT uses a time-evolving variant of HINT [30, 31] as the in-memory
interval index. In practice, DeadIndex is the most demanding component, as the great majority of
record versions in a temporal database are expected to be dead. The authors in [32] also devised
a-LIT, an extension to LIT that evaluates time-travel queries as defined in Section 2.1. The key idea
is to split the domain of attribute A into a number of bands and separately index each of them
using a dedicated LIT. To answer query q = {[q.T1, ¢.Tn], [q-A1, ¢.An]), LIT first identifies the bands
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whose A-range overlaps with the query A-range and then, probes each of LiveIndex and DeadIndex
against [q.T}, q.Ty]. In our experiments, we compare our AITTI against the DeadIndex of a-LIT,
which we call aHINT.

Finally, the recent period index [15] and RD-Index [25, 26] were designed to answer time-duration
queries, where the objective is to retrieve intervals that overlap a query period and satisfy a
predicate on their duration at the same time. These two indices cannot effectively support our
time-travel queries. The period index defines a 2-d structure which hierarchically assigns objects
to a level according their interval length. RD-Index builds upon a (T}, d) transformation, where d is
the interval duration. Replacing d with a non-temporal A would result in losing the T;, information,
necessary for the time-travel part of our query.

7 Conclusions

We proposed a new index for temporal relations that fit in memory. The goal is to efficiently retrieve
records which were valid sometime within a query time interval and their attribute A satisfies a
range selection predicate. Our AITTI index organizes the records primarily by the time dimension
(which is typically more selective in queries) using a variant of the interval tree [35]. Each node of
the backbone structure is indexed by a novel data structure, RISH, which supports range queries on
A and 3-sided queries in the time-A space. We theoretically and experimentally analyze the perfor-
mance of AITTI against previous work on a number of real datasets with different characteristics
and show that AITTI answers queries several times faster, while being competitive in updates.

There are several directions for future work. First, we plan to generalize AITTI for handling
equality queries on low-cardinality attributes. For this, we need to replace RISH by appropriate
data structures that pair low-cardinality attribute access methods (e.g., bitmaps) with open-ended
search in the time dimension. In the same direction, AITTI could be extended to support time-travel
keyword search [57], or time-travel vector similarity search [73] (e.g., for temporal Retrieval-
Augmented Generation). Another interesting direction would be to integrate AITTI in the LIT
framework [32, 62] as the index for the dead records.
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