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JSON keyword search searches the current versions of documents in a collection. However, JSON documents
change over time due to edits. Some applications, such as data forensics and auditing, need to search past
versions of documents and for changes to documents. This paper introduces a system called Temporal JSON
Keyword Search (Tjxs) for search in a collection of JSON documents that vary over time. TjKs lets users control
which temporal slice, or part of the history, can be searched using a temporal search semantics; we support both
of the major temporal semantics: sequenced and nonsequenced search. This paper presents the semantics of
temporal JSON keyword search, discusses an efficient implementation, and evaluates the implementation. Our
extensions are largely orthogonal to specific keyword search techniques, so this research provides a blueprint
for extending keyword search to include time and potentially other kinds of metadata.
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1 INTRODUCTION

JavaScript Object Notation (JSON) has become one of the most widely-used format for representing
and exchanging objects. Consequently, systems for storing and querying JSON data have also
become increasingly popular. For instance, MongoDB currently ranks fifth in one ranking of
popularity among all DBMSs [1].

Keyword search is one way to query a collection of JSON documents. Keyword search finds a
fragment of a database that best matches the keywords in a query [31]. For JSON data, which is
logically organized as a hierarchy, a branch of keyword search known as hierarchical keyword
search [3, 8, 23, 30, 39, 43-47, 53, 60, 66, 69, 72] finds the objects that match the query. Keyword
search on structured, semistructured, and unstructured data (e.g., Google or Bing) has gained
popularity primarily because it benefits lay users by relieving them from learning complex query
languages (e.g., JSONPath [2]). It is also helpful in exploring a data collection since it can be used
without knowing the precise structure of the JSON data [42]. Keyword search is also used when
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Fig. 1. A fragment of JSON representing objects in the text of a Java program

selecting objects for further processing and is more resilient to changes in the structure of the
data than using path expressions to select objects. Last but not the least, it is also very flexible
in the sense that it is able to provide good results with both highly-structured JSON as well as
loosely-structured data.

As an example from the field of data forensics, consider a group of programmers trying to track
down bugs in a source code repository (e.g., a collection of GitHub projects). We will assume that
the code is encoded in JSON to facilitate the search, with the JSON hierarchy corresponding to the
nested, block structure of the programs. Figure 1 shows a small fragment of the JSON representation
of some source code. The programmers want to find code with an integer variable named “bar” A
keyword search query such as

variable int bar

is simply a list of keywords (keys or values) to look for in the data. Evaluation of the search query
given above would find objects that contain a variable, int, and bar. In Figure 1 the object!
marked by the dashed rectangle and the object marked by the solid rectangle match the keywords,
but keyword search would choose the second as the “smaller” matching object [66].

Although there is a long stream of research on keyword search semantics and techniques,
keyword search of a time-varying or temporal data collection has received scant attention from
various research communities despite the importance of exploring the temporal aspects of data [10].
There has been extensive research in the management and querying of data annotated with time
metadata c.f, [58] and this research has impacted industry standards and practice with the addition
of temporal support in SQL [40]. Canonical use cases for time include auditing, forensics, analysis
of trends, and tracking the history of data changes. JSON data can change frequently over time
as data is inserted, edited, and deleted [49, 62]. JSON stores like MongoDB and CouchDB support
document versioning but the fine-grained history of data can be captured best in a temporal JSON
document [16, 33, 67] or more generally in a temporal hierarchy [5, 18, 20, 28, 54, 64]. Temporal
JSON has data annotated with time metadata that records when each object or value is alive.

Keyword search on temporal JSON differs from non-temporal search in both the front-end (func-
tionality) and back-end (implementation) in several important ways that we outline below.

1.1 Front-end: New Kinds of Searches

Consider the example of a group of programmers trying to track down bugs in a source code
repository. The programmers want to find variables of type int that changed to type short. The
following keyword search, evaluated on an extant engine such as XSeek [46], ignores the time
metadata and yields a superset of the desired information.

In JSON, an object is a key/value pair set.
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variable int short

It is a superset because it will include all temporal relationships between ints and shorts when
they are present at the same time, when short changed to int, or when separated in time by years.
A tighter result can be achieved by evaluating a temporal keyword search such as the following (the
temporal search syntax and semantics is described in Section 4).

variable @contains (int @meets short)

The two temporal constructors, @meets and @contains, are adapted from Allen’s algebra [4]. They
test the time metadata associated with the matched nodes. To qualify for the result an int node’s
lifetime must end exactly when a short node’s lifetime begins. And the int and short lifetimes
must be within the lifetime of a matching variable.

Next, the programmers want to find the methods that have the int variable foo in the code.
Using XSeek, the following query will again produce a superset of the desired result.

method int variable foo

The result will be a superset because it cannot be ensured that the keywords are present in the
data at the same time or in the same version. That is, there could be an int variable in some early
version of a method, and only in a later version a foo variable. A temporal keyword search can
achieve a tighter result.

@sequenced method int variable foo

The search is performed using @sequenced search semantics [12] which ensures that the keywords
are present at the same time in the data, as described in detail in Section 4.2.

In addition to precisely controlling the temporal relationships between keywords and sequenced
search, other new kinds of searches include the following.

e Retrieve the history of int foos in 2015.
@sequenced @slice(2015) variable int foo

e Find the earliest changes to int foos.
@earliest variable int foo

e Find how long int foos lived in the data.
@duration variable int foo

All of these searches must use the time metadata to constrain the search and find relevant data.

1.2 Back-end: New Kinds of Techniques

Existing keyword search techniques must be adapted when multiple versions of objects are in a
temporal JSON document.

Many of the proposed keyword search algorithms model a document as a hierarchy and focus
on using a common ancestor of the set of nodes that match the keywords to find and rank the
best matches, e.g., [44, 66]. In a time-varying data collection common ancestors may vary over
time so previous techniques will not work. As an example consider the fragment of a temporal
hierarchy created from a temporal JSON document shown in Figure 2. The figure shows a snapshot
of the hierarchy at two instants in its history, t; and t,. Each snapshot is a complete, non-temporal
hierarchy. Suppose each snapshot performs a non-temporal keyword search for x and y indepen-
dently. Assume that the search uses some technique that finds a relevant common ancestor (CA),
such as SLCA [66], as the result. Observe that the CA w at time #; is different than the CA z at
time t, because the objects in the snapshots are different. Figure 2 illustrates that the CA can
vary over time, hence to find the CA a temporal search must, in effect, evaluate each snapshot
independently, i.e., for each time instant across the timeline. Of course it is impractical to compute
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Fig. 2. The relevant common ancestor is w at time t1, but z at time

Fig. 3. The relevant common ancestor is w only, z is not lowest
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Fig. 4. Is w or s the relevant common ancestor?

the CA separately for each snapshot since there would be far too many such snapshots in a typical
time-line, and such a computation would redundantly compute the same CA for many of the
snapshots. Consider a different, more efficient representation of the temporal hierarchy that merges
the common information across each snapshot as shown in Figure 3. We assume that each node in
the hierarchy is annotated with metadata that records the lifetime of the node (the annotation is
not shown in the figure). A non-temporal search in the merged representation will still be incorrect
since it will compute the CA as node w only. SLCA will eliminate z from the result since w is a
lower CA yielding a smaller result. Yet z is a CA at some times so z should be part of the result.
A temporal search, unlike a non-temporal search, must be sensitive to the fact that CAs can vary
over time in a temporal hierarchy.

A common ancestor may not be common. Even finding a CA can be challenging in temporal
search. Consider a search for @contains x (@meets y z), which is colloquially equivalent to “x
and (y changes to z)”, on the two snapshots shown in Figure 4. The search looks for a change to the
document from y to z and keyword x remaining constant. Such a search can only be performed
between snapshots since it requires y to be present in an earlier snapshot and absent in a later
one, and vice-versa for z. Snapshots t; and t#; + 1 fit the change criteria but should the CA be w, s,
both, or neither? Note that neither w nor s are ancestors of both y and z. Since the “best” result for
the search starts with finding the CA it is important for temporal searches to identify CAs across
changing snapshots, and for temporal search to be able to find changes to matching nodes.
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Fig. 5. The node y has moved so has two parents, w and s

The model for a temporal JSON document is a partial order. Keyword search techniques generally
assume the hierarchy is a tree (or forest). But in a temporal hierarchy a node may move to a new
parent, so even if each slice of the hierarchy is a tree, a node may have more than one parent. Figure 5
shows node y moved in the merged representation, with two parents, w and s. So techniques for
non-temporal keyword search, which all assume a tree, need to be generalized to use in a temporal
JSON document.

1.3 Contributions

In summary, hierarchical keyword search on time-varying data needs to address the following
challenges.

e Common ancestors are critical to hierarchical keyword search and, unlike in a nontemporal
document, in a temporal document an ancestor may be a common ancestor or not, at different
times, due to several factors.

— A node may switch common ancestors over time because its partner in determining the
common ancestor is deleted or another partner is inserted.

— A node may have multiple parents over time because it has been be moved in the hierarchy.

— Nonsequenced search differs from sequenced search in determining a common ancestor,
because in the latter case the common ancestor and all its relevant descendants must live
in the document at the same times, but not in nonsequenced search.

e Search queries need to support both nonsequenced and sequenced semantics.

Recognizing the importance of exploring how data changes over time [10] this paper introduces
Temporal JSON Keyword Search (Tjks), a keyword search system for time-varying JSON documents.
Tyks is novel in that it is the first keyword search system that supports sequenced semantics [13, 59],
an important branch of temporal semantics, and variants such as earliest semantics [29]. Examples of
these kind of keyword searches that can be evaluated with Tyks were given previously. As described
above supporting these semantics requires new back-end techniques, which this paper also describes.
Additionally TJks supports nonsequenced semantics [14, 15], which has been previously explored in
the context of graph databases [48, 65]. Tjks works on hierarchical data in general, both JSON and
XML are supported; for keyword search the kind of hierarchical data is of little importance. Finally,
we believe that tracking versions of objects is important and so Tjxs also is unique in supporting
keyword search on “version clocks” as well as other kinds of clocks.
In summary, this paper makes the following contributions.

e We present a taxonomy that classifies the different kinds of keyword search (Section 2).

e We formalize a temporal data model to support search on a changing JSON document
(Section 3).

e We describe the semantics of temporal search (Section 4).

e We present an algorithm to compute a temporal search efficiently (Section 5).

e We implement and experimentally evaluate the algorithm (Section 6).
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keyword search

e

data time data and time
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Fig. 6. A taxonomy of temporal search

2 RELATED WORK

Keyword search is popular because it relieves users from having to know a complex query language
or the structure of the underlying data. Previous research focused on two areas. One research area
developed techniques to connect nodes that match the search keywords. Specifically, this research
involved finding parts of a document containing the nodes that match the search terms [23, 44, 60,
66]. The second research area investigated how to process nodes within the matching document
fragments to produce relevant and coherent results [8, 39, 43, 46, 47]. But there has been little
research on search in time-varying or temporal keyword search.

Time data and metadata are involved in searches in different ways. The taxonomy in Figure 6 is
a classification of the kinds of keyword search. Below we give a description of each classification
branch in the taxonomy.

data, current — A keyword search on a non-temporal data collection. It is the kind of search
previously researched, c.f, [46], e.g., find int foo variable.

data, user-defined-time — A data search that uses a time present in the data, e.g., find int
foo 1/1/2021 where 1/1/2021 is a time value stored in the (current) document collection.
Non-temporal search techniques can process user-defined times, e.g., [51].

time metadata, slice — Restrict the history to a slice of the data. The data can be sliced in
different clocks (see Section 3 for a description of the clocks) and using either an instant (a
single time), period (a pair of times), or span (a duration of time) [37]. For example, find int
foo variable in the valid-time slice of 2021 would perform the search only within the data
alive at time 2021 (within that year or with the time metadata interpreted in the granularity
of years). Previous research in keyword search in temporal graph has considered slicing [48].

time metadata, change - Similar to a slice but uses only nodes that span a change to their
immediate content, descendants, or anywhere in a document (absolute). For example, find
changes to int foo variable. Keyword search in versioned text focuses on changes in the
temporal metadata [6].

data and time metadata - Sequenced and nonsequenced are standard semantics for temporal
queries and operations [11, 12, 14, 15]. We describe both kinds of search in more detail in
Section 4.4, but, broadly, a sequenced search performs a search on the history of a temporal
data collection, e.g., find the history of int foo variables whereas a nonsequenced search
can compare data alive at different times, e.g., find int short foo variable where int
must temporally precede short. Nonsequenced keyword search has been explored in the
context of graph databases by imposing a hierarchy on the graph as part of the search [48, 65].
Issues related to versioning of the nodes in the graph were not addressed.
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Our paper addresses the sequenced category in the taxonomy, as well as covering the other
categories. We are not aware of any previous research in sequenced keyword search. Note that the
taxonomy is not exhaustive, for instance, it excludes search for data that changes over time, e.g.,
find parts that increased in price in 2022. It also does not consider how to include time in ranking
search results c.f, [38].

Keyword search is not the only kind of search on JSON or XML data, similarity search has also
been popular [7, 36, 70]. The kinds of search are different, but the techniques presented in this
paper could be adapted to similarity search. We are unaware of any work on temporal similarity
search.

There has been extensive previous research in temporal databases. Most of this research has
focused on query languages [19, 27, 34, 54, 57, 58, 61], indexing [9, 26, 52, 54, 55, 64, 71], and
modeling [24, 35, 63, 64]. Temporal keyword search has not been previously research by the
temporal database community.

3 A TEMPORAL JSON MODEL

Central to temporal search is a data model that captures the history of a JSON document. We first
define a model for a JSON document, then extend it to a temporal model.
A non-temporal document can be modeled as an ordered, labeled tree.

DEFINITION 1 (JSON DATA MODEL INSTANCE). A JSON document, D, is modeled as a tuple,
(V,E, %, L) where

e V is a set of nodes,

e E CV XV isa set of edges,

e V and E form a tree,

e X is an alphabet of labels and text values, and

o L :V — X is a label/text function that maps a node to its label or text content.

]

To capture the history of a changing document, we need to keep track of each node’s lifetime.
We define a temporal JSON instance as follows. In the instance, an item is a node that has continuity
over time [25, 33]. Without loss of generality we assume a single time dimension (note that a time
in the dimension could be composed of measurements from several clocks which are described
below). We assume the time dimension is well-ordered, and could be discrete, dense, or continuous.

DEFINITION 2 (TEMPORAL JSON DATA MODEL INSTANCE). A temporal instance, Ir, is modeled as a
tuple,

(I,T,LS, M, Vr, Er, 27),
constructed from a document, D = (Vr, Er, X1, Lt) where

e [ is a set of items,

o T is a set of times,

o I:Vr —» T — I is an item identity function that maps each element node in Vr at a time in T
toaniteminl,

e S CIXIXT is a set of super edges such that if (v, w) € Er at timet = (I(ov,t),I(w,1),t) €S,

e M: Vpr —» T — ¥ is a time-varying label/text function that maps a node in Vr at time t to its
label or text content, and

o Vr,Er, and Zr are the union of the corresponding sets in the document over time.

]
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Fig. 7. JSON data model instances over time

'\;\[S,UG]
chapter
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title exercises additional
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Fig. 8. Item-versioned temporal instance

As an example, consider the three JSON data instances depicted in Figure 7. Changes to the
snapshots are depicted in red. At time 5, part of a book chapter on “Stacks” is shown. The first
exercise is about “C++” At time 6, the exercise was edited to be about “Java.” Then at time 7, the
exercise was moved into a new section on additional materials. With respect to Definition 2, Vr
is the union of the set of nodes in each instance. Note that each node in each instance is unique and
has no connection to a node is another instance. Er is the union of the set of edges. The instances
are glued into a temporal instance shown in Figure 8. Each node is an item, depicted as a box
in Figure 8. Super edges connect the items. Through items, nodes (and edges) have identity and
connection over time, and lifetimes can be constructed for them. With respect to Definition 2, I
connects each node in an instance to an item. So the exercise node in the instance at time 5 is
mapped to the exercise item. Super edges, set S in Definition 2, are depicted in the Figure 8 as
edges that connect the items. Finally M maps an item (over some lifetime) to the text (value or key
name) associated with that item. So the chapter item over the lifetime of all the instances maps to
the text “chapter. Observe that the exercise item has two parents: the exercises item and the
additional item. The times (and versions of items) in the figure are described below.
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The temporal database community has recognized three primary kinds of time: transaction, valid,
and user-defined time [37]. Transaction time is the time for which a fact is “live” in a data collection,
usually the database time between when it is inserted and deleted. Valid time is the real-world time
of a fact. Both valid and transaction time are kinds of metadata, that is, they are data about a fact
stored in a database. In contrast, user-defined time is a time value within a fact, i.e., user-defined
time is data that happens to be a time. For example consider the data that Sue was born in 1978,
is employed at the ACME company from 2020 through 2021, and that this data was inserted into
the data collection in 2022. One way to model Sue’s employment is with a user-defined time for
his date of birth (1978), a valid time period of [2020-2021] representing the real-world time of his
employment, and a transaction time period of [2022-uc] (since the data is current and has not yet
been deleted, it lives in the database “until changed (uc)” [22]).

There are several potential kinds of clocks that can provide times.

e valid-time clock - Valid time is the real-world time of the data. Valid times range from
timeMin to timeMax representing the maximum valid time. A valid time period, [, e], is the
time from b to e, inclusive [37].

e transaction-time clock - Transaction time represents the time in the data management
system. It is the time during which the data was alive in the system. Transaction times range
from timeMin to uc. We will represent a transaction time as a temporal period. In Figure 8
the times, e.g., [5, uc] are from the transaction-time clock.

e version clock - Each change to the instance creates a new version of that instance. There is
one version clock for the instance. We will represent a version time as a temporal period.

e child-version clock - Each change to the immediate content of a node creates a new version
of that node. The child version clock records the version. It is a relative clock, relative to a
given node. We will represent a child version time as version number. Child-versions are
depicted inside each item in Figure 8. For example, the chapter item has two child versions,
one at transaction time [5,6] and the second at time [7, uc].

e descendant-version clock - Fach change to any descendant advances the time on the
descendant-version clock for that node. The descendant-version clock is also a relative clock.

We assume that a temporal instance could utilize some or all of the different clocks, that is, a time
could be a list of time from different clocks. For example, Figure 8 has times from the transaction-time
and version clocks only.

4 TEMPORAL SEARCH SEMANTICS

This section gives a semantics for search on a temporal instance. A straightforward implementation
of the semantics would be inefficient so in Section 5 we describe how we implement temporal
search. We first review the semantics of non-temporal search.

4.1 Data, Current Search

Given a search query Q(wy, ..., wi), the keyword search process can be broadly divided into three
steps:
(1) match the keywords, wy, . .., Wi, to nodes in the data instance(s),

(2) compute result nodes, and

(3) retrieve results.
The first step processes the keywords in a query to find matching nodes. If a node is mapped by
L(n), the label and text function for a data instance, to a string containing a keyword w; then
the node n is called a match of w;. We denote a set of matches to w; in instance D as M (D, w;).
The second step, computing result nodes, is at the heart of keyword search. The step computes
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result nodes, R(Q, D), from instance D satisfying Q. Most result node computations find a common
ancestor (CA) among the set of matching nodes that meet some condition [44, 60, 66]. This paper
is agnostic about the specific CA-based approach used.

4.2 Temporal Search

So what makes a search temporal? Temporal database research has identified two distinct temporal
semantics: sequenced and nonsequenced [13, 59]. In this section, we describe sequenced and nonse-
quenced search semantics for the three steps described above: match, compute result nodes, and
retrieve results.

4.3 Temporal Matching

Temporal search uses the same matching process as non-temporal search. The temporal match
operation takes a list of keywords and finds the nodes that match each keyword. Each node in the
result also retains its times from the temporal instance.

DEFINITION 3 (TEMPORAL MATCH). Given a temporal instance,
Ir = (I, T,LS,M, Vr, E1, %7),

and a list of keywords w1, ..., wy, the match is the Cartesian product of the nodes that are labelled
with each keyword:

match(I7, [wy,...,w,]) =
{(v1,11) | (o1, 81, w1) € M} X ... X {(vn, 1) | (0, tn, wn) € M}

For example,
match(D, [title]),

when applied to the instance in Figure 8 results in a set consisting of the single title node.

4.4 Temporal Result Nodes Computation

Non-temporal result nodes computation finds the relevant CA(s) for combinations of nodes produced
by match. Temporal result nodes computation adds the ability to enforce various temporal semantics
by utilizing the time metadata. We begin the discussion with sequenced semantics, which is the
easiest semantics to understand.

4.4.1 Sequenced. Sequenced semantics, which we sketch in Figure 9 stipulates that the meaning
of a temporal operation, such as a temporal result nodes computation, is given in terms of the
previously-known semantics for the corresponding non-temporal operation. Imagine a temporal
instance, Ir, sliced into snapshots, I, . . ., I, for each instant, 1,.. ., n, in the instance’s history (the
slice operation is described below). Sequenced result nodes computation on a temporal instance,
I, produces a result, Ry, that must contain the same slices as running the non-temporal result
nodes computation on each snapshot, I;, to produce result R;. Hence, a sequenced computation is
snapshot-reducible [13, 57] to the application of non-temporal computation on each snapshot.

The slice operation slices a temporal instance, which is a partial order, into an item hierarchy by
following super edges. Slice keeps the items and super edges visited in a traversal of a temporal
instance.

DEFINITION 4 (SLICE). A slice is the items and edges visited in a traversal of a temporal instance,
Iy, during a set of times, {t, ..., t}, together with the metadata from I following super-edges only
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Fig. 10. Nonsequenced search semantics

alive during X and the parent’s lifetime. Given
Ir = (LT,LS, M, Vr, E, 27),

the slice of It for times {t1,...,t,} is
Slice(IT, {tly ey tn}) = (‘/}’ EI, ZT; M’ T)

where
o T={(v,t) | (I(p,t),I(v,2),t) €S A
te ({tetad Nt | (p.tp) €T}
(T ensures that super edges are followed only during the set of times and the parent’s lifetime),
o Vi={v[(v,t) €T}
e Er ={(w,0) | (I(w,1),I(v,),t) €S A (v,t) € T}.
O

Note that the slice results in a hierarchy, since an item is split into different nodes if it can be
reached by following different super edges (at different times), thatis, t #s = v; # vs. Note also,
that the slice creates a hierarchy in which the CA is well-defined. Hence, non-temporal keyword
search techniques that utilize the CA can be applied to the slice (the times on the nodes are inert in
the non-temporal search).

The slice of Figure 8 for {5, 6,7} is shown in Figure 11. Note that the items exercise, number,
“Java” and “1” appear in two places since they moved. Removing the time metadata from the slice
at each instant in Figure 8 produces the snapshots in Figure 7.

Consider the sequenced result nodes computation of title and “Java” on Figure 11. At time 5,
“Java” is not matched. At times 6 and 7, the CA of the text node “Java” and the title node is the
chapter node. So the coalesced result [37] is the chapter at times [6, 7]. In effect, this is equivalent
to first slicing the hierarchy using [6, 7], then finding the CA. The time [6, 7] is constructed by
taking the intersection of the lifetime of the “Java” and title nodes. We will call the constructed
time the slice time. The CA is annotated with the slice time to represent the time(s) when it is a CA.
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4.4.2 Nonsequenced. Sequenced can be generalized to nonsequenced, which compares data not
necessarily alive at the same time, by allowing the user to construct any time of interest for the
slice time yielding the following general definition.

DEFINITION 5 (TEMPORAL RESULT NODES COMPUTATION). Let C be a temporal constructor and R
be a technique to compute the “best” CA, e.g., SLCA. Then the temporal result is
temporalResult(I;,R,C) =
{(wt)| [(v1,t1), ..., (Un, tn)] € match(I, [wy,..., Wn])
At=C([t,....tn])) —
U{t | (vc, te) is a better CA than (v, t) }
Ao =R([(v1, t1),..., (0n, tn)], slice(Iy, t))

O

For instance, Consider the nonsequenced search of “C++” and “Java” on the slice from [5,7] as
shown in the hierarchy in Figure 11, corresponding to the snapshots of Figure 7. Suppose that the
slice time is constructed as the union of the lifetimes of “C++” and “Java.” Then the CA at times
[5,6] is the exercise node, and at times [5,7] it is the chapter node. But many techniques,
such as SLCA [66], further refine the CA. For instance SLCA chooses the lowest CA as the “best”
CA. So for temporal SLCA, the slice time of a descendant CA should be removed from that of an
ancestor CA. For instance, the time of the chapter node would be reduced to [7, 7] since the lower
exercise node is the SLCA at times [5,6].

The temporal semantics is sketched in Figure 10. The temporal semantics is similar to the
sequenced semantics, but adds an explicit temporal constructor and temporal pruning.

4.5 Temporal Retrieve Results

The final step in search is to retrieve the result. Though different techniques have been proposed,
each technique retrieves a subset of the descendants of some result node identified by the previous
step [60]. Among the descendants included in the result are (at least some of) the nodes that
matched each keyword in the query.

DEFINITION 6 (NON-TEMPORAL RESULT). Let
M(D, wy),...,M(D,wy)

be the sets of nodes that match the query keywords, wy, ... wy, and let R(Q, D) be the set of result
nodes for query Q on instance, D. Then for eachr € R(Q, D), the result, X(D,r) C desc(D,r) and

X(D,r) N (M(D,wy) U ... UM(D,wg)) #0

where desc(D, r) is the set of descendants of r in D. The result is some subset of the descendants of r
and must include at least some of the nodes that matched the keywords among those descendants. O

Temporal search changes the result in two ways. First, versions can be recomputed with respect
to the result. Note that in retrieving the result (some subset of) the descendants of the result node
are visited. Descendant-version and child-version clocks can be computed if desired during the visit.
Second, descendants of the result nodes can be visited in the context of some time. The remainder
of this section presents the second change in more detail.

In sequenced search only descendants with a lifetime that intersects with the result node are
kept.

DEFINITION 7 (SEQUENCED RESULT). Let M;(Ir, w;, t;) be the set of items or nodes that temporally
matches the query keyword w; at time t; in the temporal instance It. Let Rs(Q,I;) be the set of
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Fig. 11. The slice of Figure 8

result nodes for the sequenced search using query Q. For eachr € Rs(Q, D), let y be the time of r
and let Dy be the slice of It at time y, that is Dy, = slice(I,y). Then the sequenced result, Xs, is
Xs(It,r) € desc(Dy, ) where

Xs(Ir,r) 0 (Mr(It, wi,t) U ... UMr(Ir, wi, t)) # 0.
o

As an example, consider the sequenced result for a search for additional material on the
temporal instance in Figure 8. The search would find the additional item. The sequenced result
would slice the temporal instance at time [7, uc], pruning the “C++” text node and modifying the
timestamps to [7, uc] for the other descendants in version 1 of additional.

The nonsequenced result does not enforce the slicing at time ¢, and so constructs the result like
non-temporal search.

DEFINITION 8 (NONSEQUENCED RESULT). Let the set of items or nodes that temporally matches the
query keyword w; at time t; in the temporal instance It be M;(Ir, w;, t;). Let Rny(Q, I;) be the set of
result nodes for the nonsequenced search using query Q. Then for eachr € Rx(Q, D) the nonsequenced
result is Xn (I, r) C desc(l;,r) such that

Xn(Ur,r) N (Mr(It,wi,t) U ... UMr(Ir, wg, t)) # 0.
o

As an example, consider the nonsequenced result for a search for additional material on the
temporal instance in Figure 8. The search would find the additional item. The nonsequenced
result visits the descendants, potentially including each as is (without pruning using the time).

4.6 Search Functions

The three steps in the search can be expressed using the following functions.

search — kind ( temporalExpr )

kind — sequenced | nonsequenced
temporalExpr — term [ temporalCons temporalExpr ]
temporalCons — before | after|...| contains
term — slice | changes | keyword

slice — slice( keyword , time_literal)
changes — changes( keyword )

The slice function performs temporal matching. The change function is also a temporal matching,
but slices based on the times at which the matched keyword changes. For nonsequenced search, a
temporal expression is built from slice and change
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seqResults([r]) = [y] - Retrieve sequenced results from a list of result nodes, [r].
nonsegResults([r]) = [y] - Retrieve nonsequenced results from a list of result nodes, [r].
descVersions([r]) = [y] - Retrieve results from a list of result nodes, [r], and compute
versions using the descendant-version clock.

childVersions([r]) = [y] - Retrieve results from a list of result nodes, [r], and compute
versions using the child-version clock.

e sequenced(P, [a1], ..., [ak]) = [r] - Perform sequenced search on the node lists [a;] to [ax]
using predicate P on the times of nodes taken from the lists.

nonsequenced(P, [vy, ...,vx]) = [r] - Perform nonsequenced search on the node tuples v;
to v, where each node tuple, v; = (ny,...,n;,t) is a list of nodes, n;, and a timestamp, ¢, and
predicate P.

e cons([a], [b]) = [n] - Apply the temporal constructor, cons, to the Cartesian product of [a]
and [b],

[n] = [ (va,vp), cons(ta, 1)) | (va, ta) € [a]l A (vp,tp) € [b] ]

o slice([a],t) = [ (vg, intersects(tq,t)) | (vq, tz) € [a] ] - Slice the list of timestamped nodes
at time ¢. Results in a list of timestamped nodes.

e match(k) = [n] - Match keyword k at all times, returns a timestamped list of matching nodes,
[(n1, t1), .. (e, B ]

e temporalMatch(k,t) = [n] - Match keyword k at time ¢, returns a timestamped list of
matching nodes.

o descChanges(k) = [n] - Temporal matching of descendent changes to keyword k, e.g., each

descendant version (except the first) in a matched item/node is in the result timestamped

with the time when it changed.

childChanges(k) = [n] - Same as descChanges but with child versions.

temporal predicate(ky, k;) = [n] - Apply temporal predicate, e.g., meets, overlaps, contains,

etc., to pairs of nodes from k; and k.

We now give some example queries.

e Find current, ie., those alive now, exercises about “C++”. Note that uc represents until
changed [37], that is, the current time.

seqResults(
sequenced(overlaps,
temporalMatch(<exercise>, uc),
temporalMatch("C++", uc)
)
)

If executed on the temporal instance shown in Figure 8, “C++” is not current, so the answer
would be empty.
e Find the history of “C++” exercises.

seqResults(

sequenced( overlaps,
match(<exercise>), match("C++")

)
)

e Find exercises that changed from “C++” to “Java”

nonseqResults(
nonsequenced(
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contains(
match(<exercise>),
meets( match("C++"), match("Java") )
)
)
)

e Find changes to “C++” exercises in times [5, 6] and reconstruct descendant versions.

descVersions(
seqResults(
sequenced(
overlaps,
descChanges(temporalMatch(<exercise>, [5,6])),
temporalMatch(match("C++"), [5,61)
)
)
)

e Find chapter changes that happened after changes to “C++” exercise.

nonsegResults( nonsequenced(
after(
descChanges(<chapter>),
intersects(
descChanges(<exercise>),
match("C++")
)
)
)
)

5 AN EFFICIENT ALGORITHM

In this section we describe how to efficiently implement temporal search. There are two challenges.
First, existing SLCA techniques do not support time-varying SLCAs. Unlike a nontemporal search,
in a temporal search the SLCA for a set of matching keywords could vary over time. We show how
to reuse a common node numbering scheme to efficiently find temporal SLCAs. The second issue is
how to search the partial order.

A sketch of the pipeline for temporal search is given in Figure 12. JSON documents are read
and merged into a temporal document offline. The temporal document is shredded and stored in a
database, and some indexes to improve performance are created. When a user evaluates a keyword
search, the search first matches the keywords to items in the document, then (as described in this
section) determines the temporal SLCAs, i.e., the smallest parts of the document that best fit the
search parameters. Once the SLCAs are found, the results are constructed by walking (a part of)
the subtree rooted at each SLCA.

5.1 Review of Prefix-Based Numbering

A popular node numbering scheme for hierarchical data instances is prefix-based numbering (PBN)
(also called Dynamic-level numbering, Dewey order, containment encoding, and Dewey number-
ing) [32]. In PBN each node in an instance is numbered as follows: a node is numbered p.k, where
p (the prefix) is the number of its parent and k represents that it is the k™ sibling in document
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Fig. 12. An architecture for Tjks

Algorithm 1: SLCA by merging
Input: vp,...,V,
Output: S: a list of SLCAs
List S = [1// Initialize the SLCA list
2 Node c // The candidate SLCA
3 // Create a priority queue for the next node
4 PriorityQueue Q = new Queue(Vi,...,Vy)
5 // Process the keywords
6 while Q.hasNext() do

-

7 /! Get a candidate SLCA, x, from Q

P (v15...,0n) = Q.next()

9 x = LCA(vy,...,0p)

10 // Figure out if x is an SLCA

1 if not(x.isAncestorOrDescendant(c) then
12 S.add(c)

13 cC =X

14 else

15 if x.isDescendant(c) then

16 ‘ c=x

17 else

18 L // x is an ancestor of ¢, so not a viable SLCA

19 S.add(c) // add the candidate

order. There are strategies for making PBN numbers relatively concise [41], able to be efficiently
updated [68], and fast for LCA computation [56]. Given two PBN numbers we can quickly compute
(by comparing the numbers) their LCA. The LCA is the common prefix. For instance, the LCA of
p.1.1.2 and p.1.2 is p.1.

5.2 SLCA Computation

PBN numbers are used to quickly compute the SLCA of the nodes that match a keyword as follows.
Let lists Vi, ..., V, be lists of nodes ordered by PBN that match keywords kj, . . ., k,. Algorithm 1
presents the algorithm for computing the SLCAs by merging the lists of matching nodes. The
algorithm sets up a priority queue, Q, that produces the next candidate tuple of nodes, (vy,...,v,),
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Algorithm 2: Temporal SLCA by merging

-

10

11

12

13

14

15

16

17

18

19

20

21

22
23

24
25
26
27
28
29

30

Input: vp,...,V,

Output: S: a list of SLCAs

List S = [1// Initialize the SLCA list

List C = []// List of candidate SLCAs, one for each level
List L = [1// List of candidate SLCAs lifetimes

List X = [1// List of candidate SLCAs lifetime exclusions
PriorityQueue Q = new Queue(Vy,...,Vy)

while Q.hasNext() do

// Get a candidate temporal SLCA, x, from Q

(01,11), -, (Oms £a)) = Q.NEXLO)

(x,tx) = temporalLCA((v1,t1),..., (Un,tn))

// Figure out if x is an SLCA at some level

Integer i = C.size()

whilei > 1 do

if not(x.isAncestorOrDescendant(C[i]) then

/I Calculate the time for the SLCA

Time ty= L[i] — X[i]

/] Add to result list

S.add((C[i], &:))

Cli] = x

L[i] = ty

/] Add to the exclusion at higher levels

Integer k =i

while k > 1 do

L X[k——].union(t)

else

if x.isDescendant(C|i]) then
Clx.level()]=x
L{x.level()]=x;

else

L /] x is an ancestor of c, so not a viable SLCA

i—

31 // add the remaining candidates
32 Vi,0 < i< C.size[S.add((C[i],L[i] - X[i]))]

one node drawn from each list, V7, ..

., V.. Each time a candidate is chosen, the next node in some

list is consumed. Suppose for instance that two keywords match the following lists of nodes,
(1.1.2,1.3.4), (1.1.4,1.2.5,1.3.7). The algorithm first chooses the first node from each list as a
candidate tuple, (1.1.2,1.1.4). The LCA of the tuple is 1.1, which becomes the candidate, c. The
next node (in order) is then chosen from one of the lists, producing the tuple (1.1.2,1.2.5) since
1.2.5 comes before 1.3.4 in PBN order. The LCA of that tuple is 1, which is an ancestor of 1.1, and
so it is ignored. Next the algorithm chooses candidate tuple, (1.3.4, 1.2.5), which again produces
the LCA 1, which is ignored. Finally, the algorithm chooses candidate tuple, (1.3.4,1.3.7), which
produces the LCA 1.3, which is neither an ancestor or descendant of the candidate, so 1.1 is added
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to the list of SLCAs, S, and 1.3 becomes the new candidate, c. Finally, the loop exits since the first
list has been exhausted, and the candidate, 1.3, is added to the list of SLCAs.

The complexity of the algorithm is O(NM log(N = M)) where N is the length of the longest list
and M is the number of lists. The loop iterates O (N M) times, and each iteration costs O(log(N=M))
to calculate the next candidate tuple in the priority queue.

5.3 Indexes in SLCA Computation

There are two indexes that can be used to improve the speed of SLCA computation. The first index,
called the keyword index, maps a keyword to a list of nodes, ordered by the PBN number, which
match the keyword in the document. The index is used to populate the priority queue with the list
of nodes for each keyword in the search. Some keyword search systems, e.g., MESSIAH [60], use
the node’s type rather than the keyword (the type is the list of keys on the path to a node), because
the type is important to determining the specific kind of SLCA for the search. Such systems often
have an additional index that maps a keyword to a list of types which match the keyword. A second
index, called the node index, maps a PBN number to the string value for the node, i.e., the name of
the key for the node or its text value. This index is used when building the result by traversing the
subtree rooted at the node.

5.4 Temporal SLCA

The temporal SLCA algorithm must account for SLCAs that vary over time, that is, an ancestor of
an SLCA item could itself be an SLCA at a different time. For example, suppose 1.3.4.6 is an SLCA
from time 2 to time 5. Normally, 1.3.4.6 being an SLCA precludes ancestors such as 1.3.4 and 1.3
from being SLCAs. But at time 1, it could be that 1.3.4 is an SLCA, and at time 6, 1.3 could be one.

The temporal SLCA algorithm, presented as Algorithm 2 keeps track of the time-varying ancestor
SLCAs. It keeps a list, C, of candidate SLCAs, one for each level in the hierarchy, a list L, of each
candidate’s lifetime, and a list X, of each level’s lifetime exclusion (the lifetime hidden by SLCAs at
lower levels in the tree). The algorithm proceeds by finding a candidate SLCA. It adds the candidate
to C at the appropriate level, and adds the candidate’s lifetime to L, again at the appropriate level.
An SLCA is computed by comparing a new candidate to the candidates at each level. If an SLCA is
found, then the lifetime of the SLCA is the level’s lifetime except the lifetimes of all lower levels.
Note that the root is not an SLCA, so the root level (level 1) is not part of the computation.

The complexity of the algorithm is O(NMTL log(N = M)) where N is the length of the longest
list, M is the number of lists, L is the number of levels, and T is the size of a lifetime (the number of
intervals in a lifetime). The loop iterates O(NM) times, and each iteration costs O(LTlog(N = M))
to calculate the next candidate.

5.5 PBN to Support a Temporal Partial Order

To understand the scheme to support a temporal partial order, observe how a temporal JSON
document potentially changes over time. Initially, a document is a hierarchy (a tree). Each insertion
of an item adds to the hierarchy. Deletion is accomplished by ending the lifetime of an item in the
document. It is only when an item is moved that it may potentially have more than one parent
and, in effect, the document becomes a temporal partial order. Consider the example given in
Figure 8. The exercise item was moved from exercises to additional at time 7, along with the
descendant items, e.g., the number item.

When an item is moved its lifetime continues in the new location. When the exercise item in
Figure 8 is moved at time 7, its lifetime extends from time 5 (when it was created) to time uc (until
changed). Also, when an item is moved it has more than location in the tree, i.e., more than one PBN
number. As an example, consider the move of the exercise item in Figure 8. The PBN numbers and
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lifetimes before and after the move are depicted in Figure 13. In the figure the number A represents
the PBN number of the root. The exercise item moves from location A.1.2.1 to A.1.3.1, so it has
two different PBN numbers. The lifetime of each PBN number is shown in each node.

The key to supporting a temporal partial order is recording the lifetime and location of each
moving item, and reconstructing the lifetime during keyword search evaluation. When an item is
moved in the hierarchy several things happen. First, each moved item needs an item identifier to
identify the item as it moves in the hierarchy. This identifier is separate from a PBN number. If the
identifier is 0, then the item has not yet moved and is given a new identifier when it is moved. If it is
non-zero then it already has an identifier and that identifier is used. In Figure 13 the item identifier
is below the PBN number and to the left of the PBN number’s lifetime. For example the number
node has an item identifier of 2. Second, the tree of PBN numbers is updated. Each PBN number
in the subtree rooted at the item is deleted in its current location by terminating the lifetime of
each (still living) descendant PBN number. And the item is inserted in the new location by moving
each (still living) item in the subtree rooted at the moved item, creating a new PBN number that
starts its lifetime at the time of the move. In Figure 13 the number item is moved at time 7 from
location A.1.2.1.1 to A.1.3.1.1. Its lifetime at location A.1.2.1.1 is terminated at time 6 (logically
deleting it from the hierarchy) and its lifetime at location A.1.3.1.1 starts at time 7. Each descendant
of exercise is similarly moved, with the exception of the previously deleted “C++” item. Third,
the moved item’s new location and lifetime in that location is added to a list for that item. Figure 14
shows the lists for the moved items in Figure 13.

The list of locations for an item is used to construct the lifetime of the item in a keyword search.
In Algorithm 2 line 8 shows that the search identifies pairs (vy, t1), . . ., (05, £,) to use in computing
a candidate SLCA, each v; is a PBN number corresponding to some keyword and t; is its lifetime.
Those are fed into the temporalLCA computation in step 9 that computes the lifetime of the LCA of
01,...,0pn. In a temporal partial order, that lifetime is computed from the item lifetimes as follows.
Let v; have item identifier i that corresponds to a list of pairs of PBN numbers and their lifetimes,
where each pair for item i is (p;, u;) and x have item identifier x, also with a list of pairs. Then

b = U((ul N...Nuy Nuy) where py = LCA(p1, ..., Pn)-

The equation computes the lifetime, t,, of an SLCA, x, as the union over the lifetime of each
fragment of the item that has the item x as the LCA. As an example, consider a search for chapter,
yielding node A.1 and number, yielding nodes A.1.2.1.1 and A.1.3.1.1 (number has two different
parents over time). The LCA of A.1 and A.1.2.1.1 is A.1 with lifetime [5-6] and the LCA of A.1
and A.1.3.1.1 is also A.1 but with lifetime [7-uc]. So the lifetime of the common ancestor, A.1, is
the union of the lifetimes of the two fragments: [7-uc]. In contrast if we search for exercises and
number then the common ancestor A.1.2 only has a computed lifetime of [5-6] since exercises
was moved out of the subtree rooted at exercises at time 7.

Finally, we observe that if all of the keyword matches are to moved items, then the technique
could produce duplicates. For example, a search for exercise and number will result in combining
the lifetime of item 1 and item 2 for both A.1.2.1 and A.1.3.1 having the same lifetime of [7-uc]. These
duplicates are eliminated by using a hash table to record which combinations of item identifiers
have previously produced results, and skipping hash table hits.

5.6 Additional Indexes in Temporal SLCA Computation

In addition to the two indexes for SLCA computation, temporal partial order computation adds an
additional index that maps an item identifier to a list of nodes for that identifier.
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Fig. 14. PBNs and lifetimes for the moved items in Figure 13

6 EXPERIMENTAL STUDY

We performed several experiments to evaluate the performance of Tjks. The code for the system is
available at https://github.com/cdyreson/temporalHierarchicalKeywordSearch. The first goal of the
experiments is to evaluate the additional cost of the temporal functionality. We note that the paper
does not claim a speed (or other metric) improvement over the state-of-the-art. Rather, the paper
describes new functionality not previously supported, such as sequenced semantics. To measure
the overhead we compare the cost of non-temporal with temporal search. A second goal is to
determine whether sequenced is more expensive than nonsequenced search. Normal search measures,
such as precision and recall, are irrelevant to the evaluation since we are not proposing a new
non-temporal search technique, e.g., an alternative to XSeek. The techniques in this paper work
with any existing keyword search engine that uses some search technique based on a common
ancestor.

6.1 Experiments Environment

Since the source code of the MESSIAH keyword search engine [60] is publicly-available, we chose
to extend it to support our proposed algorithm. MESSIAH also offers good search performance
(in terms of precision and recall) but this paper is orthogonal to and agnostic about the specific
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keyword search technique used, as long as it is based on some notion of a common ancestor.
MESSIAH is open source, written in Java, and has a keyword index, node index, and a type index.
It uses a variant of SLCA, called FLSCA, that keeps track of “missing” nodes, in effect, it is better
able to cope with irregular-structured, and missing data in a JSON document [60].

The experiments were run on an Oracle Cloud instance with 4 vCPUs, 32GB of RAM, and a 1TB,
SSD disk. We implemented and testing using the Java 21, with a Jackson JSON parser, on a Linux
system running Ubuntu 20.0.4. We used the default settings for Java (did not increase heap memory
or change the behavior of the garbage collector). The data was parsed and stored persistently
using BerkeleyDB Java edition version 7.5.11. A BerkeleyDB database is a collection of BerekelyDB
tables, where each table is logically a key-value store, and physically a persistent B* tree. We used
the default settings for BerkeleyDB, for instance, we did not modify the size of the DB cache. To
mitigate JVM garbage collection effects we restarted the search engine for each query, so every
query starts with an empty Java heap. We did not clear the operating system cache between runs.

6.2 Datasets

The experiments were performed with the following three datasets from the JEDI project; JEDI is a
JSON similarity search engine [36].

(1) Trees - The tree dataset is a JSON representation of a phylogenetic tree from Influenza
H3N2/A HA CDS between 2008 and 2015 [17]. It is 11.9MB but has a deep, complex structure
with a tree depth of 379.

(2) DBLP - The DBLP dataset contains two million documents scraped from DBLP in XML and
converted into JSON [21]. It is 792MB and has a relatively flat and regular structure, with a
depth of 4.

(3) NBA - The NBA dataset was collected by Sports Reference LLC [21]. It contains around
32.000 nested documents representing NBA games in the period 1985-2013. Each document
represents a game between two teams with at least 11 players each. It is 207MB and has a
maximum depth of 8.

The datasets do not have temporal data so we manufactured the temporal data for the experiments
by adding timestamps during parsing of the dataset.

6.3 Experiment 1 - Impact of Dataset Size

The first experiment is designed to measure the impact of dataset size for a constant query result
size. We generated five slices of each dataset ranging from 20% to 100% of the dataset size. We
seeded each slice with 100 equally spaced key-value pairs to ensure a constant result size. The
seeded datasets were indexed by the search engine. For the temporal datasets we repeated the
process, with the additional step of adding a timestamp to each node during the indexing (resulting
database sizes are approximately the same). The timetsamp is the same for every node (ensuring
that a sequenced search will produce the same result as a nontemporal search, but the sequenced
search will process the timestamps and compute a sequenced SLCA). The experiment measures the
time taken for a nontemporal search, and the same search (same keywords) is run as a sequenced
search. The search is designed to return 100 search results (SLCA nodes).

The results are shown in Figures 15, 17, and 16. For each kind of search the cost is split into the
time to compute the SLCAs and the time to extract the fragment for the search result. The different
datasets have different sizes and structures, but because of how keyword search works the cost
is constant with respect to the dataset size because the number and size of the search results is
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constant across the datasets. Note that in both experiments the overhead of sequenced search is
negligible compared to that of nontemporal search.

6.4 Experiment 2 - Impact of Result Size

The second experiment keeps the dataset size constant, but increases the size of the search result. We
increase the size of the query result by randomly seeding the document with more matches, leading
to a larger number of nodes returned by the same search query. We again compare nontemporal
and sequenced searches. Figures 18, 19, and 20 shows the results. The cost increases linearly with
respect to the search result size. Note also that the overhead of sequenced search is negligible
compared to that of nontemporal search.

6.5 Experiment 3 - Impact of Time Distribution

In the previous experiments the timestamps were all the same, but in a real-world document as
nodes are added and deleted, node lifetimes vary in duration. In the third experiment the duration
of the lifetime of a node is randomly chosen to be at most a given portion of the timeline, and the
portion is varied from 1% to 100%. We tested only the DBLP dataset as it is the largest. Note that the
lifetime of each node is also constrained to be within than its parent’s. So as the duration decreases
fewer results are returned since nodes that match the keywords do not overlap in time. The result
is shown in Figure 21.

6.6 Experiment 4 - Sequenced vs. Nonsequenced

The fourth experiment measures the cost of sequenced vs. nonsequenced SLCA computation.
It compares a sequenced search with a nonsequenced search that computes the overlap of the
timestamps in the search result (so the searches are the same except for the sequenced SLCA). We
used the same setup as Experiment One for creating the DBLP dataset and tested on only DBLP.
The result is shown in Figure 22. The costs are roughly equivalent.
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6.7 Analysis

Overall the experiments show that overhead of temporal search is modest. Experiment 1 showed
that dataset size has only a small impact on the cost. Keyword search heavily indexes the dataset
so that the keywords can be quickly found. Experiment 2 showed that result size impacts the cost,
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more results yields a higher cost, but the cost increase is largely linear in the size of the result.
Experiment 3 showed that the size of the time-line has little impact on cost. Finally Experiment 4
demonstrated that sequenced and nonsequenced have similar cost.

7 CONCLUSIONS AND FUTURE WORK

This paper presents TJKs, a system for temporal JSON keyword search. Keyword search can only
search a static JSON document, or the current version of a changing document. But JSON documents
are edited and change over time. Temporal keyword search expands keyword search to cover the
history of and changes to a document. We gave a taxonomy that classified the different kinds of
search and identified two, uniquely temporal, kinds of searches: sequenced and nonsequenced.
Sequenced search, in effect, runs a keyword search simultaneously on slices of the document, while
nonsequenced search can compare different slices to determine how a document has changed over
time. We showed how sequenced and nonsequenced search can be implemented and experimentally
explored the additional cost of supporting temporal search. We also showed how versions can be
searched and reconstructed in search results.

In future, we plan to research temporal similarity search. Similarity search takes a fragment of a
hierarchy and finds similar fragments. For instance a user could search using the edit history of
a fragment to find similarly edited fragments over time. Another direction for future research is
other kinds of metadata. (probabilities) could also be present. The same techniques presented in this
paper could be used to support these other kinds of metadata, such as probability, data quality, or
provenance, and meta-metadata such as versioned security (time annotating security metadata).
For instance, keyword search on a document annotated with privacy metadata will have to observe
private vs. public views of the data. We also plan to explore how a temporal index could be used to
improve temporal slicing [50]. A temporal slice shrinks the data to only data alive during the slice
interval. A temporal index could be employed to quickly isolate that data.
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