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Setup

q Multiple query factors: time interval extent, 
description size, selectivity and element frequency

q Both real and synthetic datasets
q Indexing, querying and maintenance costs
q Faster tIF+HINT variant, hybrid with Slicing

Temporal IR [1,2]

Experiments

Temporal IR Indexing

Time-first Solution

Setting

q Incorporate temporal dynamics in Information Retrieval
q Objects carry a [tst,tend] time interval and a description d
q Challenges: query analysis, ranking, clustering, query 

processing and indexing
q Applications: search for documents in archives, search 

multimedia databases, search basket data for market 
analysis
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IR-first Solution 

WIKIPEDIA (similar results for ECLOG)

Slicing [3]

q Build a temporal inverted file
q Split time domain into slices
q Partition posting lists, replicate objects
q Intersect lists of q.d elements for querying
q Exclude sub-lists of slices not intersecting query
q Eliminate duplicate results using [6]

Search

q Blend containment IR search with time-travel search
q Query q = <[q.tst,q.tend],q.d> 
q Find all objects whose interval overlaps [q.tst,q.tend] and 

their description contains all elements in q.d
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Sharding [4]

q Build a temporal inverted file 
q Organize posting lists into shards sorted by o.tst
q Shards satisfy staircase property
q Scan shards of q.d elements until q.tend for querying
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Fig. 7. Stats of real datasets

Table 3. Parameters of synthetic datasets
parameter values (defaults in bold)
cardinality 100K, 500K, 1M, 5M, 10M
time domain size 32M, 64M, 128M, 256M, 512M
𝐿 (interval duration) 1.01, 1.1, 1.2, 1.4, 1.8
𝑀 (interval position) 10K, 100K, 1M, 5M, 10M
dictionary size 10K, 50K, 100K, 500K, 1M
|𝑁 | (description size) 5, 10, 50, 100, 500
𝑂 (element frequency) 1.0 1.25, 1.5, 1.75, 2.0

Table 4. Characteristics of real datasets

ECLOG WIKIPEDIA
Cardinality 300311 1672662
Size [MBs] 171 4715
Time domain [secs] 15807599 126230391
Min. interval duration [secs] 1 1
Max. interval duration [secs] 15802098 126169456
Avg. interval duration [secs] 1325118 6587819
Avg. interval duration [%] 8.4 5.2
Dictionary size [# elements] 178478 927283
Min. description size [# elems] 1 1
Max. description size [# elems] 14399 6982
Avg. description size [# elems] 72 367
Min. element frequency 1 1
Max. element frequency 140423 1671696
Avg. element frequency 122 675
Avg. element frequency [%] 0.04 0.05

We did not utilize any inverted !le compression to reduce the storage requirements; such techniques
are orthogonal to our focus on query e"ciency and so, left out as future work.

5.1 Setup
For the indices built on HINT [19, 20], we used the source code provided by the authors; speci!cally
the subs+sort version, which employs the subdivisions and sorting (whenever applicable) optimiza-
tions (see Section 2.3). We activated the cache misses optimization, but not the skewness & sparsity
for a more update-friendly indexing; see [19]. Also, we dropped the storage optimization in line with
[20]. As no code was available, we re-implemented both tIF-Slicing and tIF+Sharding according
to [7] and [4], respectively. Note that HINT’s cache misses optimization cannot be paired with
the tIF+Slicing and tIF+Sharding competitors. Maintaining object ids separately makes sense only
when results can be directly produced with no comparisons. However, in tIF+Slicing, we always
need 𝐿 .𝑀𝑃𝑄 along with 𝐿 .𝑁𝑂 to apply the reference point de-duplication test, while in tIF+Sharding,
we scan the shards and compare the object interval endpoints to the query for outputting results.

We experimented with 2 real-world datasets; Table 4 summarizes their characteristics and Figure 7
shows the distribution of interval duration and the frequency distribution for their elements. ECLOG
[18] was derived from e-commerce data on HTTP requests, from December 1, 2019, to May 31,
2020. The requests were grouped by session; every session de!ned an object 𝐿 with 𝐿 .𝑀𝑃𝑄 and 𝐿 .𝑀𝑅𝑆𝑁
determined from the timestamps of the !rst and last requests within each session, while 𝐿 .𝑂 was
constructed based on the requested URIs. For WIKIPEDIA, we randomly selected 100K articles
using the o"cial API10 and downloaded all their versions (or revisions) from 2020 until 2024. Each
version provided an object 𝐿 with 𝐿 .𝑀𝑃𝑄 equal to its creation timestamp and 𝐿 .𝑀𝑅𝑆𝑁 , to the creation
timestamp of the next version. The terms in each version were used for 𝐿 .𝑂 .
We also generated synthetic datasets by extending the approach from [19] to include object

descriptions. Table 3 summarizes the construction parameters and their default values. The datasets
cardinality ranges from 100K to 1M, while their time domain from 32M to 512M units and their
dictionary size from 100K to 1M elements. The duration of each object interval follows a zip!an
distribution, controlled by parameter 𝑃 . A small value of 𝑃 makes most intervals relatively long,
while with a large value, the majority of intervals have length 1. The element frequency in the

10https://www.mediawiki.org/wiki/API:Main_page
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Fig. 11. Comparing the throughput of the tIF+HINT+Slicing and irHINT variants against competition on real
datasets

We start o! with our best IR-"rst method. We observe that tIF+HINT+Slicing exhibits a similar
overall performance to the best competitor tIF+Slicing. Speci"cally, tIF+HINT+Slicing is faster
for single-element queries due to bene"ting from HINT’s fast range (time-travel) querying, but
for queries with 2 or more elements, the fragmentation of the intersecting process impacts its
relative performance. Nevertheless, tIF+HINT+Slicing outperforms tIF+Slicing for ECLOG in most
tests, because the time intervals of the contained objects are longer compared to WIKIPEDIA (see
Table 4), making temporal indexing with HINT more e!ective.

On the other hand, the performance irHINT variant is overall the fastest indexing method for
time-travel IR queries. It signi"cantly outperforms the best IR-"rst methods, i.e., tIF+Slicing and
our tIF+HINT+Slicing hybrid, on both datasets. Essentially, an IR-"rst method can outperform
the performance irHINT variant only on single-element queries for ECLOG, or on queries that
include very rare elements (typically the "rst two bins, in the third column of Figure 11). The size
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Table 3. Indexing costs (no compression used)

index time [secs] size [MBs]
ECLOG WIKIPEDIA ECLOG WIKIPEDIA

tIF+Slicing 5.83 86.8 3124 19150
tIF+Sharding 8.57 288 295 7180

tI
F+

H
IN

T using binary search 74.7 529 1215 21221
using merge-sort 7.18 103 583 9740

with Slicing 12.2 143 2667 22507

irH
IN

T for performance 26.9 580 1218 18022
for size 22.9 594 415 7124

Table 4. Indexing costs (no compression used)

index time [secs] size [MBs]
tIF+Slicing 86.8 19150
tIF+Sharding 288 7180

tI
F+

H
IN

T using binary search 529 21221
using merge-sort 103 9740

with Slicing 143 22507

irH
IN

T for performance 580 18022
for size 594 7124

employing merge-sort to compute the necessary intersections of the candidates sets with HINT’s
subdivisions, leads to a higher throughput. The variant that uses binary search is e!cient only
when queries contain a single element (see the second column of Figure 4), where no intersections
are performed and the initial set of candidates is output. This variant fully bene"ts from all HINT
optimizations to fast answer the range query used to de"ne the candidate set from the only element
𝐿 in 𝑀.𝑁 . In contrast, recall that the variant that uses merge-sort does not traverse the H[𝐿] HINT
in a bottom-up fashion and in addition does not utilize any temporal sorting in the subdivisions
(see Section ??). Last, the tIF+HINT+Slicing hybrid exhibits the best performance, excluding again
the single-element queries, as it successfully combines the advantages of HINT with merge-sort
and of Slicing for organizing the postings lists (more on Slicing in the next paragraphs).

In regards to the indexing costs, there exist two key takeaways. The merge-sort variant has the
lowest construction time since no sorting occurs; the subdivisions are implicitly sorted by adding
the objects in the order of their 𝑂𝑁 . Naturally, the tIF+HINT+Slicing hybrid exhibits the highest
indexing time as two structures are built for each postings list. In a similar fashion, tIF+HINT+Slicing
occupies the most space compared to the other two variants, second by the variant that uses binary
search. The reason why the non-hybrid variants have di#erent space requirements (contrary to
Figure 3 plots) although they use the same structures, is because we set𝑃 di#erently to achieve the
highest possible performance; the binary search variant typically requires a larger𝑃. In view of
the above, we consider only the tIF+HINT+Slicing variant for the rest of our analysis since our
focus is primarily on query e!ciency.

1.4 tIF+HINT and irHINT against competition
The next set of experiments compares our tIF+HINT+Slicing and our two irHINT variants against
competition, i.e., tIF+Slicing [? ] and tIF+Sharding [? ]. For irHINT, out tests showed that the cost
model in [? ] e#ectively determines the best𝑃 value because of the HINT-"rst design, in contrast to
the tIF+HINT variants which are IR-"rst. Figure 5 reports the throughput of each indexing method
on time-travel IR queries and Table 4 report theirs indexing costs.

We start o# with our best IR-"rst method. We observe that tIF+HINT+Slicing exhibits a similar
overall performance to the best competitor tIF+Slicing. Speci"cally, tIF+HINT+Slicing is faster
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Table 5. Update time [secs] for insertions

index ECLOG WIKIPEDIA
1% 5% 10% 1% 5% 10%

tIF+Slicing 0.17 0.95 1.98 1.16 6.10 11.8
tIF+Sharding 0.13 0.61 1.18 2.68 16.0 32.0

tI
F+

H
IN

T using binary search 1.23 1.81 3.69 7.23 38.5 76.2
using merge-sort 0.12 0.62 1.60 1.85 9.97 19.7

with Slicing 0.31 3.28 3.51 3.23 16.8 33.4

irH
IN

T for performance 0.16 0.87 1.79 3.41 17.8 34.1
for size 0.22 1.13 2.31 5.31 28.0 54.0

Table 6. Update time [secs] for deletions

index ECLOG WIKIPEDIA
1% 5% 10% 1% 5% 10%

tIF+Slicing 0.44 2.02 3.95 6.43 32.5 65.9
tIF+Sharding 4.74 21.4 42.3 338 1707 3364

tI
F+

H
IN

T using binary search 0.16 0.78 1.58 6.62 33.8 67.7
using merge-sort 0.15 0.75 1.48 4.77 24.2 48.3

with Slicing 0.58 2.83 5.59 11.6 58.3 118

irH
IN

T for performance 0.30 1.44 2.91 9.22 46.4 96.3
for size 0.46 2.22 4.38 15.9 78.4 156

index insertions deletions
1% 5% 10% 1% 5% 10%

tIF+Slicing 1.16 6.10 11.8 6.43 32.5 65.9
tIF+Sharding 2.68 16.0 32.0 338 1707 3364

tI
F+

H
IN

T using binary search 7.23 38.5 76.2 6.62 33.8 67.7
using merge-sort 1.85 9.97 19.7 4.77 24.2 48.3

with Slicing 3.23 16.8 33.4 11.6 58.3 118

irH
IN

T for performance 3.41 17.8 34.1 9.22 46.4 96.3
for size 5.31 28.0 54.0 15.9 78.4 156

become more selective which renders intermediate candidate lists shorter and their intersection
with the index partitions, faster. This behavior is better observed for WIKIPEDIA where average
length of a postings list is higher compared to ECLOG (see the “Avg. element frequency” in Table 2).

Regarding the index size, both irHINT variants occupy less space than the query-e!cient IR-"rst
methods tIF+Slicing and tIF+HINT+Slicing, due to their HINT-"rst design. This advantage is of
course more pronounced in case of the size irHINT variant, by design. Strictly speaking, the most
space e!cient indexing method is tIF+Sharding because no replication takes place at the expense
however to a signi"cantly lower throughput than the irHINT variants, especially the performance
one. Finally, in regards to the indexing time, the construction of both irHINT indices takes more time
than the others with the size irHINT variant being the most time-consuming due to constructing
two structures per subdivision.
Figure 6 reports on the synthetic datasets; we tuned indices similar to Section 1.2. The plots

unveil an identical trend to Figure 5. The performance irHINT variant is the most e!cient method,
followed by the size variant. The dataset cardinality, the domain size, the object description size
and the skewness of the element frequency all impact the index e!ciency. For instance, increasing
the domain size under a "xed query interval extent, a#ects the performance similar to increasing
the query extent, i.e., the queries become longer and less temporally selective. In contrast, when 𝐿
grows, object intervals become shorter, so the performance of all indices improves. Also, when
increasing 𝑀 the intervals are more widespread, making the temporal predicate is more selective.

1.5 Updates
Finally, we study the e!ciency of all implemented indices in updates. We start o# with insertions
of new objects. For this purpose, we "rst index o$ine 90% of the objects for each dataset and
then measure the cost of updating the indexing structure with a batch of 1%, 5% or 10% of the
remaining objects. Table 5 reports the insertion times for every batch size and dataset. In most of
the cases, the simpler tested IR-"rst methods, i.e., tIF+Slicing and tIF+Sharding, exhibit the lowest
update times, but the performance irHINT variant is always competitive. The size irHINT is as
expected the slowest irHINT variant due to its dual-structure design and the need to maintain the
temporal sorting in HINT subdivisions. Similar issues impact the hybrid tIF+HINT+Slicing variant
(the dual-structure design) and the variant that uses binary search (maintaining temporal sorting).
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Fig. 6. irHINT for the running example:
partitioning

Table 2. irHINT for the running example: division tIFs

element I𝐿
0,0 I𝑀

1,1 I𝐿
2,1 I𝑀

2,1 I𝑀
2,2

a →𝐿4, [ . . .] ↑ →𝐿2, [ . . .] ↑ →𝐿2, [ . . .] ↑ →𝐿7, [ . . .] ↑ -
b →𝐿4, [ . . .] ↑ →𝐿5, [ . . .] ↑ - - -
c →𝐿4, [ . . .] ↑ →𝐿2, [ . . .] ↑,→𝐿5, [ . . .] ↑ →𝐿2, [ . . .] ↑ →𝐿6, [ . . .] ↑,→𝐿7, [ . . .] ↑ →𝐿6, [ . . .] ↑

element I𝐿
3,1 I𝐿

3,3 I𝐿
3,5 I𝑀

3,6 I𝐿
3,7

a →𝐿7, [ . . .] ↑ - →𝐿1, [ . . .] ↑ →𝐿1, [ . . .] ↑ →𝐿7, [ . . .] ↑
b - →𝐿5, [ . . .] ↑ →𝐿1, [ . . .] ↑ →𝐿1, [ . . .] ↑ -
c →𝐿6, [ . . .] ↑,→𝐿7, [ . . .] ↑,→𝐿8, [ . . .] ↑ →𝐿5, [ . . .] ↑ →𝐿1, [ . . .] ↑ →𝐿1, [ . . .] ↑ →𝐿7, [ . . .] ↑

In view of the above, we devise a hybrid index denoted by tIF+HINT+Slicing, which pairs the
advantages of tIF+HINT with those of tIF+Slicing. This hybrid IR-!rst index adopts a dual-structure
design. Speci!cally, the postings list for each term 𝐿 is stored twice: the !rst copy inside a HINT
H[𝐿] whose divisions are sorted by object id, similar to the tIF+HINT variant in Algorithm 4; the
second copy, divided into sub-lists following a breakdown of its time domain into slices, similar to
tIF+Slicing. Under this design, given a 𝑀 = →[𝑁𝑀𝑁 , 𝑁𝑂𝑃𝑄 ],𝑂↑ time-travel IR query, we rely on the range
querying on H[𝐿↓] to quickly determine the initial candidates set from the least frequent element
𝐿↓, and then, execute the subsequent intersections using the relevant partitions/slices in I[𝐿],
which are typically fewer than the relevant divisions inH[𝐿], avoiding this way the fragmentation
of the intersection process.

For query processing, we expect tIF+HINT+Slicing to outperform or at least to be competitive to
the best method among tIF+Slicing and the other two tIF+HINT variants; Section 5 tests this claim.
However, we also expect to occupy more space than these methods due to its dual-structure and
copies design. The key to reduce the space requirements of tIF+HINT+Slicing is the observation
that after determining the initial candidates set, the subsequent intersections no longer need to
check the temporal condition; the same idea is employed in Algorithm 4 as well. A straightforward
way to build upon this observation is to completely omit the time interval [𝑃 .𝑁𝑀𝑁 ,𝑃 .𝑁𝑂𝑃𝑄 ] inside the
slice sub-lists for each element 𝐿 , storing only object’s 𝑃 .𝑄𝑂 . But, in this case, we need to apply
hashing or sorting to deal with duplicates. Instead, we store a →𝑃 .𝑄𝑂,𝑃 .𝑁𝑀𝑁 ↑ pair which allows us to
employ the more e"cient reference value [25] technique, as discussed in Section 2.2 for tIF+Slicing.

4 The irHINT Index
We next embark on a di#erent indexing direction to boost temporal IR search. We propose a novel
composite index termed irHINT which directly builds upon the state-of-the-art HINT index for
intervals. The key idea of irHINT is to use a single HINT to hierarchically index the time domain
but inject its structure with inverted indices. Under this premise, time-travel IR queries can bene!t
from HINT’s e"ciency to quickly determine the divisions which may contain temporally qualifying
objects, and from the inverted indexing to e"ciently determine the !nal results. In what follows,
we present two variants of irHINT, elaborating on their strong and weak points; later in Section 5,
we experimentally compare these variants for di#erent query workloads and datasets.

4.1 Focus on performance
The !rst variant primarily focuses on high query performance. The irHINT index comprises a
HINT hierarchy for which the contents of every 𝑅𝑅 and 𝑅𝑆 division are maintained inside a base
temporal inverted index as described in Section 2. The construction and the maintenance process
are driven by the HINT component; e.g., for inserting a new object 𝑃 , we !rst determine which
partitions (and their divisions) should store 𝑃 and then invoke the temporal inverted index building
process to include an entry for 𝑃 in these divisions. A growing time-domain can again be handled
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