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ABSTRACT
Temporal aspects have received substantial interest in Informa-
tion Retrieval (IR) and related fields, including database search.
Our focus is on efficient, adaptive indexing for the fundamental
time-travel IR query which returns the objects whose descriptions
contain all query elements and their temporal lifespan overlaps
with the query time range. However, we deviate from the traditional
paradigm where a single structure is used for the entire dataset;
instead, we explore the prospect of an index ensemble which em-
ploys multiple structures (one for every partition of the input) to
better cope with the data and the query characteristics. The blue-
print of such an index is called a configuration. We formulate the
optimization problem of finding the configuration that minimizes
the expected cost, given a representative workload of queries. Due
to the vast design space of all possible configurations, we opt for a
heuristic approach which synthesizes an approximate solution. Our
framework utilizes partitioning and existing temporal IR indexing
structures as its building blocks. To support the synthesis, we also
propose a novel learned cost model which rapidly evaluates candi-
date configurations without the need to build and test the actual
index. We experimentally evaluate our synthesis process on real-
world datasets and compare the performance of the recommended
index configuration against single-structure temporal IR indexing.
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• Information systems→ Information retrieval query pro-
cessing; Temporal data; Database query processing.
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tIF tIF+Slicing [7] tIF+Sharding [5] tIF+HINT [56] irHINT [56]
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Figure 1: Performance analysis on a WIKIPEDIA versioning
dataset; top plots adapted from [56] to include base temporal
IF (tIF), bottom plots from our experiments in Section 6

1 INTRODUCTION
Temporal Information Retrieval [8, 15, 35] extends the field of tra-
ditional Information Retrieval (IR) by incorporating temporal dy-
namics. Given a collection of objects, the goal is to retrieve the
most relevant objects with respect to both their content and their
temporal lifespan. Temporal IR search plays a key role in document
and web archives, versioning systems, temporal and time-evolving
databases, multimedia and scientific databases. Consider for in-
stance the task of retrieving all early articles relevant to COVID-19
pandemic in January 2020 from media and news outlets. We can
model such a task as a temporal IR query which returns all articles
containing the keywords “COVID”, “coronavirus” and “Wuhan”,
published from 2020-01-01 to 2020-01-31. As another example, con-
sider a network system which monitors HTTP sessions described
by requested URIs and the timespan from the first to last packet.
To determine possible intrusions, the system inspects sessions that
hit sensitive endpoints. We can model such a task as a temporal IR
query which returns all sessions requesting e.g., “login.html” and
“admin.html” in [2026-08-01 02:00, 2026-08-01 04:00]. Such detec-
tion queries are continuously evaluated, repeated by thousands per
second over sliding time windows.

Indexing and query processing for temporal IR has received sig-
nificant attention in the past [4, 5, 7, 24, 26, 50, 51, 56, 60]. Our focus
is on the fundamental time-travel IR query [5, 56] which retrieves
the objects whose description contains all query elements and their
lifespan (expressed as a time interval) overlaps with the query time
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range.1 For processing this query, a straightforward approach is to
extend classic IR indexing (e.g., the inverted file which is the most
dominant IR index [69]) to include object time intervals. Despite its
simplicity, such an approach fails to temporally prune the search
space which highlights the need for efficient composite or hybrid
indexing. Berberich et al. [7] proposed a vertical (time) partitioning
of every posting list by first dividing the time domain into disjoint
slices. Later, Anand et al. [5] presented a horizontal partitioning,
where the contents of each posting list are grouped into temporal
shards. Recently, Rauch and Bouros [56] reorganized every posting
list as a HINT [11, 12] which is the state-of-the-art in-memory inter-
val index. Alternative to these IR-first approaches that build upon
IR indexing, Rauch and Bouros [56] also proposed irHINT which
injects the partitions of HINT’s hierarchy with inverted indexing.

Motivation. Primarily, the above solutions aim at high query
throughput, the most critical factor in modern data systems and
cloud services that receive hundreds or thousands of queries per
second.2 The analysis in [56] showed that irHINT is on average the
fastest temporal IR index, outperforming its IR-first competitors
especially as we increase the extent of the query time range. How-
ever, the same study also showed that irHINT is outperformed by
either the time-aware inverted file tIF or its extension with Slicing
[7], when the query elements are very selective due to irHINT’s
time-first design. This is depicted in Figure’s 1 top two plots which
we adapted from [56]. Our experiments in Section 6 conducted on
a wider range of workloads draws a similar picture at the bottom
plot, revealing even more cases where irHINT is outperformed.
Consequently, no single method consistently dominates across all
workloads, which unveils the need for adaptive indexing, able to
better cope with both the temporal and the IR aspects of the queries.

Adaptive indexing has been extensively studied in the literature
under different perspectives: index selection and design, e.g., [6,
9, 19, 27, 31, 33, 38, 42, 44], database cracking, e.g., [22, 23, 28–
30, 40, 41, 54, 58, 65, 66], and learned indexing, e.g., [13, 17, 18, 21, 39,
49, 62, 63]. The vast majority of these works adopt the traditional
monolithic, “one size fits all” paradigm where a single structure
indexes the entire input collection; although we can organize parts
of the index with different layouts, e.g., the hot vs cold nodes in [6],
or employ independent adjustments per node, e.g., the size ratio and
Bloom filter settings in [42]. The most relevant effort to our work is
GENE [16] which utilizes a genetic algorithm to breed a synthetic
index that combines multiple data structures. Nevertheless, similar
to the rest, GENE cannot target composite indexing for temporal IR
data. Under this, the prospect of a workload-aware ensemble index
which employs multiple data structures, one for every different
partition of the input, remains still unexplored for temporal IR. To
our knowledge, even in other contexts, ensemble indices [36] have
received little attention. For instance, to index spatio-textual data,
Rocha-Junior et al. [57] first divide keywords into frequent and rare
to employ different structures for each. Yet, this design is empirical
and the authors do not propose a systematic, generic solution.

1In the future, we plan to also consider relevance-based temporal IR search.
2E.g., https://aws.amazon.com/blogs/aws/amazon-s3-two-trillion-objects-11-million-
requests-second/

Contributions. We present a novel generic framework for adap-
tively indexing temporal IR data, given a set of representative time-
travel IR queries. The goal is not to propose a new indexing structure
but to re-use and combine the existing as building blocks, hence
we focus on formulating the problem and modeling the solution
framework. Our framework is extendable, i.e., incorporating new
structures is straightforward. Our key contributions are as follows:
• We formally define workload-aware adaptive indexing for
temporal IR data as an optimization problem. To deal with
the vast index design space and the complexity of the task,
we devise a heuristic approach which approximately solves
the problem.
• We propose a compositional modeling framework for design-
ing index configurations. A configuration is a concrete plan
on how to index the input objects and it may specify a single
indexing structure or an ensemble via partitioning.
• We present a synthesis process that efficiently explores the
design space of all possible configurations to synthesize an
approximation of the best configuration for a given input
dataset and a given representative query workload.
• We devise a novel Learned Cost Model which supports the
evaluation of candidate index configurations without the
need to actually build and test every index. A similar idea
was also employed by the Data Calculator in [33] but for eval-
uating index components (primitives) instead of an entire
index.
• We experimentally study our solution by evaluating the cost
model, showcasing the synthesis process and comparing
synthesized indices against the existing temporal IR indices.
Our experiments on three real-world temporal IR datasets
showed the benefits of ensemble adaptive indexing. The
synthesized indices always match or even exceed the perfor-
mance of traditional single-structure indices across a variety
of diverse workloads.

Outline. Section 2 revisits querying and indexing temporal IR
data, and then formulates the problem of workload-aware indexing.
Sections 3 and 4 present our solution for the problem at hand;
the design framework for index configurations and the synthesis
process to determine the best configuration. Section 5 details our
novel learned cost model which supports the synthesis. Section 6
reports our experimental analysis. Last, Section 7 discusses related
work and Section 8 concludes our study.

2 PRELIMINARIES
We first introduce the necessary notation and recap on the existing
solutions for temporal IR search. Then, we formulate the problem
of workload-aware temporal IR indexing.

2.1 Notation and terminology
A time interval or simply an interval, is defined by its starting
and ending point in the time domain. Formally, an interval 𝑖 =

[𝑡𝑠𝑡𝑎𝑟𝑡 , 𝑡𝑒𝑛𝑑 ] with 𝑡𝑠𝑡𝑎𝑟𝑡 ≤ 𝑡𝑒𝑛𝑑 includes all time points 𝑡 with
𝑡𝑠𝑡𝑎𝑟𝑡 ≤ 𝑡 ≤ 𝑡𝑒𝑛𝑑 . We say that two intervals 𝑖1, 𝑖2 overlap if they
share at least one time point; formally, their intersection is:

𝑖1 ∩ 𝑖2 = [max{𝑖1 .𝑡𝑠𝑡𝑎𝑟𝑡 , 𝑖2 .𝑡𝑠𝑡𝑎𝑟𝑡 },min{𝑖1 .𝑡𝑒𝑛𝑑 , 𝑖2 .𝑡𝑒𝑛𝑑 }]

https://aws.amazon.com/blogs/aws/amazon-s3-two-trillion-objects-11-million-requests-second/
https://aws.amazon.com/blogs/aws/amazon-s3-two-trillion-objects-11-million-requests-second/
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We model a data object 𝑜 as an ⟨𝑖𝑑, [𝑡𝑠𝑡𝑎𝑟𝑡 , 𝑡𝑒𝑛𝑑 ],𝜓 ⟩ triple, where
𝑜.𝑖𝑑 is the object’s identifier (used to access other types of infor-
mation potentially attached to the object), [𝑜.𝑡𝑠𝑡𝑎𝑟𝑡 , 𝑜 .𝑡𝑒𝑛𝑑 ] is the
time interval associated with 𝑜 representing its lifespan, and 𝑜.𝜓
is the description of the object, containing elements drawn from
a global dictionary D. The nature of the attribute 𝑜.𝜓 depends on
the application; for example, if 𝑜 is a document (or a version of a
document) then a set 𝑜.𝜓 includes the terms contained in 𝑜 .3

Given an object collection O, we next define temporal IR search,
which blends its classic boolean (containment) search counterpart
with time-travel search (the latter as a range query on intervals).

Definition 2.1 (Time-travel IR query). Let [𝑞.𝑡𝑠𝑡𝑎𝑟𝑡 , 𝑞.𝑡𝑒𝑛𝑑 ] be a
query time interval and 𝑞.𝜓 be a query description, the time-travel
IR query returns all objects in O whose interval overlaps with
[𝑞.𝑡𝑠𝑡𝑎𝑟𝑡 , 𝑞.𝑡𝑒𝑛𝑑 ] and whose description contains all elements in
𝑞.𝜓 ; formally, every object 𝑜 with:

[𝑜.𝑡𝑠𝑡𝑎𝑟𝑡 , 𝑜 .𝑡𝑒𝑛𝑑 ] ∩ [𝑞.𝑡𝑠𝑡𝑎𝑟𝑡 , 𝑞.𝑡𝑒𝑛𝑑 ] ≠ ∅ and 𝑜.𝜓 ⊇ 𝑞.𝜓

If collection O contains e.g., archived document versions, a time-
travel IR query finds the versions (not the distinct documents) that
contain the query elements (terms); a similar assumption to [5, 56].

2.2 Temporal IR indexing
Temporal IR indices fall under two categories based on which com-
ponent of the data and which predicate of the query they prioritize.
Section 2.2.1 discusses those prioritizing the IR component, building
on the inverted index [69], while the indices in Section 2.2.2 priori-
tize the temporal component, building on time (interval) indexing.

2.2.1 IR-first. A straightforward approach is to augment the post-
ing lists of the classic inverted index with temporal intervals; we
denote this solution as tIF. Specifically, tIF associates every ele-
ment 𝑒 in the global dictionary D with a time-aware posting list
𝐿[𝑒] of the objects that contain 𝑒 . Each ⟨𝑜.𝑖𝑑, [𝑜.𝑡𝑠𝑡𝑎𝑟𝑡 , 𝑜 .𝑡𝑒𝑛𝑑 ]⟩ en-
try of the list includes the identifier 𝑜.𝑖𝑑 and the [𝑜.𝑡𝑠𝑡𝑎𝑟𝑡 , 𝑜 .𝑡𝑒𝑛𝑑 ]
time interval of an object 𝑜 . To answer a time-travel IR query
𝑞 = ⟨[𝑞.𝑡𝑠𝑡𝑎𝑟𝑡 , 𝑞.𝑡𝑒𝑛𝑑 ], 𝑞.𝜓 ⟩, it suffices to intersect the posting lists
of all elements 𝑒 ∈ 𝑞.𝜓 , ignoring the entries for the objects whose
time interval does not overlap the [𝑞.𝑡𝑠𝑡𝑎𝑟𝑡 , 𝑞.𝑡𝑒𝑛𝑑 ] query interval.
For performance, the entries inside a posting list are ordered by
their object 𝑖𝑑 to efficiently compute list intersections in a merge-
sort fashion. Further, the elements in 𝑞.𝜓 are examined by their
frequency in the global dictionary in increasing order, to reduce the
size of the intermediate lists and hence accelerate list intersections.

Despite its simplicity, tIF fails to efficiently filter out objects
based on their time interval as no temporal indexing is in place.
The solutions below directly target this shortcoming.

tIF+Slicing. To enrich tIF with temporal indexing, Berberich et al.
[7] first define a breakdown of the time domain into a sequence of
non-overlapping slices. Under this slicing, every posting list 𝐿[𝑒]
is then divided into smaller sub-lists, each representing a slice of
the time domain. An entry ⟨𝑜.𝑖𝑑, [𝑜.𝑡𝑠𝑡𝑎𝑟𝑡 , 𝑜 .𝑡𝑒𝑛𝑑 ]⟩ in the original
𝐿[𝑒] tIF list is now assigned to all slices it temporally overlaps and
replicated in their sub-lists. This replication is necessary to ensure

3Currently, we assume only set semantics for 𝑜.𝜓 ; bag semantics and language models,
where 𝑜.𝜓 can contain an element 𝑒 multiple times are left for future work.

the correctness of query processing. To eliminate potential dupli-
cate results, we can use hashing or the reference value technique
from [20]. Determining the number of domain slices is modeled as
an optimization problem. To mitigate over-fragmentation from ex-
cessive slicing, adjacent time slices can be merged to balance query
efficiency and storage overhead [7]. Given a time-travel IR query
𝑞, only the sub-lists of 𝐿[𝑒] whose slices overlap [𝑞.𝑡𝑠𝑡𝑎𝑟𝑡 , 𝑞.𝑡𝑒𝑛𝑑 ]
are considered for each element 𝑒 ∈ 𝑞.𝜓 , avoiding this way to scan
temporally irrelevant entries.

tIF+Sharding. Instead of slicing the time domain to partition tIF
posting lists, Anand et al. [5] reorganize their entries on 𝑡𝑠𝑡𝑎𝑟𝑡 , into
groups called shards. An ideal shard satisfies the staircase property;
i.e., for any two ⟨𝑜1 .𝑖𝑑, [𝑜1 .𝑡𝑠𝑡𝑎𝑟𝑡 , 𝑜1 .𝑡𝑒𝑛𝑑 ]⟩ and ⟨𝑜2 .𝑖𝑑, [𝑜2 .𝑡𝑠𝑡𝑎𝑟𝑡 ,
𝑜2 .𝑡𝑒𝑛𝑑 ]⟩ entries in a shard, if 𝑜1 .𝑡𝑠𝑡𝑎𝑟𝑡 < 𝑜2 .𝑡𝑠𝑡𝑎𝑟𝑡 , then 𝑜1 .𝑡𝑒𝑛𝑑 ≤
𝑜2 .𝑡𝑒𝑛𝑑 . Compared to tIF+Slicing, tIF+Sharding requires no entry
replication and so, result de-duplication is no longer necessary.
Upon querying, a shard is scanned until its first entry that starts af-
ter the [𝑞.𝑡𝑠𝑡𝑎𝑟𝑡 , 𝑞.𝑡𝑒𝑛𝑑 ] interval is found; the remaining entries are
guaranteed not to overlap the query. In practice, the number of ideal
shards per posting list can be overwhelmingly large. To address
this issue, the authors introduced relaxed sharding which permits
some violations of the staircase property. The relaxation factor is a
tunable parameter balancing pruning efficiency and fragmentation.

tIF+HINT. Recently, Rauch and Bouros [56] stored tIF posting lists,
using the state-of-the-art interval index HINT [11, 12]. For an ele-
ment 𝑒 , HINT𝐻 [𝑒] hierarchically and uniformly divides the time do-
main covered by the original 𝐿[𝑒] list, into 2ℓ partitions for ℓ = 0 to
𝑚, defining𝑚+1 levels. The interval of every ⟨𝑜.𝑖𝑑, [𝑜.𝑡𝑠𝑡𝑎𝑟𝑡 , 𝑜 .𝑡𝑒𝑛𝑑 ]⟩
entry is normalized, discretized in the [0, 2𝑚−1] domain, and the
entry is assigned to the smallest set of partitions from all levels
that cover [𝑜.𝑡𝑠𝑡𝑎𝑟𝑡 , 𝑜 .𝑡𝑒𝑛𝑑 ] (at most 2 partitions per level). For a
time-travel IR query 𝑞, it suffices to first evaluate a range interval
query on the 𝐻 [𝑒∗] HINT of the least frequent element 𝑒∗ in 𝑞.𝜓 ,
to quickly obtain the temporally qualifying candidates. Then, these
candidates are refined through intersections with 𝐻 [𝑒] partitions
for each 𝑒 ∈ 𝑞.𝜓 \ {𝑒∗}. Three intersection strategies are supported:
(1) verification via the object descriptions, (2) binary-search on
sorted candidate sets, and (3) merge-sort when HINT partitions are
sorted by object 𝑖𝑑 . HINT’s duplicate avoidance principle ensures
that no de-duplication is necessary. The number of HINT levels
and the intersection strategy are tunable parameters.

2.2.2 Time-first. Rauch and Bouros [56] also devised a time-first,
composite indexing approach called irHINT which directly builds
on the temporal (interval) indexing of HINT. Specifically, irHINT
injects every partition of HINT’s hierarchy with time-aware in-
verted indexing, i.e., instances of base tIF. Given a time-travel IR
query 𝑞, computation extends the interval range query process of
HINT. It suffices to traverse HINT’s hierarchy in bottom-up fashion
and independently evaluate query 𝑞 on each partition overlapping
[𝑞.𝑡𝑠𝑡𝑎𝑟𝑡 , 𝑞.𝑡𝑒𝑛𝑑 ] using the corresponding tIF index. This time-first
organization enables efficient pruning at multiple time granularities
before IR search matching, while again HINT’s duplicate avoidance
principle ensures that no de-duplication is necessary. The num-
ber of levels in the hierarchy is a tunable parameter that balances
temporal pruning granularity and index size.
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The authors additionally proposed a second irHINT variant
which trades query performance for a smaller index size and there-
fore, lower space requirements. This variant adopts a dual structure
design per partition, decoupling temporal from IR indexing. Under
this, each temporal interval is stored only once rather than being
replicated across multiple posting lists. In particular, a separate
data structure is maintained for the temporal component of the
input objects using the ⟨𝑜.𝑖𝑑, [𝑜.𝑡𝑠𝑡𝑎𝑟𝑡 , 𝑜 .𝑡𝑒𝑛𝑑 ]⟩ entries (similar to
vanilla HINT) while traditional (non-temporal) inverted indexing
is used for the object’s description 𝑜.𝜓 . Upon querying, it suffices
to compute a typical interval range query to determine a list of
temporally qualifying objects and then intersect these candidates
with posting lists, similar to a traditional IR boolean search.

2.3 Problem definition
Let O be a collection of data objects (as defined in Section 2.1). An
index configuration I defines a concrete plan on how to index the
objects in O for computing time-travel IR queries. A configuration
specifies either a single indexing structure (i.e., one of the structures
discussed in Section 2.2), which covers the entire global dictionary
D and the entire time domain, or an index ensemble which utilizes
multiple structures, each indexing a different part of O. We denote
by S(O) the design space of all possible index configurations for
an object collection O.

Now, to formally define the problem at hand, assume that a
workload of representative time-travel IR queries Q is available for
collection O.4 Under this assumption, we define the optimization
problem of determining the index configuration I in S(O) that
minimizes its expected cost captured by the cost function 𝐶 (I,Q).

Definition 2.2 (Workload-aware temporal IR indexing). Given an
object collection O and a workload of time-travel IR queries Q, the
goal is to find the index configuration I∗ in S(O) such that

I∗ = arg min
I∈S(O)

𝐶 (I,Q)

The nature of the cost function 𝐶 (·,Q) depends on the application.
Without loss of generality, for the rest of our analysis, we consider
a weighted linear combination of the query throughput and the
index size, prioritizing the former.5

The key challenge in solving the problem of Definition 2.2 stems
from the prohibitively large design space S(O). Under this, Sec-
tions 3–5 describe our heuristic approach to synthesize an index
configuration that approximates optimal I∗.

3 INDEX CONFIGURATION FRAMEWORK
Our framework for designing temporal IR index configurations
comprises three components: data partitioning, hierarchical compo-
sition and adaptive parameter tuning. In what follows, we describe
these components and then explain how to handle construction,
queries and maintenance for the index described in a configuration.
4By “representative”, we refer to historical queries with similar features to current or
future ones. This assumption is typical in adaptive indexing [6, 9, 59]. In Section 4, we
explain how to deal with a cold start (where no workload is available) or with data
distribution shifts which significantly alter the workload characteristics.
5Such a setting represents modern data systems which service large numbers of queries
per second. Under this, index size is still critical while the one-time building cost is
less important. Nevertheless, our work can be extended to incorporate or prioritize
other factors such as build and update time.
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Figure 2: Examples of splitting strategies for data partition-
ing; time-based (left) and dictionary-based (right); 𝑡ℎ𝑟 , 𝜌𝑐𝑖 , 𝜌𝑖𝑟
boundaries and historical/recent, common/infrequent/rare
labels are symbolic placeholders for illustration purposes

3.1 Data partitioning
As discussed in Section 2.3, an index configuration I may specify
an ensemble of data structures, contrary to the classic paradigm
which employs a single structure. For this purpose, our framework
considers a break down of the input collection O into a set of poten-
tially overlapping partitions O1, . . . ,O𝑛 . Each partition is indexed
independently from the rest, using one of the data structures in Sec-
tion 2.2. The collection of these partition indices form the ensemble.
The framework considers two partitioning schemes.6

3.1.1 Time-based partitioning. The first option is to temporally
define the partitions such that each one covers a specific time range.
We divide the [O .𝑡𝑠𝑡𝑎𝑟𝑡 ,O .𝑡𝑒𝑛𝑑 ] domain into a number of ranges.
For instance, an intuitive practice would be to separate the re-
cent from the historical objects according to a specific time point,
e.g., 𝑡ℎ𝑟 exemplified in Figure 2 (left). Nevertheless, our framework
supports any number of splitting time points to accommodate dif-
ferent access patterns. Every data partition 𝑂𝑖 is defined for either
a single time range or a contiguous sequence of ranges, and 𝑂𝑖
includes all objects 𝑜 whose [𝑜.𝑡𝑠𝑡𝑎𝑟𝑡 , 𝑜 .𝑡𝑒𝑛𝑑 ] interval overlaps with
the partition’s time range. Our time-based partitioning resembles
an irregular 1-dimensional grid, allowing time slices (ranges) to
overlap if necessary. Each object in collection O will be replicated
to all partitions its interval overlaps. In Figure 2 (left), we define two
partitions: O1 for the historical objects, O2, for the recent; objects
whose interval spans both ranges, i.e., cut by 𝑡ℎ𝑟 , will be assigned
to both partitions.

3.1.2 Dictionary-based partitioning. The second option is to define
the partitions by dividing the global dictionary D. To this end, we
introduce the rank 𝜌 (𝑒) of every element 𝑒 in D, based on how
many times it appears in the input collection. The most frequent
element gets rank 0, while the least frequent, |D|−1.We then divide
[0, |D| − 1] into a number of potentially overlapping rank ranges,
typically separating high-frequency elements from low-frequency
ones. For instance, Figure 2 (right) exemplifies how three disjoint
rank ranges are defined using boundaries 𝜌𝑐𝑖 , 𝜌𝑖𝑟 : the [0, 𝜌𝑐𝑖 ] range
for the most frequent (common) elements, the [𝜌𝑐𝑖 , 𝜌𝑖𝑟 ] for less
frequent elements (called infrequent in the figure) and [𝜌𝑖𝑟 , |D|−1]
for the least frequent (rare). The three dictionary partitions derive

6For this study, the two schemes are only exclusively applied; in the future, we will
investigate hybrid approaches that combine them.
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from prior findings in [56] and our testing, but similar to time-
based partitioning, we can support any number of splitting rank
boundaries (Section 6 tests two partitions too as in [57]). To ensure
that rank ranges capture meaningful distinctions across the element
distribution, the framework uses logarithmic scaling to specify rank
boundaries as ⌈|D|𝛾 ⌉, where 𝛾 ∈ [0, 1] denotes a normalized log-
scaled position: a target rank 𝜌 maps to 𝛾 =

log 𝜌
log |D | . Finally, an

O𝑖 partition is defined for each rank range, including all objects
whose description contains elements of a rank in range. Under this
assignment, an object may be replicated to multiple partitions.

3.2 Hierarchical composition
We model an index configuration I as a two-level hierarchy which
details the definition and the construction of the index ensemble.
We consider the following two types of nodes as the building blocks:

fanout node
(root)
partitioning
O1, . . . , O𝑛

{
Time-based
Dictionary-based

terminal node
(leaf)
indexing structure
for partition O𝑖


base tIF
tIF+Slicing
tIF+Sharding
tIF+HINT
irHINT

The fanout (root) node (colored in green) represents an O1, . . . ,O𝑛
partitioning of the input collection O; the node is labeled after
the partitioning scheme, i.e., time-based or dictionary-based. Every
child is a terminal (leaf) node (colored in orange), which represents a
partition O𝑖 .7 Terminal nodes are labeled after the structure utilized
to index their partition. Our model currently supports the data
structures discussed in Section 2.2 but it can be extended to include
additional structures. The range (time or rank) used to define every
partition is specified as a label on the directed edge that connects
the fanout node to the corresponding terminal.

Figure 3 exemplifies the index configurations for our running
example. The left configuration employs a time-based partitioning
using the left splitting in Figure 2. Without loss of generality, the
ensemble index comprises an irHINT for the historical objects and
a tIF+HINT for the recent ones.8 The right configuration defines a
dictionary-based partitioning using the right splitting in Figure 2.
The index ensemble consists of an irHINT for the common elements,
a tIF+HINT, for the infrequent and a base tIF for the rare.

3.3 Adaptive parameter tuning
Next, we elaborate on the tunable parameters of the data structures
at the terminal nodes. All tIF variants in Section 2.2.1 (besides base
tIF) include such parameters to control the posting list fragmenta-
tion; tIF+Slicing has the number of domain slices 𝑝; tIF+Sharding,
the staircase relaxation factor 𝑟 which controls the number of
shards; tIF+HINT, the number of levels𝑚 per HINT hierarchy.

Setting 𝑝 , 𝑟 , and𝑚 uniformly across all posting lists may over-
fragment small lists and under-fragment large ones, both leading
to inefficient query processing. Over-fragmentation additionally in-
curs a space overhead. Existing adaptive schemes [5, 7, 11] address
this to varying degrees but have limitations. For setting 𝑝 , the cost
model in [7] merges slices of the time domain to balance index size
and query performance, but does not directly consider the extent
of the query time interval or the selectivity of the query elements.
7If the configuration specifies a single indexing structure then the hierarchy is reduced
to a single terminal node representing the entire collection O.
8Section 4 elaborates on how to select the best data structures on each terminal node.

Time-based partitioning

irHINT tIF+HINT

Historical:
[O.𝑡𝑠𝑡𝑎𝑟𝑡 , 𝑡ℎ𝑟 ]

Recent:
[𝑡ℎ𝑟 , O.𝑡𝑒𝑛𝑑 ]

Dictionary-based partitioning

irHINT tIF+Slicing base tIF

Common:
[0, 𝜌𝑐𝑖 ]

Infrequent:
[𝜌𝑐𝑖 , 𝜌𝑖𝑟 ]

Rare:
[𝜌𝑖𝑟 , |D | − 1]

Figure 3: Examples of configurations for Figure 2’s splittings

Moreover, the merging process is time-consuming and good merg-
ing thresholds may vary with posting list size. The model in [5] for
setting 𝑟 only accounts for the ratio of random to sequential access
cost and determines a single factor for all posting lists, therefore
failing to adapt independently to each posting list. For setting𝑚,
the cost model in [11] considers the extent of the query time inter-
val but ignores IR-specific characteristics. The experiments in [56]
confirmed these limitations, forcing the authors to ultimately opt
out for manual tuning. Overall, existing approaches only coarsely
adapt to the input data and the query workload.

In view of the above, we propose an alternative, adaptive tuning
strategy which sets 𝑝 , 𝑟 ,𝑚 as a function of the posting list size |𝐿[·] |
and workload-tuned parameters 𝛼 , 𝛽 . Intuitively, 𝛼 determines the
base scaling and 𝛽 , the sub-linear adaptation to posting list size. This
adaptive approach allocates fine-grained partitioning to frequent
elements with long posting lists for efficient pruning, while rare
elements maintain compact structures. Specifically, for tIF+Slicing,
the time domain covered by every posting list 𝐿[·] is divided into

𝑝 = ⌈10𝛼 · (log10 |𝐿[ · ] |−𝛽 ) ⌉ (1)

slices, using exponential scaling. For tIF+Sharding, we set the relax-
ation factor according to

𝑟 = 𝑒−𝛼 ·max(0,log10 |𝐿[ · ] |−𝛽 ) (2)

with exponential decay which yields maximum relaxation for post-
ing lists with fewer than 10𝛽 records. Last, for tIF+HINT, we set
the number of levels𝑚 in the HINT hierarchy for each list 𝐿[·] as

𝑚 = ⌈𝛼 · (log10 |𝐿[·] | − 𝛽)⌉ (3)

using logarithmic scaling. For all formulas, 𝛼 , 𝛽 are tuned as hyper-
parameters during the index synthesis process (see Section 4). Last,
for irHINT’s number of levels𝑚 we use a single hyper-parameter;
unlike tIF+HINT, irHINT employs a single HINT hierarchy.

3.4 Index operations
All operations on the index defined by a configuration are driven by
the hierarchical composition model. We use the JSON format to ma-
terialize index configurations, including now additional implemen-
tation details such as the index variant and the values for the tunable
parameters; Figure 4 exemplifies the configurations from Figure 3.
Building the ensemble index for an input collection O is straightfor-
ward. We first compute the partitions according to the partitioning
scheme and the ranges specified in the configuration. Then, for



SIGMOD ’27, June 13–19, 2027, Huntington Beach, CA, USA Christian Rauch and Panagiotis Bouros

{"partitioning":"time-based", "mode":"split", "terminals": [
{"range":"O.𝑡𝑠𝑡𝑎𝑟𝑡 , 𝑡ℎ𝑟 ", "structure":"irhint;performance;𝑚"},
{"range":"𝑡ℎ𝑟 , O.𝑡𝑒𝑛𝑑 ", "structure":"tif;hint;merge;𝛼;𝛽"},

{"partitioning":"dictionary-based", "mode":"refine", "terminals": [
{"range":"0, 𝜌𝑐𝑖 ", "structure":"irhint;perfomance;𝑚"},
{"range":"𝜌𝑐𝑖 , 𝜌𝑖𝑟 ", "structure":"tif;slicing;𝛼;𝛽"},
{"range":"𝜌𝑖𝑟 , |D | − 1", "structure":"tif;base"} ] }

Figure 4: Materializing Figure 3’s configurations

each partition O𝑖 , we construct the indexing structure invoking its
native build method. Figure 4 lists the data structures (specific vari-
ant as well) to build and the values of their tunable parameters. For
example, "structure":"irhint;perfomance;𝑚" specifies a performance
irHINT variant of𝑚 levels, while "structure":"tif;hint;merge;𝛼 ;𝛽"
specifies a tIF+HINT variant which employs merge-sort for list in-
tersections; values 𝛼 , 𝛽 are used to determine the number of levels
per HINT hierarchy as detailed in Section 3.3.9

Queries are handled in a top-down fashion. A time-travel IR
query 𝑞 is submitted to the fanout (root) node of the configura-
tion hierarchy. The role of this node is twofold. First, it determines
which indices from the terminal (leaf) nodes should be probed. If a
time-based partitioning is defined then query 𝑞 is forwarded to the
terminal nodes whose time range overlaps with the [𝑞.𝑡𝑠𝑡𝑎𝑟𝑡 , 𝑞.𝑡𝑒𝑛𝑑 ]
interval. Otherwise, if a dictionary-based partitioning is defined
then 𝑞 is forwarded to the terminal nodes whose rank range in-
cludes the rank of an element in the 𝑞.𝜓 query description. Second,
the fanout node orchestrates how the query results are produced;
the key task is how to combine the results from the relevant termi-
nal indices. The framework offers two modes of operation. Under
the split mode, the relevant terminal indices process the submitted
query independently of each other. The final result is produced by
unifying the local results from the indices, however, if the relevant
to query 𝑞 partitions are not disjoint (typically the case), extra care
is taken for removing duplicate results. For this, we can simply
use hashing or sorting; for the time-based partitioning, we can
alternatively use the more efficient reference value technique from
[20]. Our time-based partitioning utilizes the split mode; see the top
JSON listing in Figure 4. In contrast, the dictionary-based partition-
ing employs the refine mode where the terminal indices are used in
a serial fashion. The index responsible for the first (typically the
least frequent) element in 𝑞.𝜓 generates a list of candidate results,
which are then refined against the index for the next element and
so on, until all relevant indices are probed. In Figure 4, the bottom
listing specifies a refine mode for the dictionary-based partitioning.

Last, we discuss index maintenance. Similar to previous work,
we focus on batch updates. The key is to use the index configuration
to determine which terminal nodes are affected; after that we rely
on the native update operations of each data structure. Consider
insertions first. For the time-based partitioning, the case when the
[O .𝑡𝑠𝑡𝑎𝑟𝑡 ,O .𝑡𝑒𝑛𝑑 ] domain remains fixed, is straightforward, i.e., the
time ranges of the terminal nodes will route every new object to its
relevant partitions. Otherwise, if the domain is extended then we
accordingly update the partition ranges that contain O .𝑡𝑒𝑛𝑑 before

9In both configurations shown,𝑚, 𝛼 , 𝛽 represent specific fixed values.

indexing the new objects.10 For instance, in our example, we modify
the range for the second partition (recent intervals) to [𝑡ℎ𝑟 ,O .𝑡 ′𝑒𝑛𝑑 ],
where O .𝑡 ′

𝑒𝑛𝑑
is the updated domain end. For the dictionary-based

partitioning, if the new objects contain only elements already in the
global dictionary D, we simply route the objects to their relevant
partitions. Typically, we do not expect the updates to alter the
element ranks; if they do however, we preserve the existing ranked-
based partitions to limit the maintenance cost. On the other hand,
to deal with new elements, we incorporate gaps when computing
the ranks to accommodate additions. Regarding deletions, we adopt
a lazy update approach for both partitioning schemes, i.e., we never
modify the splitting boundaries and partition ranges.

4 INDEX SYNTHESIS
The framework in Section 3 provides the tools to design an (ensem-
ble) index for input collection O. We now discuss how to determine
the configuration I∗ with the lowest expected cost for workload Q,
i.e., how to solve the problem in Definition 2.2. As already explained,
due to the vast design space S(O), we opt for a heuristic approach
to synthesize a configuration that approximates the optimal I∗.

For this purpose, we introduce the concept of a configuration
template or simply template, denoted by T , as a family of configura-
tions that share exactly the same partitioning scheme (time-based
or dictionary-based and number of partitions) and the same choices
of indexing structures for the terminal nodes. Intuitively, a tem-
plate T introduces variables which replace concrete values for the
splitting time points or ranks in partitioning and for the tunable
parameters of the indexing structures.11 Consider for example the
template listed in Figure 5 (left). Similar to an index configuration, a
template is modeled by a configuration hierarchy and then material-
ized in JSON format. This particular template represents variations
of the dictionary-based configuration from Figures 3 and 4, where
the number of levels𝑚 in the performance irHINT (common ele-
ments partition, first terminal node) and the 𝛼 , 𝛽 parameters in the
merge-sort tIF+HINT (infrequent elements, second terminal node)
are defined as variables and marked by a “?”. For simplicity, we
considered the rank ranges fixed in this example. When defining
the𝑚, 𝛼 , 𝛽 variables, we can also specify a range for their possible
values, e.g.,𝑚 should take a value from 5 to 16.

Algorithm 1 illustrates a high-level pseudocode of the synthesis
process. In principle, the algorithm iterates through configuration
templates selected from the S(O) design space (for-loop in Lines 2–
18).12 For each template T , the algorithm performs a multi-stage
grid search, organized in two phases. The purpose of the selection
phase (Lines 3–8) is to pick 𝑘 candidate configurations from T ’s
design space with low𝐶 (·,Q) cost. The goal of the refinement phase
(Lines 9-16) is to improve this initial candidates set by synthesizing
configurations very similar to each candidate. As the algorithm
goes through every template, it maintains the best configuration
I∗ found so far (Lines 17–18), which is reported at the end.

10Case when the domain is extended by moving O.𝑡𝑠𝑡𝑎𝑟𝑡 back in time, is symmetric.
11In the future, we plan to investigate more generic templates where for instance the
number of partitions are also a variable.
12Currently, the selected templates are defined manually based on experimentation and
intuitive heuristics, e.g., base tIF is typically the best structure for rare elements [56]. In
the future however, we will investigate how to generate these templates automatically.
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Configuration template T

Dictionary-based partitioning

irHINT tIF+Slicing base tIF

Common:
[0, 𝜌𝑐𝑖 ]

Infrequent:
[𝜌𝑐𝑖 , 𝜌𝑖𝑟 ]

Rare:
[𝜌𝑖𝑟 , |D | − 1]

{"partitioning":"dictionary-based", "mode":"refine", "terminals": [
{"range":"0, 𝜌𝑐𝑖 ", "structure":"irhint;performance;?𝑚[5,16]"},
{"range":"𝜌𝑐𝑖 , 𝜌𝑖𝑟 ", "structure":"tif;slicing;?𝛼[1.8,2.6];?𝛽[0.3,0.9]"},

{"range":"𝜌𝑖𝑟 , |D|-1", "structure":"tif;base"} ] }

Sampling on T’s design space

?𝛼

?𝑚

?𝛽

1.8

2.6

5
160.3

0.9

1

2 3

Cost evaluation of T’s configurations

1 {"partitioning":"dictionary-based", "mode":"refine", "terminals": [

{"range":"0, 𝜌𝑐𝑖 ", "structure":"irhint;performance;14"},
{"range":"𝜌𝑐𝑖 , 𝜌𝑖𝑟 ", "structure":"tif;slicing;2.2;0.6"},
{"range":"𝜌𝑖𝑟 , |D|-1", "structure":"tif;base"} ] }

throughput: 17200 queries/sec, index size: 328 MB

2 {"partitioning":"dictionary-based", "mode":"refine", "terminals": [

{"range":"0, 𝜌𝑐𝑖 ", "structure":"irhint;performance;10"},
{"range":"𝜌𝑐𝑖 , 𝜌𝑖𝑟 ", "structure":"tif;slicing;2.47;0.4"},
{"range":"𝜌𝑖𝑟 , |D|-1", "structure":"tif;base"} ] }

throughput: 15800 queries/sec, index size: 220 MB

3 {"partitioning":"dictionary-based", "mode":"refine", "terminals": [

{"range":"0, 𝜌𝑐𝑖 ", "structure":"irhint;performance;14"},
{"range":"𝜌𝑐𝑖 , 𝜌𝑖𝑟 ", "structure":"tif;slicing;2.47;0.4"},
{"range":"𝜌𝑖𝑟 , |D|-1", "structure":"tif;base"} ] }

throughput: 13800 queries/sec, index size: 412 MB

Figure 5: Example of the synthesis process for a dictionary-based partitioning template; 𝑡ℎ𝑟 , 𝜌𝑐𝑖 , 𝜌𝑖𝑟 boundaries are symbolic
placeholders representing fixed values for illustration purposes

ALGORITHM 1: Index synthesis
Input :object collection O, query workload Q, parameter 𝑘
Output : index configuration I∗
Variables : top-𝑘 configuration list 𝐾 organized by evaluation cost

𝐶 ( ·, Q)
1 I∗ ← ∅; ⊲ 𝐶 (I∗, Q) = ∞
2 foreach template T ∈ S(O) do

⊲ selection phase

3 𝐾 ← ∅; ⊲ initialize top-𝑘 list

4 synthesize candidate configurations from T; ⊲ sample T’s design

space

5 foreach candidate configuration I do
6 calculate𝐶 (I, Q) ;
7 if 𝐶 (I, Q) < 𝐶 (𝐾.top( ), Q) then
8 update top-𝑘 configurations with I; ⊲ update 𝐾

⊲ refinement phase

9 repeat
10 synthesize candidate configurations from 𝐾 ; ⊲ local search

11 𝐾 ← ∅; ⊲ reset top-𝑘 configurations

12 foreach candidate configuration I do
13 calculate𝐶 (I, Q) ;
14 if 𝐶 (I, Q) < 𝐶 (𝐾.top( ), Q) then
15 update top-𝑘 configuration with I; ⊲ update 𝐾

16 until no cost improvement observed;

17 if 𝐶 (I∗, Q) > 𝐶 (𝐾.top( ), Q) then
18 I∗ ← 𝐾.top( ) ; ⊲ update best configuration so far

19 return I∗ ;

We elaborate on how the two phases navigate the design space
of a template T . For this, we construct a multi-dimensional space
defined by the variables in the template’s configuration as dimen-
sions; the extent of this space is set according to the value ranges
provided for the variables in the configuration. Each concrete index
configuration that materializes T is a point in this space whose
coordinates correspond to its specific variable values. The selection
phase in Algorithm 1 conducts a grid search in Line 4 over the
template’s multi-dimensional space to systematically sample con-
figurations at regular intervals across each parameter dimension;
the grid granularity (resolution) is a system, tunable parameter.
This sampling process provides good coverage and is effective for
the low-dimensional parameter spaces typically found in our index
configurations. Figure 5 (middle) shows the 3-dimensional design
space for our example template (left), based on the ?𝑚, ?𝛼 and ?𝛽

variables; the figure also plots the configurations sampled by the
grid search, which correspond to the center of every cube cell. The
best 𝑘 of the sampled configurations (with the lowest expected cost)
serve as anchors for local search during the refinement phase.

The refinement phase recursively employs grid-based sampling
to search subspaces of T ’s design space. At each round, Algorithm 1
iterates over every candidate configuration selected in the previous
round, and defines new configurations in close vicinity. Essentially,
the algorithm applies the same grid-based sampling employed by
the selection phase but now in the subspace defined around every
configuration. Returning to Figure 5, assume that the selection pro-
cess picked the 3 configurations that center the yellow shaded cells.
The first round of the refinement phase applies the grid-based sam-
pling to the subspace defined by each yellow cell, synthesizing 𝑘′
(from every cell) candidate configurations, with 𝑘′ ≤ 𝑘 . Finally, the
algorithm selects the 𝑘 index configurations from this round with
the lower expected cost 𝐶 (·, 𝑄), which will act as the new anchor
points for the next round to sample their subspace. The refinement
phase terminates when we observe no cost improvement in the
selected synthesized configurations between two rounds, although
in practice, we typically set a maximum number of rounds.13

Finally, the right part of Figure 5 exemplifies the evaluation
of the index configurations. In our current implementation, the
𝐶 (I,Q) cost is a function of the query throughput and the space
requirements; the figure shows the numbers for the top-3 candidate
index configurations picked by the selection phase.

Complexity analysis. Each template T undergoes the selection
phase and 𝜌 rounds of refinement, all performing a grid search
at a granularity 𝑔 over the 𝑑-dimensional variable space. So, the
per template cost is 𝑂

(
(𝑔𝑑 + 𝜌𝑘𝑔𝑑 ) · 𝑐 𝑓

)
, where 𝑘 is the number of

selected candidate configurations and 𝑐 𝑓 is the cost of computing
the C(·,Q) of a candidate. Overall, with 𝜏 templates, Algorithm 1
runs in 𝑂

(
𝜏 (𝑔𝑑 + 𝜌𝑘𝑔𝑑 ) · 𝑐 𝑓

)
. With this cost scaling linearly to 𝜏 , 𝑘

and 𝜌 , considering additional templates, candidates, or refinement
rounds incurs only proportional overheads. Also, although the grid
search incurs the exponential 𝑔𝑑 cost, in practice we expect a low 𝑑

value; in our tests 𝑑 ≤ 5 (see Figure 10). Yet, for high-dimensional
spaces, grid search can be replaced by (quasi-)random sampling

13For our experiments we set this number to 3.
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under a fixed budget, decoupling the candidates count from 𝑑 ; we
list gradient-guided exploration in Section 8 as future work.

Remarks. We follow up on our discussion in Section 3.4. After a
large number of updates, the quality of the index may deteriorate,
affecting the query performance. A common practice in this case is
to drop and re-synthesize the index, accommodating the updated
characteristics of the data objects. We handle workload shifts anal-
ogously. The key is to monitor the workload features over time and
apply a statistical divergence test (e.g., a two-sample Kolmogorov–
Smirnov test) against the reference distribution during synthesis.
Upon a significant deviation, the index is re-synthesized. Last, when
no workload Q is yet available (cold start), we capitalize on [56]’s
findings building the on-average best structure irHINT, until a rep-
resentative workload is formed from accumulated query statistics.

5 LEARNED COST MODEL
Calculating the 𝐶 (I,Q) cost for an index configuration I on the
available query workload Q is critical to our synthesis process (see
Lines 6 and 13 in Algorithm 1). Although we need to evaluate a
sample out of all possible configurations, constructing these indices
and executing the queries to calculate their𝐶 (I,Q) is prohibitively
expensive. Instead, we devise a novel Learned Cost Model (LCM)
able to approximate 𝐶 (I,Q) without physically testing the index,
allowing 𝑐 𝑓 and Algorithm 1’s overall cost, to be independent of
the input size |O|.

5.1 Model
LCM solves a supervised regression problem, predicting continuous-
valued evaluation metrics P from statistics describing the object
collection O and the query workload Q. Specifically, it defines a
𝑓lcm mapping that predicts P for individual time-travel IR queries
𝑞 ∈ Q processed by an index configuration I:

𝑓lcm : ⟨Ostats, 𝑞stats,I⟩ → P

where Ostats represents object collection metrics and 𝑞stats captures
𝑞’s individual characteristics (Section 5.2). In our implementation,P
includes query throughput and index size, but the model can be ex-
tended to support other evaluation metrics (e.g., index construction
time, maintenance costs).

We realize 𝑓lcm as a neural network parameterized by weights
and biases𝜃 . On training, we optimize𝜃 tominimize the discrepancy
between predicted and observed evaluation metrics.14 The training
dataset consists of samples collected from actual query executions:

{(X (𝑖 ) ,P (𝑖 ) ) | 𝑖 = 1, . . . , 𝑛}

where X (𝑖 ) = ⟨O (𝑖 )stats, 𝑞
(𝑖 )
stats,I (𝑖 ) ⟩ represents the input features for

the 𝑖-th training example. The training objective is to find optimal
parameters 𝜃∗ = argmin𝜃 Ltotal (𝜃 ), where the total loss is the

14The definition of 𝑓lcm is orthogonal to the model implementation. In practice, we
use two neural networks, one for the throughput and the other for index size. The
latter does not take 𝑞 as input since the index size is query-independent. Single-metric
prediction (throughput or index size) may be preferable to multi-metric prediction, as
it simplifies training and improves accuracy.

average of per-sample losses:15

Ltotal (𝜃 ) =
1
𝑛

𝑛∑︁
𝑖=1
Lsample (𝑓lcm,𝜃 (X (𝑖 ) ),P (𝑖 ) )

The per-sample loss Lsample (p, p̂) measures the prediction error for
individual training examples. We employ a weighted mean squared
error over the𝑚 evaluation metrics:

Lsample (p, p̂) =
1
𝑚

𝑚∑︁
𝑗=1

𝑤 𝑗
(
𝑝 𝑗 − 𝑝 𝑗

)2
where p, p̂ are the true, predicted values, and vector w has metric-
specific weights for certain evaluation measures during training.16

5.2 Statistics
We utilize a variety of metrics to statistically characterize an object
collection O and a query workload Q which reflect the key cost
primitives identified in [56]. Collection metrics capture the input
scale. Specifically, we consider its cardinality Ocard = |O| as the
number of contained objects, the extent of its time domain Odom =

O .𝑡𝑒𝑛𝑑 − O .𝑡𝑠𝑡𝑎𝑟𝑡 = max𝑜∈O 𝑜.𝑡𝑒𝑛𝑑 − min𝑜∈O 𝑜.𝑡𝑠𝑡𝑎𝑟𝑡 , the size of
the global dictionary as Odict = |D|, and the collective length of
object descriptions as Opost =

∑
𝑜∈O |𝑜.𝜓 |.

The element frequency distribution in IR objects typically follows
a Zipfian law, where few elements appear frequently while most are
rare, however, our model is able to accommodate any distribution.
For this purpose, we encode the empirical rank-frequency profile
at logarithmically spaced ranks: for each sample position 𝑠 , we
record the element’s frequency O𝑠freq. Together with quantile-based
summaries, these features capture the observed distribution shapes
efficiently. Last, O’s temporal distribution captures the relationship
between time extent and object complexity. We sort objects by their
time span, i.e., 𝑜.𝑡𝑒𝑛𝑑 − 𝑜.𝑡𝑠𝑡𝑎𝑟𝑡 and partition them into quantile-
based bins of approximately equal size. For each bin 𝑗 , we record its
range [O 𝑗span-min,O

𝑗
span-max], average element count O 𝑗elem-avg, and

standard deviation O 𝑗elem-dev (calculated using log-normal modeling
to account for multiplicative variability). This captures how object
complexity varies with temporal scope.17

For a query 𝑞 in the workload Q, 𝑞stats includes statistical metrics
that capture 𝑞’s selectivity, predicate structure, and access pattern.
Specifically,We record the normalized𝑞start-rel = 𝑞.𝑡𝑠𝑡𝑎𝑟𝑡 /Odom and
𝑞end-rel = 𝑞.𝑡𝑒𝑛𝑑/Odom positions relative to the collection’s time do-
main, as well as the logarithmic extent 𝑞extent-rel-log = log((𝑞.𝑡𝑒𝑛𝑑 −
𝑞.𝑡𝑠𝑡𝑎𝑟𝑡 )/Odom); the element count 𝑞elem-cnt = |𝑞.𝜓 |. Finally, to
characterize the distribution of element ranks within each query,
we compute the logarithmic rank of every element (relative to the
dictionary size) and record the top-𝑘 ranks as 𝑞1rank-log, . . . , 𝑞

𝑘
rank-log.

This compactly encodes the diversity and selectivity of query pred-
icates, allowing LCM to distinguish between queries targeting rare
versus common elements, and between narrow versus broad tem-
poral ranges. Intuitively, among the selected workload metrics,

15In the probabilistic formulation, this corresponds to minimizing the negative log-
likelihood Ltotal (𝜃 ) = −∑𝑛

𝑖=1 log Pr(P (𝑖 ) | X (𝑖 ) ;𝜃 ) , quantifying how well the
model explains observed evaluation metrics.
16E.g., we penalize the misprediction of Pthroughput higher than Psize .
17We assume that element frequencies in 𝑜.𝜓 do not vary per extent bin. We also do
not model temporal skewness of the indexed objects.
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rank-frequency and query-rank features expose list-scanning and
selectivity; query extent and positions capture temporal pruning;
and query element count captures list-intersection cost.

To encode an index configuration I, we employ one-hot encod-
ing for categorical features. Specifically, we one-hot encode the par-
titioning type (none, dictionary-based, time-based) and represent
partition boundaries as normalized continuous values. We further
one-hot encode the indexing structure and algorithm choices (e.g.,
irHINT, tIF+HINT, base tIF), and represent their tunable parameters
as continuous features. This encoding scheme allows the neural
network to learn interactions between design choices and their
impact on performance across varying workload characteristics.

5.3 Implementation
We implement LCM as a neural network with fully connected layers
and ReLU activations, decreasing from input dimension 𝑑𝑖𝑚(X) to
output dimension 𝑑𝑖𝑚(P); features with exponential-scale varia-
tion are log-transformed; detailed hyper-parameters in Section 6.

For robust generalization, we generate diverse synthetic training
data spanning varying cardinalities, domain sizes, selectivities, and
distribution patterns. Our tests in Section 6 show that training on
synthetic data enables effective prediction for real collections, even
without explicit training on similar real data. Also, with this design
choice, neither updates in the input features nor shifts in query
patterns affect our cost model and so, no re-training is necessary.

For parameter updates, we employ AdamW [37, 43], whose direct
regularization helps mitigate overfitting by encouraging smaller
weights, which aids generalization.18 A reduce-learning-rate-on-
plateau scheduler monitors validation loss and reduces the learning
rate 𝜂 when improvement stalls for a set patience interval. Early
stopping triggers after a specified number of non-improving epochs.
Since query execution exhibits natural variability due to system
load and cache states, the stopping threshold is set to account for
this measurement noise, ensuring that the model captures genuine
patterns rather than transient fluctuations.

The model scope is adaptable: input or output dimensions can be
omitted when constant or irrelevant (e.g., Ostats for similar collec-
tions, or 𝑞stats for size prediction). Mapping 𝑓lcm can incorporate
hardware-specific features into X; transfer learning then enables
adaptation to new platforms with limited target-specific data.

6 EXPERIMENTAL ANALYSIS
We conducted our analysis on a dual Intel(R) Xeon(R) CPU E5-2630
v4 clocked at 2.20GHz with 512 GBs of RAM running AlmaLinux
8.5 (Kernel 4.18.0). We implemented our indexing framework with
all temporal IR structures from Section 2.2 inC++19, compiled using
gcc (v13.3.0)with flags -O3 -mavx -march=native.20 For our Learned

18Let 𝑔 (𝑡 ) = ∇𝜃 L (𝑡 ) denote the gradient of the loss at iteration 𝑡 . AdamW computes
exponentially weighted moment estimates of the gradients: the first moment𝑚 (𝑡 ) =
𝛽1𝑚

(𝑡−1) + (1 − 𝛽1 )𝑔 (𝑡 ) and the second moment 𝑣 (𝑡 ) = 𝛽2𝑣 (𝑡−1) + (1 − 𝛽2 ) (𝑔 (𝑡 ) )2 ,
where the square is taken elementwise. Bias-corrected estimates are computed as
𝑚̂ (𝑡 ) =𝑚 (𝑡 ) /(1 − 𝛽𝑡1 ) and 𝑣 (𝑡 ) = 𝑣 (𝑡 ) /(1 − 𝛽𝑡2 ) . AdamW decouples weight decay
from gradient-based optimization by applying it directly to the parameters: 𝜃 (𝑡+1) =
(1 − 𝜂𝜆)𝜃 (𝑡 ) − 𝜂 𝑚̂ (𝑡 ) /(

√
𝑣 (𝑡 ) + 𝜖 ) , where 𝜂 denotes the learning rate and 𝜆 the

weight decay coefficient.
19Code for tIF variants and irHINT from https://github.com/chrauch/irhint.
20Our source code is available in https://github.com/chrauch/synthdex.

Table 1: Dataset characteristics

ECLOG [10, 56] WIKIPEDIA [56] DIGINETICA [48]

Cardinality 300311 1672662 573935
Size [MBs] 171 4715 768
Time domain [secs] 15807599 126230391 24527463
Min / max interval duration [secs] 1 / 15802098 1 / 126169456 1 / 12780663
Avg interval duration [%] 8.4 5.2 0.25
Dictionary size [# elements] 178478 927283 130987
Min / max description size [# elements] 1 / 14399 1 / 6982 1 / 12097
Avg description size [# elements] 72 367 173
Min / max element frequency 1 / 140423 1 / 1671696 1 / 31896
Avg element frequency [%] 0.04 0.05 0.18

Figure 6: Dataset statistics

Cost Model (training and design space navigation), we used Python
3.12.3, PyTorch 2.8.0, NumPy 2.3.2, pandas 2.3.2 and scikit-learn
1.7.1. All data, i.e., inputs and indices, reside in main memory.

6.1 Setup

Datasets. We experimented with 3 real-world datasets (2 provided
by [56]); Table 1 summarizes their characteristics and Figure 6
shows the distribution of their interval duration and the frequency
distribution of their elements. ECLOG [10, 56] contains e-commerce
data on HTTP requests, from Dec 1, 2019 to May 31, 2020. Every
session is an object 𝑜 where 𝑜.𝑡𝑠𝑡𝑎𝑟𝑡 , 𝑜.𝑡𝑒𝑛𝑑 are the timestamps of
the first, last requests in the session; 𝑜.𝜓 stores the requested URIs.
WIKIPEDIA [56] contains all versions of 100K random articles from
2020 to 2024. Each object 𝑜 is a version with its creation timestamp
𝑜.𝑡𝑠𝑡𝑎𝑟𝑡 and the creation timestamp 𝑜.𝑡𝑒𝑛𝑑 of the next version; 𝑜.𝜓
stores the terms in each version. DIGINETICA was created from
the Personalized E-commerce Search CIKM 2016 Challenge [48].
Every session is an object 𝑜 with 𝑜.𝑡𝑠𝑡𝑎𝑟𝑡 , the timestamp of the first
user query issued in the session and 𝑜.𝑡𝑒𝑛𝑑 , of the last; 𝑜.𝜓 stores
all product ids returned as results in the queries.

Workloads. To assess our synthesis process and showcase adaptive
temporal IR indexing, we defined 19 types of time-travel IR query
workloads that represent different querying patterns and contexts.
For this, we control the extent of the query time intervals and their
distribution in the time domain (temporal skewness). Further, we
control the length of the query description |𝑞.𝜓 | and the selectivity
of the query elements, i.e., how frequently they appear in a dataset.

Table 2 summarizes the features of the tested workload types.
The first 8 workloads stem from the default query setting BASE
in [56], i.e., time-travel IR queries with |𝑞.𝜓 | = 3 elements, where
each element is sampled independently from the element frequency
distribution of O (i.e., Pr[𝑒] ∝ freq(𝑒,O)), and with a time inter-
val covering 0.1% of the time domain, uniformly distributed inside
it. Each new workload is defined by deviating from BASE on one
query feature. We have LOW, HIGH when varying element fre-
quency, SHORT, LONG when varying the temporal query extent

https://github.com/chrauch/irhint
https://github.com/chrauch/synthdex
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Table 2: Tested workloads; parameters deviating from BASE
marked in bold; ratios for mixed workloads in parentheses

workload |𝑞.𝜓 | elem. freq. [%]temp. ext. [%dom.]skew [%dom.]

BASE 3 0–100 0.1 0–100
MANY 4–9 0–100 0.1 0–100
FEW 1–2 0–100 0.1 0–100
LOW 3 0–0.1 0.1 0–100
HIGH 3 0.1–100 0.1 0–100
SHORT 3 0–100 0–0.1 0–100
LONG 3 0–100 0.1–10 0–100
RND 1–9 varied varied 0–100

MANY + HIGH + SHORT (M+H+S) 4–9 0.1–10 0–0.1 0–100
MANY + HIGH + LONG (M+H+L) 4–9 0.1–10 0.1–10 0–100
MANY + LOW + SHORT (M+L+S) 4–9 0–0.1 0–0.1 0–100
MANY + LOW + LONG (M+L+L) 4–9 0–0.1 0.1–10 0–100
FEW + HIGH + SHORT (F+H+S) 1–2 0.1–10 0–0.1 0–100
FEW + HIGH + LONG (F+H+L) 1–2 0.1–10 0.1–10 0–100
FEW + LOW + SHORT (F+L+S) 1–2 0–0.1 0–0.1 0–100
FEW + LOW + LONG (F+L+L) 1–2 0–0.1 0.1–10 0–100

SELECTIVE (2:1) 1 0–0.1 0.1–100 0–100
&BROAD (S&B) 1–3 0–100 0–0.1 0–100
SELECTIVE-WIDE (20:1) 3 0–0.01 1–10 0–100
&BROAD-NARROW (SW&BN) 1–2 1–100 0–0.01 0–100
HOT (20:1) 3 0–0.01 5–10 70–100
&COLD (H&C) 3 1–100 0–0.01 0–80

and FEW, MANY when varying |𝑞.𝜓 |. The RND workload samples
all parameters uniformly across logarithmically spaced ranges, en-
suring balanced coverage across multiple orders of magnitude. The
next 8 workloads systematically combine meaningful selections of
the LOW /HIGH, SHORT /LONG, and FEW /MANY traits to provide
better coverage of the workload space. Every trait contributes its
key feature to the combined workload; e.g., FEW + LOW + SHORT
inherits |𝜓 | ∈ [1, 2] from FEW, 0–0.1% element frequency from
LOW and 0–0.1% extent of from query interval SHORT.

We also defined 3 deliberately contrastive mixed workloads
that combine opposing selectivity profiles, creating conditions in
which a partitioned index ensemble is particularly beneficial. SE-
LECTIVE&BROAD (S&B) pairs element-selective queries (rare el-
ements, wide temporal extent) with element-broad queries (any
frequency, narrow extent); SELECTIVE-WIDE&BROAD-NARROW
(SW&BN ) sharpens this contrast by combining very rare elements
with wide extents against common elements with narrow extents.
HOT&COLD (H&C) introduces temporal skew: HOT queries con-
centrate on the recent portion of the domain (skew 70–100%) with
rare elements and wide extents, while COLD queries address histor-
ical data (skew 0–80%) with common elements and narrow extents.
Last, in Section 6.4 we test even more mixed workloads.

Queries. We generated 10K queries per workload; 10% used as the
representative workload for the synthesis process to construct the
adaptive index, and 90%, to assess the performance of the synthe-
sized indices against the competitors in Section 2.2. For the latter,
we run every query 10 times and took its median execution time.

6.2 LCM design, hyper-parameters and training
We first elaborate on LCM’s implementation, justifying at the same
time our design decisions and our feature selection in Section 5.2.

Model architecture. To determine the underlying multi-layer per-
ceptron design, we evaluated 5 neural networks with capacities
from ∼400K to ∼6K trainable parameters and the following hidden
layers: 𝑋𝐿 = 512→512→128→64→32→16, 𝐿 = 256→256→128→
64→32→16, 𝑀 = 256→128→64→32→16, 𝑆 = 128→128→32→16,
and 𝑋𝑆 = 64→32→16. Figure 7 shows that ranking quality remains

Table 3: LCM hyper-parameters

hyper-parameter value
MLP Layers and dimensions 57 (in)→128→64→32→16→2 (out)
Activation function ReLU
Learning rate 2×10−3
Weight decay 10−4
Loss function weighted MSE
Gradient clip norm 1.0
Batch size and epochs 64 and 30
Early stop 5
Reduce LR (fac., pat., min.) 0.5, 3, 10−6
Data split (train/val.) 9:1 (dataset-level)

Table 4: Sampling ranges for generating LCM train datasets

parameter sampling range

Global cardinality Ocard [104.0, 106.3 ]
temporal domain Odom [106.0, 108.2 ]

Per extent bin max extent O 𝑗
ext-max [100, 108.2 ]

(𝐽 =8 bins in total) avg. elements per bin O 𝑗

elem-avg [1, 102.7 ]
element std. dev. O 𝑗

elem-dev [10−1, 103.1 ]
Per frequency bin
(𝐾 =12 bins in total) Rank upper bound O𝑘hi [100.3, 106.0 ]

stable around Kendall’s 𝜏 = 0.91 as capacity decreases and drops
only for the𝑋𝑆 . We therefore selected 𝑆 as the smallest architecture
without a noticeable loss in ranking quality.21 Network 𝑆 trains at
least 4 times faster than 𝑋𝐿 and less than 50% slower than 𝑋𝑆 .

On the grounds of the ranking quality again in Figure 7, we
decided to describe input collection O using 8 extent bins and 12
element-frequency bins. This representation yields a total of 57
features for the (Ostats, 𝑞stats,I) input space and two evaluation
metrics, throughput and space, as output in P. Overall, Tables 3
and 4 (1st column) list the hyper-parameters for our learned cost
model and the parameters for the training datasets, respectively.
Apart from the architecture and feature representation, we set the
remaining neural-network, optimization, and train/validation-split
hyper-parameters in Table 3, to commonly used defaults [55].

Model training. To train our generic LCM, we generated synthetic
random datasets. Each dataset O was constructed by sampling its
Ostats uniformly from ranges spanning real-world datasets with
at least a ±10% margin (Tables 1 and 4). We then materialized the
objects in O from Ostats22, and generated a query workload Q of
1000 queries and varied characteristics, using the RND workload.
For each (O,Q) pair, we constructed and measured multiple in-
dex configurations I from our design space (Figure 10), sampling
each template according to its dimensionality: 1 configuration per
parameter-free template (e.g., base tIF), 2 per single-parameter tem-
plate (e.g., irHINT), 4 per two-parameter template (e.g., tIF vari-
ants), and 10 per five-parameter template (partitioned ensemble
indices).23 Resulting (Ostats, 𝑞stats,I,P) formed the training set.

To tune the training corpus size and gauge the achievable accu-
racy, we incrementally add batches of 50 synthetic collections (with
10 random configurations), re-train, and evaluate on a held-out set
21Rigorous 𝑘-fold cross-validation could identify the smallest adequate architecture.
22To accelerate the generation, we (1) skipped datasets of raw size over 8 GB, (2)
imposed a 400 MB limit for 90% of generated datasets, (3) manually excluded configu-
rations deemed too costly or of little value, and (4) subsampled statistics.
23Reducing these numbers lowers quality below 𝜏 = 0.91 of network 𝑆 in Figure 7.
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Figure 9: Cumulative training cost
per template; Synthesis tuning;
LCM generalization and accuracy

of 50 collections (10 configurations, 1000 queries each).24 Training
stops when validation error reaches the measurement noise floor.25
Figure 9 (top) shows the cumulative cost for generating the train-
ing data and actual training per template, while Figure 9 (bottom)
reports the mean absolute error MAE = 1

𝑛

∑𝑛
𝑖=1 | log𝑦𝑖 − log𝑦𝑖 | on

log-transformed predictions. As expected, the total cost rises when
increasing the corpus size. However, with respect to how accurately
the model estimates the index size and query throughput, we ob-
serve that both curves drop sharply up to 100 collections and then
flatten; from 300 onward the throughput MAE approaches natural
fluctuations, yielding diminishing returns. Under this, our corpus
has 300 collections producing an accurate, synthesis-ready LCM
from scratch in less than 15 hours per template.

Model accuracy and inference efficiency. We further elaborate
on LCM’s accuracy and efficiency, both critical for our synthesis
process. To measure the former, we query 100 synthetic collections
under variations of the RND workload with |Q| = 1000. For each
collection, we selected up to 𝑛 = 5 candidates within 50% of the
predicted best throughput and at least 8% apart, exceeding the
∼6% noise floor. We then tested the candidates and compared their
predicted rankings using Kendall’s 𝜏 . We obtained a mean 𝜏 = 0.91
and a top-1 accuracy = 95%, confirming how reliable and accurate
LCM ranking is and providing empirical evidence that the selected
statistics capture the necessary information to determine promising
configurations.26 Regarding how fast LCM estimates C(·,Q) costs,
we tested 3 probe sizes |Q| ∈ {100, 1000, 10000} for which LCM
evaluates over 5000, 1800, 200 configurations per sec, respectively.

6.3 Synthesis process and index construction
We next elaborate on the synthesis process, justifying our design
choices and studying the index cost of synthesized configurations.

Template definition and calibration. We created a catalog of
15 templates after extensively experimenting with the temporal
IR indices in Section 2.2; Figure 10 lists our catalog. The first 5
templates model single-structure indices, allowing the synthesis
process to potentially recommend a traditional index. Every struc-
ture in Section 2.2 has its own template; variables are included for
24Each round reuses earlier data, up to 400K training and 100K validation (Ostats, 𝑞stats,
I, P) tuples; these thresholds roughly balance data-generation and training time.
25We measured the noise floor (natural throughput fluctuation) at ∼6% using 50
synthetic collections, 10 configurations per collection, 5 runs with shuffled queries.
26Accuracy tests on our real datasets confirmed these findings.

{"structure":"tif;base"}

{"structure":"tif;slicing;?𝛼[1.8,2.6];?𝛽[0.3,0.9]"}

{"structure":"tif;sharding;?𝛼[1.8,2.8];?𝛽[0.3,1.6]"}

{"structure":"tif;hint;merge-sort;?𝛼[1.3,4.0];?𝛽[0.5,4.0]"}

{"structure":"irhint;performance;?𝑚[5,16]"}

{"partitioning":"time-based", "mode":"split", "terminals": [
{"range":"?𝑡[0.55,0.95], 1", "structure":"tif;base"},
{"range":"0, ?𝑡", "structure":"irhint;performance;?𝑚[5,16]"} ] }

{"partitioning":"time-based", "mode":"split", "terminals": [
{"range":"?𝑡[0.55,0.95], 1", "structure":"tif;slicing;?𝛼[1.8,2.6];?𝛽[0.3,0.9]"},
{"range":"0, ?𝑡", "structure":"irhint;performance;?𝑚[5,16]"} ] }

{"partitioning":"time-based", "mode":"split", "terminals": [
{"range":"?𝑡[0.55,0.95], 1", "structure":"tif;hint;merge;?𝛼[1.3,4.0];?𝛽[0.5,4.0]"},
{"range":"0, ?𝑡", "structure":"irhint;performance;?𝑚[5,16]"} ] }

{"partitioning":"time-based", "mode":"split", "terminals": [
{"range":"?𝑡[0.55,0.95], 1", "structure":"tif;irhint;performance;?𝑚[5,16]"},
{"range":"0, ?𝑡", "structure":"tif;base"} ] }

{"partitioning":"time-based", "mode":"split", "terminals": [
{"range":"?𝑡[0.55,0.95], 1", "structure":"tif;irhint;performance;?𝑚[5,16]"},
{"range":"0, ?𝑡", "structure":"tif;slicing;?𝛼[1.8-2.6];?𝛽[0.3-0.9]"} ] }

{"partitioning":"time-based", "mode":"split", "terminals": [
{"range":"?𝑡[0.55,0.95], 1", "structure":"tif;irhint;performance;?𝑚[5,16]"},
{"range":"0, ?𝑡", "structure":"tif;hint;?𝛼[1.3-4.0];?𝛽[0.5-4.0]"} ] }

{"partitioning":"dictionary-based", "mode":"refine", "terminals": [
{"range":"?𝜌1[0.80,0.95], 1", "structure":"tif;base"},
{"range":"?𝜌2[0.65,0.78], ?𝜌1", "structure":"tif;slicing;?𝛼[1.8,2.6];?𝛽[0.3,0.9]"},
{"range":"0, ?𝜌2", "structure":"irhint;performance;?𝑚[5,16]"} ] }

{"partitioning":"dictionary-based", "mode":"refine", "terminals": [
{"range":"?𝜌1[0.80,0.95], 1", "structure":"tif;base"},
{"range":"?𝜌2[0.65,0.78], ?𝜌1", "structure":"tif;hint;merge;?𝛼[1.3,4.0];?𝛽[0.5,4.0]"},
{"range":"0, ?𝜌2", "structure":"irhint;performance;?𝑚[5,16]"} ] }

{"partitioning":"dictionary-based", "mode":"refine", "terminals": [
{"range":"?𝜌1[0.65,0.95], 1", "structure":"tif;slicing;?𝛼[1.8,2.6];?𝛽[0.3,0.9]"},
{"range":"0, ?𝜌2", "structure":"irhint;performance;?𝑚[5,16]"} ] }

{"partitioning":"dictionary-based", "mode":"refine", "terminals": [
{"range":"?𝜌1[0.65,0.95], 1", "structure":"tif;hint;merge;?𝛼[1.3,4.0];?𝛽[0.5,4.0]"},
{"range":"0, ?𝜌1", "structure":"irhint;performance;?𝑚[5,16]"} ] }

Figure 10: Configuration templates catalog

adaptive parameter tuning (Section 3.3) with the exception of tIF
where we have a concrete configuration. The next 6 templates are
for the time-based partitioning scheme. Our empirical analysis and
testing showed that utilizing a single time point 𝑡 to distinguish
between recent and historical objects is a good splitting strategy.
To determine a value range for ?𝑡 , we conducted the calibration
study in Figure 8 (top row) over 100 random synthetic collections,
each with 10 random configurations and RND + H&C workload
variations. Under this, we set ?𝑡 range as [0.55, 0.95], assuming a
normalized [0, 1] time domain for the input collection. The last 4
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templates are for dictionary-based partitioning, modeling 2 alterna-
tive strategies: (1) the common-infrequent-rare split we discussed
in Section 3.1, which results into 3 partitions, and (2) a common-
rare split, which results into 2 partitions. The 3-way split derives
naturally from our building blocks which are either time-first or
IR-first (see prior findings in [56]). With common elements, time-
first processing (i.e., irHINT) narrows down the candidates faster.
Infrequent elements benefit from IR-first processing (i.e., tIF vari-
ants with base tIF being the best choice for rare elements where no
further temporal sub-partitioning pays off). The 2-way split is an al-
ternative, coarser access pattern inspired by [57]. Rank boundaries
are modeled as variables whose value ranges are again determined
by the calibration study in Figure 8 (top row), which evaluates RND
variations over 100 random synthetic collections with 10 random
configurations per collection.

In both partitioning schemes, the templates consider different
choices for the structures in the terminal nodes. For their tuning
(apart from base tIF), we used the calibration study in Figure 8
(bottom row) to determine the best value ranges of ?𝛼 , ?𝛽 for each
tIF variant and ?𝑚 for irHINT.

Synthesis calibration. We tested combinations of grid-search sam-
pling granularity𝑔 ∈ {2, 3, 4} and the number of selected candidates
𝑘 ∈ {3, 5, 10} using a 5-dimensional template.27 For 100 random
synthetic collections with 10 RND variations each, Figure 9 reports
the worst throughput degradation relative to the top reference
configuration, and the per-template search time. We observe that
synthesis quality is sensitive to the grid granularity 𝑔, dropping
significantly at 𝑔 = 2 but is relatively insensitive to 𝑘 once 𝑔 ≥ 3.
Under this, we set 𝑔 = 3 and 𝑘 = 10 which achieves 99% of the
reference performance in ∼2 secs per 5-dimensional template (at
|Q| = 1000), providing an effective operating configuration.

Indexing costs. We now report the costs of synthesized indices.
Figure 11 compares the build time and the index size of the single-
structure solutions in Section 2.2 against the synthesized index
in each workload; we call the latter SynthDex, denoted by a “Sy”
prefix. As expected, SynthDex numbers vary between workloads
proving that a different index is indeed built in each case, with
different structures and partitioning; although in some cases, the
synthesis process may also determine a single-index configuration
as the best. Overall, we observed that building an adaptive ensemble
index does not incur a significant overhead. SynthDex’s build times
are comparable to irHINT’s which was shown in [56] typically the
fastest index for time-travel IR queries. The synthesis process itself
incurs a fixed overhead of less than 40 secs for the entire template
catalog which is significantly fasterthan manually tuning a tIF vari-
ant or irHINT. The index size also varies according to the workload;
SynthDex is on average 12% smaller than irHINT on ECLOG, 11%
smaller on WIKIPEDIA, and 10% larger on DIGINETICA. These
space savings can be achieved alongside performance gains because
SynthDex often selects a simpler tIF variant when the LOW trait
is dominant, avoiding temporal over-partitioning or unnecessary
ensemble components. We discuss the query-processing gains next.

27We set the number of refinement rounds 𝜌 = 3; we saw no improvement with larger
values. The 5-dimensional template is the most complex and challenging in our catalog.

Table 5: Query performance for mixed workloads

M+H+S M+H+L M+L+S M+L+L F+H+S F+H+L F+L+S F+L+L
M+H+S 68% 17% 11% 25% 69% 46% 50%
M+H+L 65% 41% 52% 58% 109% 84% 83%
M+L+S 0% 31% 0% 22% 42% 4% 4%
M+L+L 0% 22% 0% 8% 50% 0% 1%
F+H+S 25% 57% 0% 0% 66% 43% 38%
F+H+L 73% 116% 38% 33% 63% 58% 49%
F+L+S 38% 74% 6% 3% 37% 61% 0%
F+L+L 42% 71% 3% 1% 42% 52% 0%

6.4 Comparison on query processing
Figure 12 reports the query throughput of SynthDex against the
Section 2.2 single-structure competitors, across all workloads and
datasets. Indices tIF+Slicing, tIF+Sharding, tIF+HINT and irHINT
were tuned to BASE following [56]. As discussed for Figure 1,
irHINT outperforms competition in several workloads, but there is
still no single-structure solution dominating across all workloads.
irHINT leads on ECLOG, WIKIPEDIA for medium-to-high element
frequency workloads but the IR-first solutions prevail for very se-
lective elements (LOW ). On the temporally skewed DIGINETICA,
tIF+Slicing often competes with or outperforms irHINT. In contrast,
we observe that our synthesized adaptive indices consistentlymatch
or often outperform the single-index competitors, always coping
with the special characteristics of every workload. Our synthesis
frequently selects ensemble indices, especially when the workload
combines diverse selectivity profiles that no single-structure in-
dex can simultaneously address. Even when a single structure is
the fastest, our adaptive parameter tuning ensures that the recom-
mended index configuration is well-suited to the workload.

For non-mixedworkloads on ECLOG andWIKIPEDIA, SynthDex
matches or slightly exceeds the best single-structure solution, cor-
rectly identifying the most suitable structure. On DIGINETICA,
SynthDex already delivers substantial gains (e.g., +42% on BASE,
+75% on HIGH, +50% on FEW ), as DIGINETICA’s skewed temporal
distribution (over 98% of objects in the first 60% of the domain)
makes ensemble indexing with time-based partitioning worthwhile
even under uniform query characteristics.We observe similar trends
also for the 8 workloads defined as combinations of the LOW /HIGH,
SHORT /LONG, and FEW /MANY ones. On RND, the synthesized
configuration reaches up to 3.7× the best baseline on WIKIPEDIA,
confirming robustness even under unpredictable query mixes.

The most pronounced gains for SynthDex though arise on mixed
workloads. On S&B, dictionary-based partitioning routes rare el-
ements to an IR-first structure and frequent elements to irHINT,
yielding +20% on ECLOG, 2.2× on WIKIPEDIA and +40% on DIGI-
NETICA over the best single-structure index. The advantage grows
on SW&BN : 2.3× on ECLOG, 2.1× on WIKIPEDIA, 2.5× on DIGI-
NETICA. On H&C, time-based partitioning enables independent
optimization of recent and historical data, improving throughput
by 55% on ECLOG, 76% on WIKIPEDIA and 76% on DIGINETICA.

To further assess mixed workloads, we tested pairwise mixtures
of the eight workloads defined from the LOW /HIGH, SHORT /LONG,
and FEW /MANY traits.28 Table 5 reports the average performance
advantage of SynthDex over the best single-structure competitor,
across all datasets. The lower triangle contains regular mixes, and

28Mix ratios were chosen to roughly balance the processing time of the constituents.
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Figure 11: Comparison on indexing costs; workload-agnostic single-structure competitors represented by a single bar; ”Sy”
prefix denotes the synthesized index per workload
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Figure 12: Comparison on query performance

the upper triangle, temporally skewed mixes. The largest gains oc-
cur for mixes with common terms, many elements, and long extents,
reaching more than 100%. In contrast, mixes with rare terms gener-
ally benefit less and often favor the single-structure competitor; a
0% gain means that a competitor (typically, base tIF) outperforms
any ensemble. Nevertheless, our synthesis correctly selects that
single-structure index from the template catalog. Partitioning for
temporally skewed mixes remain beneficial overall, but their gains
vary and commonly come with negative time and size changes.
Overall, the contrastive mixes, which combine substantially differ-
ent workload traits, benefit the most from partitioning.

6.5 Index maintenance
Table 6 reports the total times for inserting or deleting a 1%, 3%
or 5% batch for each dataset.29 Typically, the maintenance cost
scales linearly or sub-linearly to size of the update batch. Again,
the times for SynthDex vary among different workloads since a
different ensemble index is maintained. As expected the cheapest
index to update is tIF due to its simplicity. Nevertheless, the main-
tenance costs for the synthesized indices are typically on par or
slightly higher than irHINT, which was shown in [56] to be the
most efficient single-structure solution for querying.

7 RELATEDWORK
We last discuss related work in the context of adaptive indexing;
previous work on temporal IR indexing was discussed in Section 2.2.

Ensemble indexing. Keogh et al. [36] pioneered an ensemble
framework for similarity search in high-dimensional data that dy-
namically selects the most suitable representation for different data
segments, accelerating queries through multiple small, heteroge-
neous indexes. Aggarwal [1] extended this idea with hierarchical
subspace sampling, which adaptively reduces dimensionality based
on local point behavior, improving compression and facilitating
approximate nearest-neighbor search and selectivity estimation.

Cracking. Database cracking [28] is a form of adaptive indexing,
where indices are incrementally built as a side-effect of querying.
Subsequent work extended cracking with stochastic refinement
[23], merged adaptive indices combining cracking and sorting [30],
self-selecting and self-tuning indexes [22], and physical reorgani-
zation strategies [29, 54]. A comprehensive survey is provided by
Schuhknecht et al. [58]. Recent work extends cracking to multi-
dimensional and spatial data [40, 53, 65, 66], with Lampropoulos et
al. [41] benchmarking adaptive multidimensional indices.

In contrast to these approaches, our framework synthesizes an
ensemble of heterogeneous structures upfront for a given workload,
also addressing the composite nature of temporal IR data.

Index selection and design. Automated index selection dates
back to early optimization formulations for secondary key selection

29At terminal node indices, deletions were handled using tombstones.
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Table 6: Maintenance costs; insertion/deletion times

ECLOG WIKIPEDIA DIGINETICA
1% 3% 5% 1% 3% 5% 1% 3% 5%

tIF 0.01 / 0.05 0.04 / 0.06 0.05 / 0.09 0.37 / 0.75 0.44 / 1.01 0.45 / 1.23 0.07 / 0.15 0.11 / 0.23 0.12 / 0.25
tIF+Slicing 1.64 / 0.77 1.85 / 0.90 2.10 / 1.05 8.00 / 3.90 10.50 / 4.80 11.00 / 5.80 0.73 / 1.00 0.90 / 1.20 1.10 / 1.40
tIF+Sharding 4.90 / 2.30 6.11 / 4.32 8.92 / 5.88 19.8 / 20.9 21.0 / 25.0 22.5 / 31.5 5.71 / 4.29 8.38 / 5.31 12.69 / 6.13
tIF+HINT 0.37 / 0.33 0.65 / 0.55 0.95 / 0.80 3.37 / 2.50 4.50 / 3.62 5.80 / 4.80 0.64 / 0.82 0.80 / 1.00 0.95 / 1.20
irHINT 0.12 / 0.52 0.25 / 0.69 0.26 / 0.71 4.85 / 6.87 5.76 / 8.61 7.81 / 9.59 0.16 / 1.55 0.17 / 1.56 0.24 / 1.57
Sy. BASE 0.20 / 0.73 0.28 / 0.85 0.32 / 1.02 5.70 / 8.47 6.29 / 9.54 7.67 / 10.53 0.24 / 1.98 0.27 / 2.18 0.30 / 2.40
Sy. LOW 0.09 / 0.13 0.12 / 0.15 0.14 / 0.18 2.12 / 2.73 2.32 / 3.08 2.52 / 3.39 0.39 / 0.45 0.44 / 0.50 0.49 / 0.55
Sy. HIGH 0.22 / 0.73 0.30 / 0.85 0.35 / 1.02 4.94 / 7.49 6.40 / 8.44 7.90 / 9.31 0.51 / 2.23 0.57 / 2.45 0.64 / 2.71
Sy. SHORT 0.21 / 0.71 0.29 / 0.83 0.33 / 0.99 5.00 / 8.99 7.17 / 10.13 8.41 / 11.18 0.24 / 1.93 0.27 / 2.12 0.30 / 2.34
Sy. LONG 0.12 / 0.44 0.17 / 0.51 0.19 / 0.62 3.20 / 4.58 3.50 / 5.16 3.80 / 5.70 0.71 / 1.46 0.80 / 1.61 0.89 / 1.77
Sy. FEW 0.19 / 0.74 0.26 / 0.86 0.30 / 1.04 5.10 / 10.6 6.58 / 11.94 8.20 / 13.18 0.54 / 2.12 0.61 / 2.33 0.68 / 2.57
Sy. MANY 0.18 / 0.57 0.25 / 0.66 0.29 / 0.80 4.70 / 7.95 5.14 / 8.96 5.58 / 9.89 0.38 / 1.75 0.43 / 1.93 0.48 / 2.13
Sy. RND 1.24 / 0.63 1.71 / 0.73 1.96 / 0.88 6.30 / 5.19 7.39 / 5.85 7.48 / 6.45 0.31 / 0.84 0.35 / 0.92 0.39 / 1.02
Sy. S&B 0.21 / 0.69 0.29 / 0.80 0.33 / 0.97 5.20 / 8.21 5.69 / 9.25 6.17 / 10.21 0.61 / 2.16 0.69 / 2.38 0.76 / 2.62
Sy. SW&BN 0.20 / 0.70 0.28 / 0.81 0.32 / 0.98 4.90 / 9.45 5.36 / 10.65 5.82 / 11.75 0.36 / 1.95 0.40 / 2.15 0.45 / 2.37
Sy. H&C 0.22 / 0.70 0.30 / 0.81 0.35 / 0.98 5.50 / 8.33 6.42 / 9.38 6.53 / 10.36 0.49 / 2.09 0.55 / 2.30 0.61 / 2.54

[44] and has since evolved through cost-based approaches [9], with
recent work leveragingmachine learning for predictions. Kossmann
et al. evaluate commercial techniques [38], while LINDAS [46, 47]
selects optimal index algorithms per column using learned models.

Extensible indexing frameworks such as GiST [25] and XXL [14]
provide generic templates for defining custom index structures.
Automated index design from primitives has emerged. Idreos et al.
introduced the Periodic Table of Data Structures [31] to system-
atically map the design space and continuum for self-designing
key-value stores [27], and data structure alchemy for learning to
synthesize structures [32]. The Data Calculator [33, 34] enables
interactive synthesis using learned cost models for rapid design
space exploration without implementation. GENE [19] uses genetic
algorithms to assemble and evolve index structures from building
blocks, matching or surpassing conventional designs. MOOSE [42]
is a new LSM-structure [52] which enables independent adjust-
ments under a single indexing paradigm, e.g., the number of runs
per-level, size ratio, and Bloom filter settings at each LSM-tree level.
Last, Anneser et al. [6] recently presented adaptive hybrid indices
that dynamically select and migrate encodings at runtime based on
query access patterns, enabling simultaneous optimization of space
and performance by leveraging fine-grained workload statistics.

Our framework shares vision with some of the above but focuses
on synthesizing workload-aware ensemble indices for the hybrid
combinatorial-continuous design space in temporal IR, by deter-
mining partitioning schemes, combing diverse indexing structures,
and their tunable parameters for a given workload.

Learned indexing. Learned indices employ data-driven models
to optimize index structure design by learning from data distri-
butions and access patterns. The seminal Recursive Model Index
(RMI) [39] showed that learned models can replace traditional in-
dex components by mapping keys to records. Related work also
explored learning data layouts for analytical workloads, such as Qd-
tree, which learns hierarchical data partitionings to improve query
performance in big data analytics [64]. Followup works considered
both pure learned indexes with integrated error-correction mecha-
nisms (e.g., LIPP [63], PGM-index [21]) and hybrid approaches that
incorporate learned models into conventional structures (e.g., ALEX

[17]). Recent work proposed hybrid construction methods that bet-
ter balance query performance and memory consumption [45, 68],
cost-based construction that optimizes cache performance [67], and
automatic tuning approaches like LITune [61] that use reinforce-
ment learning to adjust hyper-parameters for specific workloads.
Learned indexing has been also extended to multi-dimensional
data with Flood [49] learning grid layouts over multiple dimen-
sions, Tsunami [18] handling correlated data and skewedworkloads,
and ML-Index [13] supporting point, range, and nearest-neighbor
queries. Comprehensive surveys are available in [2, 3, 62].

While these approaches share our goal of using learned models
for index optimization, they use them differently in the index-design
process. Our framework synthesizes heterogeneous ensemble in-
dices guided by workload statistics and learned cost models.

8 CONCLUSIONS
We studied adaptive, workload-aware temporal IR indexing. Con-
trary to traditional indexing, we explored the prospect of index
ensembles with multiple (potentially diverse) structures, each for a
different part of the input. We formulated the selection of the best
ensemble (or index configuration) for an input dataset and a work-
load of representative queries, as an optimization problem. To deal
with the vast design space of all possible configurations, we devised
a heuristic approach which synthesizes an approximate solution.
A novel Learned Cost Model supports the synthesis process, using
data and query statistics to evaluate candidate configurations with-
out building and querying the indices. Our tests on real datasets
and diverse query workloads showed that synthesized indices per-
fectly cope with each workload, either matching or exceeding the
performance of the fastest existing temporal IR index.

We plan to extend our work towards several directions. First, we
will study relevance-based temporal IR search besides the boolean-
based in this paper. Second, to improve our synthesis process, we
will additionally consider the building and update costs. Further-
more, we will extend the definition of the configuration templates
to include additional variables for the splitting ranges to define
partitions, and we will study how these templates can be automati-
cally extracted. We also plan to investigate alternative design-space
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exploration strategies, including (quasi-)random sampling, gradient-
guided search, Bayesian optimization, and genetic algorithms, to
accelerate synthesis. Last, we will investigate the application of
our indexing framework to other fields besides temporal IR.
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