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Abstract
Particle-in-Cell (PIC) simulations play a critical role in various sci-
enti!c domains, including plasma physics, astrophysics, and fusion
energy research, by enabling the modeling of complex interac-
tions between charged particles and electromagnetic !elds. As PIC
simulations scale up in size and complexity, they generate mas-
sive volumes of particle data at enormous speeds (TBs/hour). This
enormous amount of data presents signi!cant challenges for post-
simulation analysis, as existing analysis tools (typically designed
for smaller datasets) struggle with low query performance and high
resource utilization. While incorporating indexes for PIC data can
alleviate some of these ine"ciencies, current indexing solutions
often fall short of addressing the diverse analysis needs of scientists,
substantial index construction overhead during simulation runs,
and ine"cient small I/O operations.

To address these challenges, we present L!"#I$%!&, a scalable,
modular, and elastic post-simulation indexing framework designed
to improve data access e"ciency while minimizing unnecessary
data I/Os and memory usage. L!"#I$%!& o#ers users the $ex-
ibility to customize indexing components, structures, and statis-
tic metrics based on the data scale and speci!c analysis needs.
L!"#I$%!& parallelizes the index construction process, enabling
e"cient processing of datasets of varying sizes. To further enhance
query performance, L!"#I$%!& intelligently clusters scattered
index results that are spatially or temporally related and optimizes
computation logic to e#ectively reduce data I/Os andmemory usage.
We conducted comprehensive evaluations of L!"#I$%!& based on
large-scale real-world PIC datasets. Integrating L!"#I$%!& with
the existing analysis tool can achieve up to a 2276× improvement
in overall performance, a 3068× reduction in memory usage, and a
3001× decrease in I/O numbers for large datasets.
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1 Introduction
Particle-in-Cell (PIC) simulations are fundamental for modeling
the interactions between charged particles and electromagnetic
!elds, providing deep insights into complex phenomena such as
plasma dynamics, particle acceleration, cosmic ray propagation,
and magnetic reconnection [31, 51, 55]. Modern PIC simulation
tools such as WarpX [71], EPOCH [6], and Geant4 [2] leverage
sophisticated numerical methods to resolve both the !elds and
particle dynamics at !ne temporal and spatial resolutions. The
continuous simulation space is discretized into a computational
grid, with each unit (cell) containing electric and magnetic !elds
that a#ect particle motion. These tools are designed to harness the
power of high-performance computing (HPC) systems, utilizing
thousands of processors or even GPUs in parallel to perform the
simulation tasks. As a result, PIC simulations generate enormous
volumes of data, with large-scale runs often producing terabytes of
particle data per hour [34].

Once a PIC simulation is completed, scientists engage in post-
simulation analysis to extract meaningful insights from the massive
datasets generated. Various types of analytic tasks can be involved
in post-simulation analysis. One of the most common tasks is per-
forming range queries, where scientists search for particles based
on speci!c criteria, such as position, momentum, energy, or charge
[14, 28]. For instance, researchers might query particles within
a particular spatial region or those with a momentum range ex-
ceeding a threshold to isolate interesting phenomena like shock
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formation or high-energy events [61, 82]. Another example is par-
ticle tracking, where the focus is on monitoring the evolution of
speci!c subsets of particles over time. This is particularly useful in
understanding dynamic processes like particle acceleration, scat-
tering, or con!nement in magnetic !elds [42, 62].

However, existing analysis tools, such as openPMD-viewer [47],
ParaView [10], and H5py [20], face serious performance challenges
as the scale of particle data increases. These tools, while e#ective for
smaller datasets, struggle with the rapid growth in both the size and
complexity of modern PIC simulations. Three critical issues arise:
1) As the dataset size increases, querying becomes prohibitively
slow. For example, running a simple range query on a 1 TB particle
dataset can take over an hour to complete due to the lack of e"cient
indexing and data retrieval mechanisms as discussed in subsubsec-
tion 3.1.1. 2) Existing analysis tools struggle to handle the growing
scale of data, as they are designed to load the entire dataset into
memory, even when only a small subset is needed for analysis. This
approach causes serious read ampli!cation and can quickly lead to
memory exhaustion when working with multi-terabyte datasets, as
shown in subsubsection 3.1.2. And 3) many existing analysis tools
su#er from frequent small reads and unnecessary data loading,
which cannot bene!t from the high throughput of the underly-
ing HPC parallel !le system, as discussed in subsubsection 3.1.3,
causing signi!cant delays in accessing relevant data.

Motivated by the index schemes used in Online Analytical Pro-
cessing (OLAP) scenarios, building an e"cient index for PIC data
analysis can be a promising solution. Analysis tools can dramati-
cally improve query performance by pinpointing the relevant data
based on the index searching result. Using index can also reduce
overall memory and CPU usage by minimizing unnecessary data
loading and processing. However, designing such an index for PIC
data analysis comes with several key challenges. First, the scale,
complexity, and structures of PIC data can be di#erent. At the same
time, scientists may use di#erent types of queries during PIC data
analysis, from point lookup, and range query, to partial tracking.
One prede!ned single index (e.g., a B-tree) cannot ensure e"ciency
in all scenarios. Therefore, how to design an index framework that
can adapt to diverse query operations and data characteristics is
challenging. Second, the index is created after the PIC simulation is
!nished, and it is stored, transferred, and migrated together with
the PIC data. Therefore, it is critical to ensure a fast and scalable
index construction to avoid bottlenecks in the analysis pipeline,
and to achieve lightweight and portable index structures for a low
storage footprint and e"cient transfer. Third, PIC data is usually
stored in parallel !le systems like Lustre [13, 66, 83], which prefer
large and consecutive I/Os. How to leverage the information from
the index to plan the e"cient I/Os during analysis must be explored.

To address the aforementioned three challenges, we propose
L!"#I$%!&, a highly scalable and modular indexing framework
designed for e"cient analysis of extreme-scale particle data. First,
L!"#I$%!& draws inspiration from themodularity of a Legomodel
to !t diverse PIC data and analysis requirements, enabling users to
customize indexing granularity (e.g., cell-level or multi-level in-cell
indexing for speci!c cells) and index structures (e.g., linear-based
or tree-based). The heterogeneous indexing structures at di#erent
levels are seamlessly connected through unique keys. Additionally,
users can specify customizable statistical metrics at each level (e.g.,

minimum x-position or maximum y-momentum), enabling !ne-
grained support for data analysis.

Second, L!"#I$%!& ensures e"cient index construction, stor-
age, and migration through several key strategies. To optimize
construction e"ciency, we introduce the Bulk Load Scanner, which
dynamically adjusts read chunk sizes based on available memory
and splits chunks into smaller tasks for multiple worker threads.
For e"cient storage and retrieval, L!"#I$%!& partitions the index
by levels, links them using the key composition mechanism, and
stores the index as key-value pairs, ensuring compatibility with
existing key-value stores or simple !le-based storage. Since raw
datasets are often shared with other scientists and later migrated
to low-cost storage, L!"#I$%!& is persisted alongside simulation
data to remain accessible and operational.

Third, in L!"#I$%!&, we introduce the Dynamic Scanner and
LegoMask to enhance query e"ciency. The Dynamic Scanner an-
alyzes index traversal results to dynamically generate optimized
I/O plans, grouping nearby I/O requests within a !le into larger,
more e"cient read operations based on the characteristics of the
underlying !le system. Meanwhile, LegoMask improves e"ciency
by eliminating irrelevant cells in memory loaded during the group-
ing process, reducing unnecessary particle-level computations and
!ltering. Additionally, L!"#I$%!& periodically processes histori-
cal performance of the underlying !le system to update Dynamic
Scanner parameters, ensuring adaptability to changing conditions
and maintaining optimal performance.

We implemented a prototype of L!"#I$%!& as a pluggable li-
brary, available as open-source on GitHub1 and integrated with
one of the most widely used PIC analyzing tools, OpenPMD-viewer
[47]. We evaluated the query performance of L!"#I$%!& using
multiple particle datasets with various sizes (generated by run-
ning WarpX simulation on a supercomputer at Lawrence Berke-
ley National Laboratory(LBNL)) and compared it with the default
OpenPMD-viewer [47] and a modi!ed version of OpenPMD-viewer
with Min-Max Index (Zonemap) enabled [9, 32, 38, 63]. Our results
demonstrate signi!cant improvements in query e"ciency and re-
source utilization: L!"#I$%!& achieves up to 2276× and 6.8×
query performance improvement compared to OpenPMD-viewer
and the Min-Max Index version, while reducing memory usage by
up to 3068× compared to OpenPMD-viewer. Even when the target
data proportion increases to 90%, L!"#I$%!& consistently delivers
up to 44× better performance than these baselines. The multi-level
index structure provides up to 2.7× better performance than a
single-level index. Additionally, the Bulk Load Scanner design and
parallelization strategies enable index construction speeds that are
up to 3788×, while the group read improves I/O e"ciency by up to
2014× over OpenPMD-viewer and 21.7× over Min-Max Index. For
particle visualization and tracking, L!"#I$%!& achieves up to 3×
and 260× better performance than OpenPMD-viewer, respectively.

2 Background
2.1 Data Generated by PIC Simulations
The Particle-in-Cell (PIC) technique is a widely used computa-
tional method for simulating the behavior of charged particles

1https://github.com/asu-idi/LegoIndex
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Figure 1: Particle data organization in PIC simulations.

interacting with electromagnetic !elds. It has enabled the develop-
ment of numerous advanced simulation codes, including WarpX
[71, 72, 76], EPOCH [12], LSP [67], and Geant4 [7], which run
on high-performance computing (HPC) systems with thousands
of processors, simulating billions to trillions of particles in multi-
dimensional space. These large-scale simulations are crucial for
research in plasma physics, space science, and particle physics
[5, 77, 81].

To gain insights from these simulations, scientists rely on out-
put data capturing the dynamic state of each particle over time.
Figure 1 illustrates how particle data is structured during the PIC
simulations. The continuous simulation space is discretized into
a computational grid, with each unit (cell) containing electric and
magnetic !elds that a#ect particle motion. Each particle within
a cell is characterized by attributes such as position (x, y, z) and
momentum (ux, uy, uz), representing its dynamic behavior. By pe-
riodically recording these attributes (called iteration), scientists can
track individual particle trajectories and study their interactions
with both electromagnetic !elds and neighboring particles.

As depicted in Figure 2, particle data are stored in a distributed
manner [27], with each process writing its assigned portion of
the simulation space in parallel to optimize I/O performance on
distributed parallel !le systems such as Lustre [13, 66, 83] and GPFS
[39, 65]. The data !les are structured by simulation iteration, with
each iteration’s data appended incrementally as the simulation
progresses, as shown in Figure 1. Within each iteration, particle
attributes are serialized in a columnar format, storing each attribute
contiguously across all particles in the sequence of their respective
cells. Additionally, metadata !les are generated to facilitate e"cient
data retrieval, and indexing details such as !le locations, attribute
start o#sets, and sizes. While this storage strategy is optimized for
high-throughput output in HPC environments, it often introduces
ine"ciencies during data access and analysis.

2.2 Work!ows of Particle Data Analysis
Once particle data from PIC simulations is generated and stored,
scientists often need to analyze speci!c particles (e.g., those whose
momentum falls within a certain range) [37, 52], or perform more
complex queries spanning multiple attributes. Figure 3 provides
an example of a typical particle analysis work$ow. Scientists often
begin by examining overall particle distributions before zooming in
on regions of interest with range queries. For instance, 3(a) shows
the full particle distribution at iteration 300, where the focus is on

Last organized by 
partitioned cell sequence:

(Column-based Storage) 

First organized by iterations:

Filesystem Storage: data.0 data.1 data.i data.m… … meta

(partitioned and simulated by m processes) (metadata files) 

…
Time

k0 k+1k−1 … niteration 
in each file

Then organized by particle attributes:

in each iteration
id x y z ux uy uz …

in each attribute
… … … … … …

Figure 2: Column-based storage of particle data on"lesystem.

particles exhibiting high momentum along the z-axis. By applying
range queries, scientists can isolate these high-momentum particles
and trace their positions and momentum over iterations, as illus-
trated in 3(b), which is the key to understanding particle dynamics.
Currently, this analysis work$ow requires at least two separate
read operations from the !le system: one to load the entire dataset
for distribution calculations and another to reload it for the range
query. This approach has two explicit drawbacks: 1) loading the
entire dataset into memory is infeasible for large-scale particle data
due to memory constraints, and 2) re-reading the entire dataset for
each query is redundant and ine"cient, introducing unnecessary
overhead and signi!cantly slowing down the analysis process. As
PIC simulations grow in size and complexity, volumes of particle
data reach petabyte scales, further exacerbating the ine"ciencies
of existing analysis tools.

2.3 Indexing Techniques for Particle Data
As mentioned in subsection 2.1, columnar storage formats, common
in OLAP systems, are often used to store particle data to optimize
particle data output performance. However, column-based storage
introduces performance and e"ciency drawbacks. On one hand,
when queries target a small subset of rows (e.g., a few particles),
columnar storage can be ine"cient because large data blocks must
still be scanned, leading to unnecessary I/Os. On the other hand,
analytic queries that !lter data based on one column (e.g., momen-
tum) and retrieve data from another (e.g., position) require multiple
reads across di#erent blocks, increasing both I/O and CPU costs.

To mitigate these ine"ciencies, existing columnar storage sys-
tems employ various indexing techniques to boost query perfor-
mance. For instance, Parquet [38, 63] and Redshift [9, 32] employ
block-level statistics (e.g., minimum and maximum values) to prune
irrelevant blocks, reducing I/O and speeding up range queries.
Systems like HBase support secondary indexes, providing faster
lookups across distributed datasets [23, 44]. Additionally, partition-
ing techniques, as seen in BigQuery [4], allow datasets to be seg-
mented based on attributes to improve overall query performance.
While these techniques o#er potential performance enhancements
for columnar data, directly applying them to PIC data presents
unique challenges. The multi-dimensional nature of particle at-
tributes and the complexity of particle-based queries – such as
spatial relationships, dynamic interactions, and trajectory tracking
– require more advanced indexing strategies tailored to the unique
demands of particle data analysis.
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(a) Particle Overview and Selection (b) Particle Tracking

Figure 3: Particle distribution, selection, and tracking.

Figure 4: Average query time across di#erent dataset scales.

3 Motivations and Challenges
3.1 Motivations
Our study is motivated by the pressing need to overcome the per-
formance and resource limitations that domain scientists encounter
when analyzing large-scale particle data with existing tools. Specif-
ically, there are three key requirements motivating this e#ort.

3.1.1 Reducing Particle!ery Latency on Large Datasets. As par-
ticle datasets continue to grow, query latency has increased sub-
stantially, slowing down the overall analysis work$ow. To quantify
this impact, we conducted 180 range query operations on three
PIC datasets of varying sizes, generated by production runs of the
WarpX simulation code on Perlmutter [54], an HPE Cray EX super-
computer at Lawrence Berkeley National Laboratory. The queries
were randomly generated using our query generator (see subsubsec-
tion 5.2.2), each selecting 0.01% of the total particles and involving
from 1 to 6 particle attributes. As shown in Figure 4, querying the
1TB dataset can take over an hour. Latency also increases with
more particle attributes, adding computational overhead.

3.1.2 Minimizing the Memory Footprint of Analysis Tools. Existing
analysis tools such as OpenPMD-viewer [47] allocate large memory
spaces to load entire particle attributes from the !lesystem. While
e#ective for small datasets, this approach becomes unfeasible for
larger datasets. For instance, as shown by the red curve in 5(a),
querying a 1TB dataset initially required about 100GB of memory
for a single attribute. When the system tried to allocate more mem-
ory for the next attribute, it exceeded the available memory, causing
the process to terminate unexpectedly due to an out-of-memory
error. Adopting a memory allocation strategy that loads smaller
data batches and merges partial query results can mitigate memory
usage, as shown by the blue curve in 5(a). However, this approach
still traverses the entire dataset, which contributes to unnecessary
memory consumption, I/O ampli!cations, and processing overhead.

(a) Memory footprint of existing analysis tools (b) Impact of I/O Block Size

Figure 5: Memory usage and impact of I/O size.

(a) Di#erent Selection Proportions (b) Di#erent Index Performance

Figure 6: In!uence of selection percentage and index types.

Consequently, there is a pressing need for a more e"cient solu-
tion to minimize memory usage during particle query and analysis
work$ows.

3.1.3 Improving I/O E"iciency. To optimize data output perfor-
mance for large-scale simulations on HPC systems, particle data
is typically stored in chunked layouts, with each chunk contain-
ing one or more cells of the simulation space [27, 29]. However,
small chunk sizes can trigger numerous small I/O operations during
query operations, severely degrading e"ciency. For example, reor-
ganizing a 100 GB dataset from over 10,000 small cells into 16 larger
cells signi!cantly improved I/O e"ciency, reducing query time to
nearly one-third, as shown in 5(b). Ine"ciencies also arise from
unnecessary data reads, as detailed in subsection 2.2. An evaluation
of query latency with varying selection proportions (0.01%, 0.10%,
1.00%, and 10.00%) on a 10 GB dataset in 6(a) revealed that latency is
in$uenced more by the number of attributes and selection criteria
than by the size of the target data. Even for queries selecting just
0.01% of the dataset, the existing analyzing tools (e.g., OpenPMD-
viewer [47]) read the entire dataset into memory, resulting in query
times similar to much larger selections, such as 10.00%. This under-
scores the urgent need for e"cient mechanisms to minimize small
I/O operations and eliminate unnecessary data reads.

3.2 Research Objective and Challenges
To achieve these required improvements in particle data analysis
work$ows, we propose to design and develop a scalable and
modular post-simulation indexing framework, which indexes
key a!ributes to speed up the queries and reduce resource uti-
lization for facilitating query operations on large-scale particle
data. However, developing this indexing framework requires ad-
dressing the following three inherent challenges due to the unique
nature of the particle data.
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(1) Capability ofAdapting toVariousAnalysis Tasks. Scientists
may perform various types of analysis queries, from range queries
and particle tracking to more advanced operations like clustering,
pattern recognition, and correlation studies. Di#erent indexing
structures exhibit varying performance across di#erent types of
queries, as shown in 6(b). Therefore, one of the key challenges
is designing a modular indexing framework that allows scientists
to customize index types and structures based on their speci!c
analysis requirements. In particular, the framework should support
con!gurable indexing granularity (e.g., multi-level !ne-grained
indexing for large or special cells) and o#er various indexing struc-
tures (e.g., tree-based, bitmap-based, hash-based indexes, etc.) to
optimize performance for di#erent query patterns.
(2) E$cient Index Construction, Storage, andMigration. Index
creation must be both e"cient and scalable to avoid bottlenecks
in the analysis pipeline, requiring algorithms that minimize com-
putational overhead, even for massive datasets. After construction,
the indices must be stored e"ciently on persistent storage devices
for future analysis tasks. Moreover, since scienti!c simulation data
often transfers or migrates between storage systems, the framework
must support seamless index migration.
(3) Query Optimizations with Intelligent I/O Operation Plan-
ning and Scheduling. While indexes signi!cantly improve the
identi!cation and localization of data chunks that contain target
particles, accessing these data often triggers ine"cient I/O opera-
tions due to their small sizes and random distribution across the
dataset. This strains the !le system and leads to prolonged query
times. To overcome these challenges, intelligent I/O planning and
scheduling mechanisms are needed to dynamically optimize the
overall query processing time. These mechanisms should optimize
data access patterns by considering the characteristics of the queries,
the dataset, and the underlying storage architecture.

4 L!"#I$%!&
To tackle the challenges of building e"cient indexes for large-
scale particle datasets to improve query operations, we introduce
L!"#I$%!&, a scalable andmodular indexing framework, as shown

in Figure 7. L!"#I$%!& o#ers three key features: 1) Inspired by
Lego’smodularity,L!"#I$%!& allows users to customize the index,
such as the number of index levels, selection of di#erent index struc-
tures for each level, and embedded statistical metrics. This enables
!ne-tuning for speci!c analysis needs like spatial locality, temporal
tracking, or attribute-based !ltering. 2) L!"#I$%!& speeds up the
index construction process for massive particle datasets by e"-
ciently parallelizing the process and distributing workloads across
multiple processes or threads. And 3) L!"#I$%!& employs a dy-
namic scanner and LegoMask mechanism to optimize data access
patterns and reduce unnecessary I/Os during read operations.

4.1 A Modular Indexing Framework
4.1.1 Adjustable Indexing Granularity. Relying on a single-level
index for each data cell still leads to prolonged query times, espe-
cially for large or skewed cells that often contain vast numbers
of particles and are queried frequently. Without an internal index,
analysis tools must load the entire cell into memory for exhaustive
searches, causing high I/O and CPU overhead. For example, in for-
mats like HDF5, a single cell can contain billions of particles. When
only a small subset of particles is queried, the entire cell is read into
memory, leading to signi!cant read ampli!cation and ine"ciency.

To resolve this, L!"#I$%!& introduces a customizable multi-
level indexing approach combining a primary cell-level index with
optional in-cell indexes for !ner granularity, as shown in Figure 8.
Unlike traditional two-level indexing systems, L!"#I$%!& allows
an arbitrary number of index levels within particularly large or
dense cells. This design improves query performance by reducing
read ampli!cation: the primary index identi!es relevant cells, and
the in-cell index re!nes the search range within the cell.

Since constructing in-cell indexes for every cell is computation-
ally expensive, L!"#I$%!& introduces a Granularity Controller
that selectively determines which cells require in-cell indexes based
on data distribution and query patterns. By default, L!"#I$%!&
applies !xed-size partitioned linear in-cell indexes for large or fre-
quently accessed cells. For more advanced use cases, users can
de!ne custom indexing policies to !ne-tune the trade-o# between
indexing granularity and overhead. These policies allow users to
specify conditions for triggering in-cell indexing, partitioning strate-
gies, index structures, and statistical metrics, etc.

4.1.2 Customizable Indexing Structures. Given the complexity of
particle data analyses, no single indexing structure can e#ectively
handle all query scenarios. Traditional indexing like Zonemap [9,
32, 38, 63] and Bitmap [78] treat attributes independently, resulting
in costly intersection operations when querying multiple attributes
in the same query. Multi-dimensional index structures such as R-
trees [33, 43, 46, 74] and Kd-trees [41, 53, 58] e"ciently handle range
queries across multiple attributes. However, their performance can
degrade signi!cantly when attribute ranges heavily overlap, like
particle ID. Furthermore, queries like point lookups or particle
tracking require di#erent indexing structures (e.g., hash or special
!lters), highlighting the need for customizable indexing.

L!"#I$%!& addresses this challenge by supporting various in-
dexing structures, including linear-based, tree-based, bitmap, and
Bloom !lters, as shown in Figure 8, enabling users to select the
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optimal index and data partition for each level based on their work-
load characteristics. Each index level operates independently and
is linked by unique keys, allowing seamless integration of hetero-
geneous indexing structures. For example, when tracking particles
across iterations, a tree-based index at the top level (i.e., cell-level)
can quickly narrow the search space, while an in-cell Bloom Filter
index enables fast and precise data retrieval. Moreover, L!"#I$%!&
provides an open interface for integrating custom index structures
(similar to operator overload in C++), ensuring $exibility to accom-
modate a wide range of query workloads.

Currently, users need to decide the number of levels and the in-
dex structures of each level before constructing the LegoIndex. By
default, L!"#I$%!& builds a single-level, cell-based R-Tree index,
which provides strong performance for most multi-dimensional
analysis workloads. For scenarios involving large cells or particle
tracking across iterations, enabling multi-level indexing and se-
lecting alternative structures, such as Bloom !lters, at appropriate
levels can better capture the data access patterns. In other scenarios
like spatial k-nearest neighbor (kNN) queries, using a Kd-tree, or a
hybrid approach that employs an R-Tree for coarse-grained pruning
and an in-cell Kd-tree for fast, enables !ne-grained search. The ca-
pability of supporting dynamic selection during index construction
based on the data characteristics is planned for future work.

4.1.3 Diverse Indexing StatisticalMetrics. Traditional indexingmeth-
ods like the Min-Max index are optimized for range queries but
often fall short for the diverse analytical needs in particle data anal-
ysis. Advanced metrics, such as standard deviation and emittance,
are essential for identifying particle patterns, as shown in Figure 9,
but indexing all possible metrics can lead to signi!cant process-
ing and storage overheads. L!"#I$%!& addresses this by enabling
customizable indexing metrics tailored to speci!c analysis needs,
as shown in Figure 8, minimizing overhead while optimizing query
performance. Users can select from various metrics, such as points
(single attribute with one statistic), rows (multiple attributes with

one statistic), columns (single attribute with multiple statistics), or
tables (multiple attributes with multiple statistics).

L!"#I$%!& supports a range of statistical metrics by three
vectors: the !rst represents statistical methods (e.g., min, max,
std), and the second corresponds to particle attributes (e.g., x, y,
z). L!"#I$%!& computes the interaction between these vectors
to derive the necessary metrics for index construction. The third
vector captures complex statistics derived from multiple attributes
(e.g., emittance). During index construction, the selected metrics
are extracted and organized based on the chosen index structure. To
e"ciently handle complex metrics, L!"#I$%!& employs tailored
integration strategies: in linear indexes, metrics are treated as uni-
!ed entities for e"cient traversal, whereas in tree-based structures
(e.g., R-trees), they are represented as independent dimensions.
In contrast, bitmap and hash-based indexes manage each metric
separately, which can be ine"cient for multi-criteria queries.

4.2 Index Construction, Storage, and Migration
Intuitively, L!"#I$%!& can be constructed during simulations.
However, it can introduce high latency and synchronization issues
across thousands of Message Passing Interface (MPI) processes. It
also limits the customizing possibilities of L!"#I$%!& based on
the analysis needs of di#erent users. To address this, we propose
constructing L!"#I$%!& in a post-simulation phase, during the
system’s o#-peak time. If users have a clear idea of the desired index
levels, index structure, and statistical metrics, they can prede!ne a
con!guration !le and initiate L!"#I$%!& construction immedi-
ately after the simulation concludes. The construction work$ow of
L!"#I$%!& is illustrated in Figure 10, which consists of loading,
job creation, index creation, and index linking between levels.

4.2.1 Post-simulation Index Construction. Traditionally, index gen-
eration is integrated into the data creation process. For exam-
ple, the ADIOS2 engine can calculate Min-Max values for particle
data within each cell during simulation and write them alongside
metadata. However, this inline indexing introduces an overhead
of around 10-15% of total simulation time [21, 36], which is un-
acceptable for large-scale scienti!c simulation. To mitigate this,
L!"#I$%!& adopts a post-simulation index construction approach.
Once the simulation completes and data is written to the !le system,
the index constructor can read the data from storage. However, as
datasets continue to scale, loading all the data into memory is no
longer feasible. Although cell-by-cell reading is supported, the small
cell sizes can result in frequent small I/O operations, signi!cantly
impairing index construction performance.
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Figure 10: L!"#I$%!& construction work!ow.

To overcome this, L!"#I$%!& introduces the Bulk Load Scan-
ner as shown in Figure 10, a dedicated thread that optimizes data
retrieval by balancing memory e"ciency and I/O performance.
It dynamically determines the optimal read chunk size based on
available memory, fetching data in large chunks to reduce small
I/O overhead. For large cells exceeding a single chunk’s capacity,
the Bulk Load Scanner processes them in multiple passes. Each
chunk is then subdivided into smaller tasks, typically one cell per
task, and placed in the Dispatch Queue. Our evaluations in subsub-
section 5.4.2 show that a bulk load chunk size of 100MB to 1GB
achieves an e#ective balance between I/O and CPU e"ciency.

Worker Threads dequeue tasks from the Dispatch Queue, analyze
data based on the demands of pre-de!ned index structure and statis-
tical metrics, and send results to the L!"#I$%!& Assembler, which
integrates index components in the same level or across adjacent
levels. Upon completion, the L!"#I$%!& Assembler serializes each
index as a key-value pair and stores it for future use. Additionally,
Worker Threads report cell metadata (e.g., size, skewness) to the
Granularity Controller to determine whether !ner-grained in-cell
indexing is required. If necessary, the cell data is further partitioned,
analyzed, and submitted to the L!"#I$%!& Assembler, while also
being passed to the next-level Granularity Controller for re!nement.

Throughout this process, Bulk Load Scanner continuously moni-
tors the Dispatch Queue, prefetching data as needed to maximize
I/O and CPU utilization. Furthermore, index construction at each
level is performed in parallel by multiple processes, each leverag-
ing multiple worker threads to enhance e"ciency. This dynamic
approach optimizes data handling, increases parallelism, and mini-
mizes bottlenecks during index construction.

4.2.2 Index Persistence and Storage. As data scale increases, the size
of the multi-level L!"#I$%!& index grows accordingly, making it
ine"cient to store and load the entire index at once. To address this,
L!"#I$%!& introduces a key compositionmechanism that leverages
a key-value store to separate index levels and link them via unique
keys. This design allows the query engine to load only the necessary
index levels on demand, enabling fast lookups, e"cient retrieval,
and scalable index management.

For the top-level cell index, L!"#I$%!& generates a unique key
based on particle attributes such as species, simulation iteration,
and attribute. For lower in-cell indexes, the key is further extended
with the cell ID or global o#set, ensuring uniqueness. L!"#I$%!&
partitions the index across levels and links them through these
keys. For instance, when a leaf node in an upper-level index points
to a !ner-grained index at the next level, the corresponding key
is derived by appending the current cell ID or global o#set to the

previous key. Furthermore, L!"#I$%!& stores each index level
separately, allowing users to retain frequently accessed levels (e.g.,
the top-level index) alongside the source data and dynamically
reconstruct lower-level indexes on demand. During the index per-
sistence, index data is serialized as values and stored as key-value
pairs, either in a single !le or in key-value stores such as Redis [17]
or RocksDB [16, 24, 45, 69, 80], as illustrated in Figure 10.

4.2.3 Index Sharing and Migration. The PIC simulation data is usu-
ally stored on parallel distributed !le systems in HPC environments.
That data is often shared with and analyzed by scientists across mul-
tiple institutions all over the world. Additionally, when large-scale
datasets are migrated to long-term, cost-e#ective storage solutions,
it is crucial to maintain the accessibility and functionality of the
associated index. To address these challenges, L!"#I$%!& ensures
that its data is persisted alongside the simulation data, as shown
in Figure 10. This tight integration guarantees that the index re-
mains fully operational, even when the dataset is transferred to
remote or archival storage systems. Moreover, L!"#I$%!& allows
di#erent scientists to construct custom indexes for the same dataset,
tailored to their speci!c analysis needs, without disrupting the un-
derlying data or other users’ indexing schemes. This $exibility
enhances collaborative data analysis while preserving the index’s
integrity across migrations.

4.3 Query Optimizations with L!"#I$%!&
To accelerate PIC data analysis, L!"#I$%!& can be integrated with
existing tools and queried when analysis requests are made. When
a user initiates a query to !nd a set of cells, L!"#I$%!& is searched
to pinpoint precise addresses of target cells in the !les, avoiding the
need to search through all the data and reducing read ampli!cation.
These cells are often dispersed across multiple !les or scattered at
di#erent o#sets within a single !le. Reading these cells individually
can result in ine"cient, small random I/Os, especially for smaller
cells or when in-cell indexing is used, exacerbating the issue.

One potential solution is to aggregate multiple targeted cells into
a larger read operation. However, determining the optimal read size
and strategy remains a challenge. L!"#I$%!& addresses this with
two key components in its query logic: the Dynamic Scanner and
LegoMask, which work together to optimize query performance at
runtime, as illustrated in Figure 11.

The Dynamic Scanner leverages particle count metadata embed-
ded in L!"#I$%!& to estimate read costs without accessing the
actual data. To mitigate small I/O ine"ciencies, the Dynamic Scan-
ner groups nearby cells or in-cell data and reads them in a single
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Figure 11: L!"#I$%!& intelligent I/O scheduling work!ow.

I/O operation. Additionally, L!"#I$%!& dynamically adjusts its
strategy in real-time based on historical performance feedback,
ensuring optimized read performance across varying dataset sizes
and system conditions. However, grouping nearby cells may in-
advertently include irrelevant data that has already been !ltered
out by the index, leading to unnecessary computational overhead
for particle-level !ltering in memory. To address this, L!"#I$%!&
employs LegoMask, an e"cient data masking technique that uses
index information to generate a binary mask, eliminating irrelevant
cells or in-cell segments before !ne-grained !ltering occurs. This
signi!cantly reduces CPU overhead from in-memory computations
and boundary checks, thereby boosting query e"ciency.

The overall query work$ow with L!"#I$%!& is illustrated
in Figure 11. When a query arrives, L!"#I$%!& !rst examines
the top-level index to narrow down the target cells, then re!nes
the search using the lower-level in-cell index to pinpoint !ner-
grained ranges. Once the target cells or data subsets within a cell
are identi!ed, the Dynamic Scanner employs a recursive algorithm
to optimize the read strategy. The Scanner begins by identifying
gaps between adjacent cells and determining the largest contigu-
ous range. It then evaluates whether reading the entire range or
splitting at the largest gap would yield better performance, based
on !lesystem I/O performance metrics obtained through historical
queries. This recursive re!nement continues until further splitting
no longer improves performance. L!"#I$%!& then generates a
LegoMask as a binary mask based on the index results and applies
it to the data chunk read using the Scanner’s strategy. Finally, a
particle-by-particle !lter is applied to re!ne the query results.

When responding to the queries, iterating through a large-scale
index can introduce noticeable delays once the number of index
nodes exceeds one million. To address this, L!"#I$%!& can sup-
port constructing coarser-grained indexes by grouping batches of
cells together at the top-level and building !ner-grained, cell-level
indexes at the lower-level (e.g., level-1). During query execution,
the system will adaptively load and traverse the multi-level index
hierarchy as needed, e#ectively mitigating the performance impact
of large-scale indexes. Additionally, users can adjust theGranularity
Controller rules to selectively build next-level indexes only where
needed, further reducing the overall index size.

5 Implementation and Evaluations
5.1 Prototype Implementation Details
We developed the prototype of L!"#I$%!& as a library built on
several robust technologies to ensure $exibility and performance.
The prototype leverages ADIOS 2 v2.8.3 [27] as the PIC data I/O
engine, GEOS v3.12.0 [25] for R-tree indexing support, Fastbit [78]
for bitmap-based index support, Protobuf [50] for e"cient index

serialization/deserialization, Pybind11 v2.10 [40] for seamless in-
tegration with analysis tools, and RocksDB v8.0.0 [24] for index
storage and migration. This design allows L!"#I$%!& to be eas-
ily integrated with a wide range of PIC analysis tools. The source
code for L!"#I$%!&, along with the openPMD-viewer version
integrated with L!"#I$%!&, is publicly available on GitHub [1].

5.2 Experimental Setup
5.2.1 Testbed and Datasets. To ensure consistent and reliable per-
formance measurements, all experiments were conducted in a con-
trolled, dedicated environment to minimize system noise and vari-
ability. We used Dell EdgePower 650 servers equipped with Intel(R)
Xeon(R) Silver 6330 CPUs, 256 GB of memory, and 480 GB of SSD
storage, running Ubuntu Linux 22.04 LTS. The storage system uti-
lized a 2 TB Samsung 980 PRO NVMe SSDs, o#ering sequential read
and write speeds of 7,000 MB/s and 5,100 MB/s, respectively [64],
as the backend for all testing datasets. The datasets used in our ex-
periments consisted of three particle simulation datasets generated
by the WarpX simulation code on the Perlmutter supercomputer at
LBNL. These datasets varied in size, measuring 10 GB, 100 GB, and
1 TB per iteration, with each containing approximately 12,000 cells.
All experiments were performed using these datasets to ensure
consistency and scalability across varying data sizes.

5.2.2 Particle Data Analysis !ery Workloads and Baselines. To
comprehensively evaluate L!"#I$%!&, we developed a particle
data analysis query generator as a benchmark tool. This generator
creates queries with varying query ranges and selects di#erent
numbers of particle attributes and selection proportions. The gen-
erator begins by randomly selecting attribute ranges and !lters
the data accordingly. It then evaluates the results against a desired
selection percentage and dynamically adjusts the query range using
machine learning-based convergence functions to align with the
target proportion. For example, the generator can create a query to
select N% of the dataset based on attributes such as momentum in
the x and y directions. Unless otherwise speci!ed, each experimen-
tal result presented represents the average of at least 10 random
queries, maintaining consistent selection sizes, attribute counts,
and proportions across the entire dataset. We use OpenPMD-viewer
[37, 47], one of the most widely used particle analysis tools, as our
primary baseline for comparison.

5.3 Overall Query Performance
5.3.1 !ery Performance Across Datasets of Di"erent Sizes. Using
the query generator, we evaluated query performance by selecting
a small proportion of data (0.01% of the total) with varying num-
bers of particle attributes across three datasets of di#erent sizes.
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Figure 12: Overall query performance comparison.

This comparison measured the performance of three con!gura-
tions: the default openPMD-viewer (No Index2), openPMD-viewer
with Min-Max indexing support (Min-Max Index), and openPMD-
viewer integrated with L!"#I$%!& (LegoIndex). For simplicity,
L!"#I$%!& constructs a top-level cell index using an R-tree struc-
ture and employs the minimum and maximum attribute values as
statistical metrics.

The results, shown in Figure 12, use the pink line to indicate the
average number of particles selected by the query and the orange
line to represent the average number of relevant cells accessed.
These are followed by three bar plots depicting the average query
time, average I/O operations, and average memory usage for each
approach. To emphasize performance di#erences, all bar plots are
presented on a logarithmic scale.

Across all dataset sizes, the default No Index exhibits a linear
increase in query time as the number of selected attributes grows,
primarily due to its ine"ciency in loading the entire dataset regard-
less of query size. In contrast, both Min-Max Index and LegoIndex
signi!cantly enhance performance by processing only the relevant
cells. These optimizations yield improvements of up to 1759× and
2276× in query time, and 635× and 3001× in I/O e"ciency, 3216×
and 3068× in memory usage, respectively.

The advantages of using indexing become increasingly signif-
icant as the number of accessed cells decreases. As shown in Fig-
ure 12, increasing the number of attributes involved in a query
typically results in particles that satisfy the query conditions be-
ing concentrated in fewer cells. This phenomenon arises from the
inherent locality of particle data—for example, particles with sim-
ilar momentum values often reside within the same cell. In such
scenarios, index structures are highly e#ective in !ltering out un-
necessary cell accesses, signi!cantly improving query performance.

2Smaller batch processing was used for the 1 TB dataset to ensure completion

For instance, in 12(a), the query performance improvement pro-
vided by the LegoIndex increases substantially, from 30× to 250×,
as the number of accessed cells decreases.

For smaller datasets, as in 12(a), the performance of Min-Max
Index is in$uenced by both the number of touched cells and particle
attributes. Increased attributes can in$ate I/O operations, raising
elapsed time (e.g., from 10.3s to 17.7s as attributes grow from 1 to
3), despite reduced cell access. LegoIndex, however, mitigates these
e#ects through its Dynamic Scanner and LegoMask, which optimize
performance by aggregating small I/O operations. When fewer cells
are touched, these mechanisms have diminished impact, resulting
in a reduction in performance improvement over Min-Max Index
(e.g., from 6.8× to 1.2×).

As dataset sizes increase to 100 GB and 1 TB (12(b) and 12(c)),
query times increase across all approaches. With total 12,000 cells,
the particle number within each cell grows signi!cantly, causing I/O
time to dominate the overall query execution time. Consequently,
the performance gains from indexing become less pronounced. As
shown in Figure 12, the average number of I/O operations for No
Index and Min-Max Index remains similar across di#erent dataset
sizes, while for LegoIndex, it increases signi!cantly, approaching
that of Min-Max Index. This reduces the impact of the Dynamic
Scanner. However, despite this e#ect, LegoIndex maintains a perfor-
mance advantage, though its improvements over Min-Max Index
decrease from 2× to 1.2× as larger datasets mean fewer small I/Os.

5.3.2 Memory Footprint of!ery Operations. We also monitored
the memory usage during query processing, as shown in Figure 12.
The default No Index exhibits signi!cantly higher memory con-
sumption because it loads the entire dataset into memory for each
query operation, regardless of the query’s scope. In contrast, LegoIn-
dex, which employs the Dynamic Scanner to aggregate nearby cells
into larger I/O units for improved performance, demonstrates mem-
ory e"ciency comparable to the lightweight Min-Max Index. This
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Figure 13: Query performance at di#erent selection proportions (x-axis: selection proportions).

indicates that the optimizations introduced by the Dynamic Scanner
do not incur any noticeable memory overhead. Notably, LegoIndex
achieves substantial reductions in accumulated memory usage com-
pared to the default No Index, with up to 259× and 3068× lower
memory consumption on the 100 GB and 1 TB datasets, as shown
in 12(b) and 12(c) respectively.

5.3.3 Impact of!ery Selectivity. To thoroughly evaluate the im-
pact of varying query selectivity on L!"#I$%!&, we used the query
generator to simulate queries with di#erent selectivity levels (i.e.,
1%, 10%, 30%, 50%, 70%, and 90% of the total dataset) involving three
particle attributes, focusing on the 10 GB dataset, as illustrated in
Figure 13. The default No Index exhibits no sensitivity to query
selectivity, consistently requiring approximately 150 seconds, 40k
I/Os, and 6 GB of Memory regardless of the proportion of data
selected. This behavior is caused by loading and processing the
entire dataset, resulting in uniform query costs.

In contrast, theMin-Max Index shows increasing query execution
times as selectivity decreases (i.e., more data is selected), as a larger
number of cells must be accessed. At high selectivity levels (e.g.,
90%), the query performance ofMin-Max Index converges with that
of the default No Index, as nearly all cells are accessed, diminishing
the e#ectiveness of the indexing. Conversely, LegoIndex demon-
strates robust performance across all levels of query selectivity. By
leveraging the Dynamic Scanner and LegoMask, LegoIndex e#ec-
tively mitigates the impact of high selectivity by merging small I/O
operations and pre-!ltering irrelevant data. As a result, even when
selecting 90% of the dataset, LegoIndex achieves a remarkable 44×
performance improvement over both the Min-Max Index and the
default No Index, while maintaining a similar memory footprint.

5.4 Feature-Wise Performance Analysis
To understand how di#erent features of L!"#I$%!& impact per-
formance, we conducted a series of experiments focused on various
aspects such as multi-level indexing, construction performance,
and intelligent I/O scheduling.

5.4.1 Multi-level Indexing Design in LegoIndex. We further explored
the e#ectiveness of L!"#I$%!& with di#erent levels of indexing
on a 100 GB dataset. The con!gurations included a single cell-level
index (One-Tier, L!"#I$%!& default con!guration) and multi-level
indices (!ne-tuned) that partitioned cells into slices of varying gran-
ularities, ranging from coarse-grained (Two-Tier Small), to mid-
grained (Two-Tier Median), to !ne-grained (Two-Tier Large). As
shown in Figure 14, the use of multi-level indexing resulted in up
to 2.7× better performance than the One-Tier con!guration. Perfor-
mance gains increased with !ner-grained indexing (from One-Tier
to Two-Tier Median), but at the !nest granularity (Two-Tier Large,

(a) Query Average Cost (In-Memory). (b) LegoIndex Cost Proportion (In-Memory)

Figure 14: Query performance acrossL!"#I$%!& granularity.

where slices contained only 100 particles), indexing overheads be-
came noticeable. A detailed breakdown (14(b)) highlights a trade-o#
between granularity and indexing overhead: !ner granularity en-
hances query precision but accounts for a larger proportion of the
overall cost. Additionally, !ner-grained indexing incurs signi!cant
storage overhead, with Two-Tier Large consuming 1.7 GB compared
to just 179 KB for Two-Tier Small.

5.4.2 Performance of LegoIndex Construction. We evaluated the
construction cost on the 10 GB dataset, which involves building a
top-level cell index using an R-tree structure, to assess the e#ective-
ness of the Bulk Load Scanner design and parallelization strategies.
We tested Bulk Load Scanner by scanning between 1 and 10,000
cells per batch while varying the number of worker threads from 1
to 128 to analyze the performance impact. As shown in Figure 15,
we separate the overall cost into three components: I/O time (left),
representing the Bulk Load Scanner cost; CPU time (middle), re-
$ecting the impact of di#erent worker con!gurations; and total
construction time (right).

On the left side of Figure 15, the I/O time decreases nearly linearly
(by approximately 10×) as the number of scanned cells increases
from 1 to 100 per batch. However, the bene!ts diminish as the batch
size grows further. Increasing the scan size from 100 to 1,000 cells
results in only a 2× reduction in I/O time, and beyond 1,000 cells, the
improvement becomes negligible. This is because as the scan chunk
size increases, the overhead of small I/O operations diminishes.
Additionally, the I/O cost remains relatively stable across di#erent
numbers of worker threads (x-axis) since in-memory processing
has minimal in$uence on I/O performance.

The CPU cost, shown in the middle of Figure 15, follows a sim-
ilar trend. Increasing the number of threads reduces in-memory
processing time, but the bene!ts diminish as thread count grows,
eventually leading to lock contention overhead. This e#ect is par-
ticularly evident when scanning just 1 cell at a time. With a small
number of threads, workers frequently remain idle, waiting for I/O
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Figure 15: Construction performance with varying scan sizes and worker thread numbers (x-axis: number of worker threads).
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Figure 16: L!"#I$%!& intelligent I/O scheduling.

operations to complete. Even with 128 threads, the total execution
time still exceeds 200 seconds due to lock contention.

From the total construction time (right side of Figure 15), we
observe that for the 10 GB dataset, scanning 100 to 1,000 cells per
batch (i.e., 100 MB to 1 GB) with 4 to 8 worker threads achieves
the highest e"ciency. Further increasing resources does not yield
signi!cant performance improvements.

5.4.3 Impact of Intelligent I/O Scheduling. Finally, we evaluated the
impact of LegoIndex’s Dynamic Scanner by comparing query perfor-
mance with and without I/O optimization (Figure 16, where the red
line shows the average touched cells and the blue line shows the ac-
tual I/Os with Dynamic Scanner). On smaller datasets, where query
execution is dominated by small I/Os, LegoIndex demonstrated up
to a 21.7× improvement in average I/O time. For larger datasets,
the bene!ts of grouping diminished as the number of small I/Os
decreased, but LegoIndex still achieved a 10–20% improvement due
to its e"cient handling of I/O operations. These results highlight
the adaptability of the Dynamic Scanner across di#erent data scales,
ensuring performance gains as dataset sizes grow (16(b)).

5.5 End-to-End Evaluation of Integrating
L!"#I$%!& with Real-World Analysis

In this section, we evaluate how L!"#I$%!& enhances two critical
particle analysis work$ows: 1) approximate particle distribution
visualization, and 2) particle tracking.

5.5.1 Approximate Particle Distribution Visualization. We visual-
ized the particle distribution of the 10 GB dataset at iteration 300
using Python Matplotlib [8], leveraging cell-level information pro-
vided by L!"#I$%!&. By varying opacity to represent particle
density, the visualization was signi!cantly faster compared to No
Index. As shown in 17(a), LegoIndex reduced the visualization time
to just 7.3 seconds, achieving up to a 3× performance improvement
over No Index, which required 23.1 seconds to plot all 40 million
particles (3(a)). This acceleration is made possible by using aggre-
gated metadata from LegoIndex, such as the minimal and maximal

(a) LegoIndex Approximate Visualization (b) Particle Tracking across Iterations

Figure 17: Particle distribution visualization and tracking.

𝐿-values of momentum and position, eliminating the need to load
all particles. This e"cient approach enables rapid approximate vi-
sualizations, making it a practical solution for exploratory data
analysis in large-scale particle datasets.

5.5.2 Particle Tracking. We also evaluated particle tracking work-
$ows by selecting and tracing particles’ momentum in the𝑀-direction
between Iterations 400 and 500. The experiments involved track-
ing di#erent numbers of particles—approximately 10, 100, and
1,000—from the 10 GB dataset. The performance of LegoIndex, using
its tree-based index structure with integrated Bloom !lters, was
compared against the default No Index, as shown in 17(b). The No
Index exhibited stable performance regardless of the number of
particles being tracked, as it consistently loaded all particle IDs and
sorted them to identify the targets. This exhaustive approach be-
comes ine"cient for highly selective queries. In contrast, LegoIndex
leveraged its indexing mechanism to localize particles e"ciently,
achieving up to a 260× speedup when tracking only 10 particles.
Nonetheless, the tracking cost of LegoIndex grows linearly with the
number of particles being tracked, as each particle must traverse
the Bloom !lters. This highlights that LegoIndex is more e"cient
when tracking a limited number of particles, which aligns with
typical use cases in scienti!c analysis and visualization [47].

6 Related Work
6.1 Indexing Techniques for Scienti"c Data
Various indexing techniques, such as Min-Max indexing, bitmaps,
and tree-based structures (e.g., R-trees, Kd-trees), have been applied
to improve data access for large scienti!c datasets. These methods
aim to optimize query performance by organizing data spatially or
storing attribute-based statistics.

Several research e#orts (e.g., Slalom [56, 57], NoDB [3]) have ex-
plored adaptive partitioning strategies and !ne-grained indexing on
raw data, leveraging data distribution, query patterns, and attribute
characteristics to enhance performance and $exibility for tabular
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datasets. While particle attributes can be logically represented in
a tabular format, particle data is typically stored in a columnar
manner. Applying these partitioning methods without considering
the underlying data organization can introduce overheads. In con-
trast, L!"#I$%!& inherently utilizes the natural cells generated by
the engine while remaining compatible with various partitioning
strategies, ensuring e"cient data access and adaptability.

In the context of particle data, several spatial indexing techniques
have been explored. For example, k-d trees are used to preserve spa-
tial locality, improving performance for nonuniform distributions
and supporting low-latency reads and attribute-based !ltering [70].
Balanced k-d trees also optimize range queries and traversal e"-
ciency for real-time visualization [75]. For cosmological simulations,
inverted indices e"ciently track dark matter particles by exploit-
ing physical properties of particle movement [22]. Additionally,
techniques for optimizing query performance on shared parallel
!le systems, through dynamic scheduling and partial sorting, are
explored in [79]. In HPC environments, the Indexed Massive Direc-
tory within DeltaFS [84, 85] enables high concurrency and e"cient
trajectory queries, while FastQuery [19, 29], which integrates Fast-
Bit indexing, demonstrates substantial performance improvements
on supercomputing platforms.

Static indexing approaches often struggle with the dynamic
nature of PIC datasets, where data distribution and access pat-
terns evolve over time. Tree-based structures, while e"cient for
multidimensional queries, can degrade in performance when at-
tribute ranges overlap signi!cantly, leading to costly linear scans.
L!"#I$%!& addresses these issues with a $exible, multi-level in-
dexing system combined with dynamic in-cell indexing. This ap-
proach allows researchers to tailor the indexing strategy to the
evolving data and query characteristics, ensuring improved perfor-
mance across diverse analysis tasks and data access patterns.

6.2 I/O Optimization for Scienti"c Applications
E"cient I/O is critical for large-scale data analysis, especially when
dealing with the massive datasets generated by PIC simulations.
Traditional parallel I/O libraries, such as HDF5 [29], PnetCDF [48],
and ADIOS2 [27], have introduced various strategies to optimize
data reading and writing, including bulk data aggregation and par-
allel data writing to minimize I/O costs during data generation.

H5bench [49] provides I/O benchmarks to evaluate and opti-
mize HDF5 performance on parallel !le systems. By identifying
performance bottlenecks, H5bench signi!cantly enhances I/O ef-
!ciency in HPC environments. The tool captures a range of I/O
patterns, including data locality, array structures, and I/O modes,
improving overall I/O performance. Two data layout reorganiza-
tion strategies are introduced in [76], which optimize read and
write performance for particle-mesh simulations, such as WarpX.
In a separate study [18], an alternative approach to overcoming
I/O bottlenecks was proposed, where an in-memory query system
aggregates distributed memory across compute nodes. This tech-
nique eliminates disk-based data transfers, leading to substantial
improvements in query performance. DLS [59] was introduced as
a method to improve I/O e"ciency by signi!cantly reducing disk
page accesses when querying complex tetrahedral mesh datasets.
This approach accelerated query performance while preserving

spatial query accuracy. Tree-based particle compression techniques
are proposed in [35], enhancing I/O e"ciency by large dataset
sizes while preserving high reconstruction quality. Their traversal
and partitioning schemes optimize memory usage and minimize
reconstruction errors, thereby accelerating query performance and
enabling faster data processing and analysis. A lightweight in situ
framework is presented in [30], which enhances I/O e"ciency by
enabling visualization of sub-sampled snapshots without down-
loading full datasets or requesting extra compute resources. By
minimizing data movement and enabling local access, it improves
query performance and streamlines analysis. In [15], I/O e"ciency
improvements are achieved through the use of H5Part and Fast-
Query, enabling e"cient analysis of trillion-particle datasets.

However, many existing scienti!c databases (e.g., SciDB [26, 68],
TileDB [60], rasdaman [11]) face challenges when handling raw
PIC data. The data’s size and the speci!c nature of PIC queries
introduce delays and storage overhead, making these systems less
e"cient compared to L!"#I$%!&. The size of the data is often
too large for these systems to handle e"ciently, and the speci!c
nature of PIC queries makes it di"cult for these databases to sup-
port them directly. Furthermore, tools like HDF5 [29], ADIOS 2
[27], and Parquet [73] often rely on block-by-block reading, which
leads to frequent small I/O operations and performance bottlenecks,
especially with scattered access patterns. L!"#I$%!& addresses
this by using an intelligent read scheduler that dynamically groups
or splits data into larger, more e"cient I/O operations, improving
memory usage and I/O performance during query execution.

7 Conclusion and Future Work
In this paper, we presented LegoIndex, a scalable and $exible in-
dexing framework to signi!cantly improve query performance and
resource e"ciency for the analysis of extreme-scale PIC datasets. By
allowing users to customize indexing components and structures,
L!"#I$%!& minimizes unnecessary I/O operations and memory
usage. Its multi-process architecture further accelerates index con-
struction and query execution across diverse dataset scales.

Looking forward, we plan to extend L!"#I$%!& to support
a broader range of data types beyond PIC, making it applicable
to a wider set of scienti!c and simulation domains. We also aim
to integrate predictive heuristics and locality-aware strategies for
dynamic index type selection and next-level detection, further opti-
mizing indexing for varying access patterns. Additionally, we are
exploring distributed index construction using MPI, enabling par-
allelized building of large-scale indices across multiple nodes to
better support massive datasets.
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