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Abstract

Particle-in-Cell (PIC) simulations play a critical role in various sci-
entific domains, including plasma physics, astrophysics, and fusion
energy research, by enabling the modeling of complex interac-
tions between charged particles and electromagnetic fields. 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 significant 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 inefficiencies, current indexing solutions
often fall short of addressing the diverse analysis needs of scientists,
substantial index construction overhead during simulation runs,
and inefficient small I/O operations.

To address these challenges, we present LEGOINDEX, a scalable,
modular, and elastic post-simulation indexing framework designed
to improve data access efficiency while minimizing unnecessary
data I/Os and memory usage. LEGOINDEX offers users the flex-
ibility to customize indexing components, structures, and statis-
tic metrics based on the data scale and specific analysis needs.
LEGOINDEX parallelizes the index construction process, enabling
efficient processing of datasets of varying sizes. To further enhance
query performance, LEGOINDEX intelligently clusters scattered
index results that are spatially or temporally related and optimizes
computation logic to effectively reduce data I/Os and memory usage.
We conducted comprehensive evaluations of LEGOINDEX based on
large-scale real-world PIC datasets. Integrating LEGOINDEX with
the existing analysis tool can achieve up to a 2276x improvement
in overall performance, a 3068x reduction in memory usage, and a
3001x 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
fields, 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 fields and
particle dynamics at fine temporal and spatial resolutions. The
continuous simulation space is discretized into a computational
grid, with each unit (cell) containing electric and magnetic fields
that affect 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 specific 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
specific subsets of particles over time. This is particularly useful in
understanding dynamic processes like particle acceleration, scat-
tering, or confinement in magnetic fields [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 effective 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 efficient
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 amplification 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
suffer from frequent small reads and unnecessary data loading,
which cannot benefit from the high throughput of the underly-
ing HPC parallel file system, as discussed in subsubsection 3.1.3,
causing significant delays in accessing relevant data.

Motivated by the index schemes used in Online Analytical Pro-
cessing (OLAP) scenarios, building an efficient 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 different. At the same
time, scientists may use different types of queries during PIC data
analysis, from point lookup, and range query, to partial tracking.
One predefined single index (e.g., a B-tree) cannot ensure efficiency
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
finished, 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 efficient transfer. Third, PIC data is usually
stored in parallel file systems like Lustre [13, 66, 83], which prefer
large and consecutive I/Os. How to leverage the information from
the index to plan the efficient I/Os during analysis must be explored.

To address the aforementioned three challenges, we propose
LEGOINDEZX, a highly scalable and modular indexing framework
designed for efficient analysis of extreme-scale particle data. First,
LEGOINDEX draws inspiration from the modularity of a Lego model
to fit diverse PIC data and analysis requirements, enabling users to
customize indexing granularity (e.g., cell-level or multi-level in-cell
indexing for specific cells) and index structures (e.g., linear-based
or tree-based). The heterogeneous indexing structures at different
levels are seamlessly connected through unique keys. Additionally,
users can specify customizable statistical metrics at each level (e.g.,
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minimum x-position or maximum y-momentum), enabling fine-
grained support for data analysis.

Second, LEGOINDEX ensures efficient index construction, stor-
age, and migration through several key strategies. To optimize
construction efficiency, 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 efficient storage and retrieval, LEGOINDEX 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 file-based storage. Since raw
datasets are often shared with other scientists and later migrated
to low-cost storage, LEGOINDEX is persisted alongside simulation
data to remain accessible and operational.

Third, in LEGOINDEX, we introduce the Dynamic Scanner and
LegoMask to enhance query efficiency. The Dynamic Scanner an-
alyzes index traversal results to dynamically generate optimized
I/0 plans, grouping nearby I/O requests within a file into larger,
more efficient read operations based on the characteristics of the
underlying file system. Meanwhile, LegoMask improves efficiency
by eliminating irrelevant cells in memory loaded during the group-
ing process, reducing unnecessary particle-level computations and
filtering. Additionally, LEGOINDEX periodically processes histori-
cal performance of the underlying file system to update Dynamic
Scanner parameters, ensuring adaptability to changing conditions
and maintaining optimal performance.

We implemented a prototype of LEGOINDEX as a pluggable li-
brary, available as open-source on GitHub! and integrated with
one of the most widely used PIC analyzing tools, OpenPMD-viewer
[47]. We evaluated the query performance of LEGOINDEX 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 modified version of OpenPMD-viewer
with Min-Max Index (Zonemap) enabled [9, 32, 38, 63]. Our results
demonstrate significant improvements in query efficiency and re-
source utilization: LEGOINDEX achieves up to 2276x and 6.8x
query performance improvement compared to OpenPMD-viewer
and the Min-Max Index version, while reducing memory usage by
up to 3068x compared to OpenPMD-viewer. Even when the target
data proportion increases to 90%, LEGOINDEX consistently delivers
up to 44x better performance than these baselines. The multi-level
index structure provides up to 2.7x better performance than a
single-level index. Additionally, the Bulk Load Scanner design and
parallelization strategies enable index construction speeds that are
up to 3788x, while the group read improves I/O efficiency by up to
2014x over OpenPMD-viewer and 21.7x over Min-Max Index. For
particle visualization and tracking, LEGOINDEX achieves up to 3x
and 260x 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

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

interacting with electromagnetic fields. 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 fields that affect 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 fields 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 file systems such as Lustre [13, 66, 83] and GPFS
[39, 65]. The data files 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 files are generated to facilitate efficient
data retrieval, and indexing details such as file locations, attribute
start offsets, and sizes. While this storage strategy is optimized for
high-throughput output in HPC environments, it often introduces
inefficiencies during data access and analysis.

2.2 Workflows of Particle Data Analysis

Once particle data from PIC simulations is generated and stored,
scientists often need to analyze specific 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 workflow. 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
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Figure 2: Column-based storage of particle data on filesystem.

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 workflow requires at least two separate
read operations from the file 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 inefficient, introducing unnecessary
overhead and significantly slowing down the analysis process. As
PIC simulations grow in size and complexity, volumes of particle
data reach petabyte scales, further exacerbating the inefficiencies
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 efficiency drawbacks. On one hand,
when queries target a small subset of rows (e.g., a few particles),
columnar storage can be inefficient because large data blocks must
still be scanned, leading to unnecessary I/Os. On the other hand,
analytic queries that filter data based on one column (e.g., momen-
tum) and retrieve data from another (e.g., position) require multiple
reads across different blocks, increasing both I/O and CPU costs.

To mitigate these inefficiencies, 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 offer 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.



HPDC ’25, July 20-23, 2025, Notre Dame, IN, USA

—-
—

)

Momentum Z
L =
Momentum Z

Iteration=300 Iteration=400
0 1 2 3 0 1 2 3 4
Position Z 1e-5 Position Z 1e-5

(a) Particle Overview and Selection (b) Particle Tracking

Figure 3: Particle distribution, selection, and tracking,.

= 10 GB Dataset 100 GB Dataset  HEEN 1 TB Dataset

= 3466.07 3850.82
2731.79 . a

§ - 136445 2013.90

2 603.69 5o s cand

= 180.8100 150 2702788 199,55 249.09 299.46

=100 50J;}Mz 100.16

g

= 10

)

< 1 2 3 4 5 6

Number of Particle Attributes Involved

Figure 4: Average query time across different 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 effort.

3.1.1 Reducing Particle Query Latency on Large Datasets. As par-
ticle datasets continue to grow, query latency has increased sub-
stantially, slowing down the overall analysis workflow. 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 filesystem. While
effective 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 amplifications, and processing overhead.
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Consequently, there is a pressing need for a more efficient solu-
tion to minimize memory usage during particle query and analysis
workflows.

3.1.3  Improving 1/O Efficiency. 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 efficiency. For example, reor-
ganizing a 100 GB dataset from over 10,000 small cells into 16 larger
cells significantly improved I/O efficiency, reducing query time to
nearly one-third, as shown in 5(b). Inefficiencies 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
influenced 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 efficient 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
workflows, we propose to design and develop a scalable and
modular post-simulation indexing framework, which indexes
key attributes 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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Figure 7: LEGOINDEX: structure and workflow overview.

(1) Capability of Adapting to Various Analysis 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. Different indexing
structures exhibit varying performance across different 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 specific
analysis requirements. In particular, the framework should support
configurable indexing granularity (e.g., multi-level fine-grained
indexing for large or special cells) and offer various indexing struc-
tures (e.g., tree-based, bitmap-based, hash-based indexes, etc.) to
optimize performance for different query patterns.

(2) Efficient Index Construction, Storage, and Migration. Index
creation must be both efficient 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 efficiently on persistent storage devices
for future analysis tasks. Moreover, since scientific 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 significantly improve the
identification and localization of data chunks that contain target
particles, accessing these data often triggers inefficient I/O opera-
tions due to their small sizes and random distribution across the
dataset. This strains the file 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 LeEGOINDEX

To tackle the challenges of building efficient indexes for large-
scale particle datasets to improve query operations, we introduce
LEGOINDEZX, a scalable and modular indexing framework, as shown
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in Figure 7. LEGOINDEX offers three key features: 1) Inspired by
Lego’s modularity, LEGOINDEX allows users to customize the index,
such as the number of index levels, selection of different index struc-
tures for each level, and embedded statistical metrics. This enables
fine-tuning for specific analysis needs like spatial locality, temporal
tracking, or attribute-based filtering. 2) LEGOINDEX speeds up the
index construction process for massive particle datasets by effi-
ciently parallelizing the process and distributing workloads across
multiple processes or threads. And 3) LEGOINDEX 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 HDFS5, 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 significant read amplification and inefficiency.

To resolve this, LEGOINDEX introduces a customizable multi-
level indexing approach combining a primary cell-level index with
optional in-cell indexes for finer granularity, as shown in Figure 8.
Unlike traditional two-level indexing systems, LEGOINDEX allows
an arbitrary number of index levels within particularly large or
dense cells. This design improves query performance by reducing
read amplification: the primary index identifies relevant cells, and
the in-cell index refines the search range within the cell.

Since constructing in-cell indexes for every cell is computation-
ally expensive, LEGOINDEX introduces a Granularity Controller
that selectively determines which cells require in-cell indexes based
on data distribution and query patterns. By default, LEGOINDEX
applies fixed-size partitioned linear in-cell indexes for large or fre-
quently accessed cells. For more advanced use cases, users can
define custom indexing policies to fine-tune the trade-off 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 effectively
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] efficiently handle range
queries across multiple attributes. However, their performance can
degrade significantly when attribute ranges heavily overlap, like
particle ID. Furthermore, queries like point lookups or particle
tracking require different indexing structures (e.g., hash or special
filters), highlighting the need for customizable indexing.
LEGoOINDEX addresses this challenge by supporting various in-
dexing structures, including linear-based, tree-based, bitmap, and
Bloom filters, 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, LEGOINDEX
provides an open interface for integrating custom index structures
(similar to operator overload in C++), ensuring flexibility 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, LEGOINDEX 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 filters, 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 fine-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 Statistical Metrics. Traditional indexing meth-
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 significant process-
ing and storage overheads. LEGOINDEX addresses this by enabling
customizable indexing metrics tailored to specific 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).

LEGOINDEX supports a range of statistical metrics by three
vectors: the first represents statistical methods (e.g., min, max,
std), and the second corresponds to particle attributes (e.g., %, y,
z). LEGOINDEX 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
efficiently handle complex metrics, LEGOINDEX employs tailored
integration strategies: in linear indexes, metrics are treated as uni-
fied entities for efficient 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 inefficient for multi-criteria queries.

4.2 Index Construction, Storage, and Migration

Intuitively, LEGOINDEX 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 LEGOINDEX based on
the analysis needs of different users. To address this, we propose
constructing LEGOINDEX in a post-simulation phase, during the
system’s off-peak time. If users have a clear idea of the desired index
levels, index structure, and statistical metrics, they can predefine a
configuration file and initiate LEGOINDEX construction immedi-
ately after the simulation concludes. The construction workflow of
LEGOINDEX 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 scientific simulation. To mitigate this,
LEGOINDEX adopts a post-simulation index construction approach.
Once the simulation completes and data is written to the file 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