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Abstract

Modern astrophysics and cosmology generate petabyte-scale datasets that demand advanced tools for scalable visual-
ization and analysis. The Visualization Interface for the Virtual Observatory (VisIVO) provides multi-dimensional data
exploration, but its integration with heterogeneous computing infrastructures and data-intensive workflows has remained
challenging. Here we present a portable and reproducible approach that combines VisIVO with the StreamFlow workflow
engine and the CAPIO middleware. StreamFlow enables hybrid execution across cloud-HPC environments, while CAPIO
injects transparent I/O streaming into legacy file-based pipelines without modifying application code. Together, these
technologies accelerate high—performance visualization, improve reproducibility, and reduce I/O bottlenecks. We demon-
strate our approach on large-scale cosmological simulations produced with ChaNGa and GADGET-based codes, including
studies of massive neutrinos in the DEMNUni suite. Our results show that streaming-enhanced workflows deliver up to
50% performance gains and enable interactive, scalable visualization across distributed infrastructures, paving the way
for exascale-ready scientific discovery.

Keywords Hybrid workflows - Reproducibility - Exascale computing - 1/O streaming - Scientific visualization -
Astrophysics and cosmology - Data-intensive computing

Introduction

The exponential increase in data volume from astronomi-
cal observations and numerical simulations has confirmed
the data-intensive nature of astrophysics and cosmology
(A&C). Large-scale N-body and hydrodynamical simu-
lations now routinely produce datasets on the order of
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petabytes, offering unprecedented opportunities to inves-
tigate phenomena such as dark matter distribution, galaxy
formation, and the role of neutrinos in cosmic evolution.
However, extracting knowledge from such data requires
advanced visualization methods that go beyond traditional
approaches, enabling researchers to interact with complex,
high-dimensional, and time-evolving datasets.
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In Europe, initiatives such as the SPACE Centre of
Excellence are preparing widely used astrophysical simula-
tion codes for efficient use of pre-exascale and future exas-
cale systems,' while the Italian National Research Centre
for High-Performance Computing, Big Data and Quantum
Computing (ICSC) is driving innovation in workflows, 1/0,
and cloud-HPC convergence” [1]. Within this ecosystem,
high-performance visualization plays a central role by pro-
viding scalable and interactive methods to bridge the gap
between data generation and scientific discovery.

The Visualization Interface for the Virtual Observatory
(VisIVO) is a toolkit designed for multi-dimensional data
analysis and knowledge discovery across heterogeneous
astrophysical datasets. VisIVO has already been deployed
on distributed computing infrastructures through Science
Gateways [2], containerization, and integration with the
European Open Science Cloud (EOSC) [3]. Building on this
foundation, the present work introduces a new exploitation
of VisIVO that combines hybrid workflows and streaming
frameworks to address the challenges of large-scale visual-
ization in the petascale era.

Specifically, we describe the integration of VisIVO
with the StreamFlow [4] workflow engine’, enabling flex-
ible hybrid execution across cloud and HPC environments,
and with CAPIO* [5], a middleware that injects streaming
semantics into legacy file-based workflows. Together, these
technologies enhance portability, reproducibility, and per-
formance. We demonstrate their impact through applica-
tions to cutting-edge cosmological simulations, including
galaxy mergers with the ChaNGa code, large scale cosmo-
logical simulations with the OpenGadget3 code, and GAD-
GET-based large-volume neutrino cosmologies within the
[6, 7] DEMNUni suite.

Related Works

The demand for scalable visualization and workflow solu-
tions in astrophysics has led to the development of numer-
ous frameworks across scientific computing.

In visualization, ParaView [8] has long been established
as a scalable environment for analyzing massive datasets in
distributed HPC systems, leveraging parallel rendering and
client-server architectures for remote visualization. The yt
[9] project provides a Python-based toolkit tailored for astro-
physical simulations, supporting multiple codes (e.g., Enzo,
GADGET) with flexible volumetric and particle-based

! https://www.space-coe.eu
2 https://www.supercomputing-icsc.it/
3 https://streamflow.di.unito.it/

4 https://capio.hpcdai.it/
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rendering. While powerful, both ParaView and yt operate
primarily as standalone analysis environments and lack
native integration with workflow abstractions or transparent
streaming mechanisms.

Workflow models and systems have long been used to
orchestrate large-scale computational scientific experiments
[10-13]. Their advantages arise primarily from two factors.
First, the loose coupling between coordination semantics
and the underlying execution environment promotes porta-
bility, reproducibility, and reusability. Second, the explicit
decomposition of complex processes into discrete steps and
their dependencies allows the workflow system to handle
concerns such as fault tolerance [14], provenance collection
[15], and automatic optimization of the execution graph
[16].

For these reasons, workflows have been widely adopted
across a broad range of scientific disciplines. In bioinfor-
matics, systems such as Galaxy [17], Snakemake [18], and
Nextflow [19] provide curated catalogs of hundreds of com-
posable computational tools. In computational materials
science, AiiDA [20] enables domain experts to automate
complex numerical procedures and execute them at scale
on HPC infrastructures. In the astrophysics domain, systems
such as Pegasus [21] and the engines behind large astro-
nomical surveys like the LSST pipeline [22] provide robust
frameworks for automating multi-stage processing with
an emphasis on reproducibility and provenance. However,
these rely on file-based semantics and do not natively sup-
port in-memory streaming between workflow stages, which
can become a bottleneck for data-intensive visualization
tasks.

/O performance optimization has also been widely stud-
ied. Staging services have been proposed to alleviate file
system pressure by prefetching or buffering data [23], while
cloud-aware scheduling frameworks have incorporated
provenance and data locality [24]. These methods highlight
the importance of I/O management, yet they do not target
streaming integration within legacy pipelines.

Our work advances beyond these approaches by combin-
ing three dimensions into a unified framework: (i) workflow
abstraction through StreamFlow, enabling dynamic assign-
ment of workflow stages to heterogenecous environments;
(i) /O streaming through CAPIO, which transparently
injects in-memory data transfer into file-based pipelines
without modifying application code; and (iii) a visualiza-
tion toolkit, VisIVO, optimized for large-scale astrophysical
data. This integration uniquely enables portable, reproduc-
ible, and scalable visualization pipelines tailored for astro-
physics and cosmology in the exascale era.


https://www.space-coe.eu
https://www.supercomputing-icsc.it/
https://streamflow.di.unito.it/
https://capio.hpc4ai.it/
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VislVO Modular Applications

To render the visualization of A&C simulation outcomes,
VisIVO Server employs three modules for the following
tasks: data importing, filtering, and viewing.’> The data
importing task converts the supplied datasets (originally
in different formats) into an internal binary format named
VisIVO Binary Table (VBT), which is a highly-efficient
data representation internally used by VisIVO Server. A
VBT consists of a header file (extension .bin.head) contain-
ing all necessary metadata, and a raw data file (extension
.bin) storing actual data values. E.g., the header may contain
information regarding the overall number of fields and the
number of points for each field (for point datasets) or the
number of cells and relevant mesh sizes (for volume datas-
ets). The raw data file is typically a sequence of values, e.g.,
all X followed by all Y values.

The data filtering module can perform several types of
operations, for example data filtering operations (e.g. Ran-
domization, Decimation) to reduce the final resolution, the
application of mathematical or statistical operators, and
cosmological post-processing. Among the latter, there are
three commonly used mass assignment methods [25] that
calculate the particle densities, i.e., the nearest grid point

Cosmological
snapshot

(NGP), the cloud-in-cell (CIC), and the triangular-shaped
cloud (TSC) methods.

Finally, the visualization process creates multi-dimen-
sional views from the data that must fit the available RAM.
These kinds of visualization include data points, volumes,
and vectors, and are based on the Visualization Toolkit
(VTK).®

Figure 1 depicts the typical visualization pipeline of
VisIVO for processing cosmological snapshots, consisting
of the application of the three main modules: VisIVOIm-
porter and VisIVOFilter, for calculating the particle
densities, and VisIVOViewer, for final renderings.

Methodology
The StreamFlow Methodology

We employed workflow abstractions to allow a portable
representation of the VisIVO modular applications and
their resource requirements. The integration of VisIVO
with the StreamFlow workflow management system fos-
ters reproducibility and maintainability, allowing users to
take advantage of heterogeneous HPC facilities (including

VisIVO Importer
gadget/changa

|CveT]

v A\ 4

v

VisIVO Filter VisIVO Filter VisIVO Filter
pointproperty pointdistribute statistic ‘
VBT VBT
v \ 4
VisIVO Viewer VisIVO Viewer
data points volume

Fig. 1 Visualization pipeline of VisIVO. A schematic representation
of the VisIVO pipeline applied to cosmological simulation snapshots
(from ChaNGa and GADGET-based codes). The pipeline consists of
three modules: (i) VisIVOImporter, which converts simulation
outputs into the efficient VisIVO Binary Table (VBT) format; (ii)

5 https://visivo.readthedocs.io/en/latest/

VisIVOFilter, which applies operations such as density computa-
tion or statistical analysis; and (iii) Vi s IVOViewer, which produces
particle- and volume-based renderings. This modular structure enables
scalable visualization of astrophysical simulations.

6 https://vtk.org/
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mixed cloud-HPC resources) while minimizing data trans-
fer overheads.

StreamFlow is a container-native Workflow Manage-
ment System (WMS), developed in Python 3 and based on
the Common Workflow Language (CWL) [26] open stan-
dard.” It has been designed with two key goals in mind:
first, to enable the execution of tasks in multi-container
environments, thereby supporting the concurrent execution
of multiple communicating tasks within a multi-agent eco-
system; and second, to relax the requirement for a single
shared data space, thus facilitating hybrid workflow execu-
tions across multi-cloud deployments or hybrid cloud/HPC
infrastructures.

When targeting homogeneous execution environments
(e.g., a single node, an HPC cluster, or a cloud orchestra-
tor), a WMS can make simplifying assumptions about the
underlying infrastructure. A common assumption is the
availability of a shared data space, such as a local disk, a
cluster-wide parallel file system, or a shared object store in
the cloud. Additional assumptions may concern transport
layers (e.g., SSH, TCP connections, or WebSocket APIs),
resource allocation mechanisms, and authentication.

In heterogeneous workflow executions, these assump-
tions no longer hold, and the WMS must explicitly man-
age tasks such as data movement across environments. The
StreamFlow WMS extends a standard workflow graph, com-
posed of steps and their inter-dependencies, with a declara-
tive description of the potentially complex topology of
execution environments. This hybrid workflow model [27]

enables the execution of different steps across multiple sites
without requiring shared data spaces, authentication proto-
cols, or bidirectional network channels. The StreamFlow
control plane manages all aspects of workflow execution,
including data transfers, fault tolerance, and provenance.
This approach has proven sufficiently general to orchestrate
large-scale workflows across heterogeneous cloud/HPC
environments [4, 28], multiple HPC facilities [29, 30], and
classical/quantum systems [31].

With the help of hybrid workflows, different VisIVO
modules can run in a multi-container environment, seam-
lessly switching between different container runtimes (e.g.,
Docker or Singularity). Moreover, independent workflow
steps can be executed concurrently on top of multi-agent
ecosystems (cloud/HPC) [10]. Figure 2 shows an example
of a complex deployment model for the VisIVO workflow.
In this setting, the importer and filters modules of VisIVO
are executed on the HPC platform, where cosmological
simulations are produced, while the viewer modules are
deployed on a Cloud infrastructure where a data or web ser-
vice may be present to easily access the produced images.

In addition, using the CWL format for workflow design
ensures the portability and reproducibility of VisIVO work-
flows while avoiding technology lock-in. CWL benefits
from strong compatibility layers with a wide range of work-
flow systems (e.g., Galaxy and Airflow®), standards (e.g.,
the Workflow Run RO-Crate profiles for provenance collec-
tion [15]), and services (e.g., the WorkflowHub platform for

publishing [32]).
Cosmological II

VislVOlmporter | | 77T L snapshot
gadget/changa T
‘~‘__»___;> oo 0
VBT s
e > e o e
__,__——"'/ HPC cluster
VisIVO Filter VisIVO Filter VisIVO Filter
pointproperty pointdistribute statistic
________ >
VBT VBT e
' - c
VisIVO Viewer VisivOViewer | |
data points volume

VislIVO pipeline

Fig. 2 Hybrid deployment model for VisIVO workflows. An example
of how VisIVO modules can be distributed across heterogeneous
infrastructures. Simulation data are imported and filtered on an HPC
system, while rendering tasks are executed on cloud services, where

7 CWL, https://www.commonwl.org/
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Deployment

visualization results can be accessed interactively. This deployment
strategy minimizes data movement while enabling portability and
reproducibility.

8 https://airflow.apache.org/
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The CAPIO Methodology

The CAPIO methodology aims at improving the perfor-
mance of file-based workflows without the necessity to
modify the workflow step’s source code. At its core, CAPIO
is composed of two parts (see Figure 3): a coordination lan-
guage, called CAPIO-CL [33, 34], which aims at annotat-
ing dependencies on files within file-based workflows, and
a middleware, named CAPIO middleware [5], which is the
reference implementation of CAPIO-CL. The CAPIO mid-
dleware improves the performance of file-based workflows
by enforcing the semantics expressed in the CAPIO-CL
configuration file (thus, injecting streaming capabilities),
and by performing I/O operations in memory instead of in
the file system (when possible).

CAPIO-CL

CAPIO-CL is a coordination language designed to manage
file dependencies in file-based workflows. It uses JSON for
its syntax and organizes its semantics into two main catego-
ries: fire rules, which determine when data produced by a
workflow step can be consumed, and commit rules, which
specify when a data stream is considered complete (i.e., the
end-of-file or EOF is reached). CAPIO-CL operates exclu-
sively on files and directories located within a predefined
virtual mount point, CAPIO_DIR, ensuring that rules only
apply to data within this directory.
Fire Rules

CAPIO-CL defines two types of fire rules: Fire no Update
(FnU) and Fire on Commit (FoC). Fire no Update allows a
consumer step to begin reading a file as soon as the producer
writes any data. In contrast, Fire on Commit delays con-
sumption until the file is fully written and explicitly commit-
ted by the producer. By choosing FnU, streaming between
steps is enabled, with the commit rule serving only to signal
the end of data. However, if a file is modified in place (i.e.,
previously written portions are changed), streaming is not

POSIX application logical
address space

HPC Node

Application

Shared CAPIO
Memory SERVER

Syscall

‘ CAPIO Intercept library ’

Communication
Channel

-------------------------------- t-------4--4 CAPIO-CL [--t-------'
config file

permitted. In such cases, the consumer must wait for the file
to be committed before accessing it.
Commit Rules

Commit rules define when a file is considered complete,
which is essential for notifying consumer steps in streaming
scenarios. CAPIO-CL provides three commit rules:

e Commit on Close (CoC): a file is committed when the
producer calls close () ; subsequent modifications are
disallowed.

e Commit on Termination (CoT): used when a workflow
step opens and closes a file multiple times. The file is
committed once the producing step terminates.

e Commit on File: it establishes a dependency where file
f1 is committed only after file fo is committed.

Additional modifiers exist (e.g., specifying the number of
times a file is closed), but are beyond the scope of this paper.
For directories, CAPIO-CL defines the Committed n-Files
(CnF) rule, which considers a directory committed once it
contains at least » entries.
CAPIO-CL Syntax

CAPIO-CL semantics is expressed via JSON, in a config-
uration file referred to as the CAPIO-CL configuration file.
This file contains five sections, two of which are manda-
tory: name and IO_Graph. The name section identifies the
workflow, allowing CAPIO to distinguish among multiple
workflows. The IO_Graph section describes the file depen-
dencies between workflow steps, with the following fields:

name: the name of the workflow step;

input_stream: a list of file paths” consumed by the step;
output_stream: a list of file paths produced by the step;

streaming: it defines coordination rules, including the
fire rule (via mode) and commit rule (via committed).
This section uses name (for files) or dirname (for direc-
tories), both referring to entries in output stream, and
can optionally include n_files to specify a required num-
ber of directory entries.

i POSIX application logical !
| address space |

CAPIO Shared
SERVER Memory

HPC Node

Application
Syscall

‘ CAPIO Intercept library ’

( Distributed File System )

Fig.3 Overview of the CAPIO middleware architecture.

9 CAPIO-CL supports wildcards: * it matches any sequence of char-

acters, ? matches a single character.
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The three optional sections are as follows:

exclude: it lists files to ignore within CAPTIO_ DIR;
permanent: it specifies files that should persist after the
workflow finishes;

e home_node_policies: it designates the node responsible
for storing specific files.

For further details, the reader is referred to the official
CAPIO-CL documentation.'®

The CAPIO Middleware

The CAPIO middleware'! is a userspace implementation
of the CAPIO-CL coordination language. This means that
there are no requirements for root permissions. The CAPIO
middleware enhances the performance of file-based work-
flows through two primary mechanisms:

e Streaming Injection: CAPIO relaxes POSIX semantics
based on the coordination rules defined in the CAPIO-
CL configuration file;

e In-Memory Filesystem: CAPIO enables workflows
to read and write files directly in node-local memory,
thereby avoiding the distributed file system or at least
bypassing shared network mounts.

These performance improvements are transparently
achieved by intercepting system calls related to file 1/O.

Figure 3 illustrates the CAPIO middleware architecture.
The CAPIO system intercepts POSIX file I/O calls and trans-
parently injects streaming semantics into file-based work-
flows. Each HPC node hosts a CAPIO server and a POSIX
interception library, enabling applications to exchange data
directly in memory rather than through the distributed file
system. As illustrated in Figure 3, the CAPIO middleware
consists of two main components:

e A server component, responsible for executing CAPIO-
CL logic, managing storage, and handling inter-node
communication;

o A POSIX interception library, built on a customized
fork of syscall_intercept12 which allows the
interception and redirection of system calls before they
enter kernel mode.

System calls that require handling are forwarded to the
local server via a shared-memory queue. If necessary, the

19 https://capio.hpcdai.it/docs/
U hitps://github.com/High-Performance-10/capio

12 http://github.com/alpha-unito/syscall_intercept/ forked from https:/
/github.com/pmem/syscall_intercept
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local server can query remote servers to resolve requests
collaboratively.

CAPIO is designed to operate dynamically. Unlike
traditional solutions (such as MPI-IO [35]), each server
instance functions independently, eliminating the need
for coordinated startup mechanisms such as MPI (though
MPI remains compatible). This design facilitates seamless
orchestration (and future transparent integration) by WMS
such as StreamFlow [4] and DagonStar [36-38], which
leverage HPC job schedulers such as Slurm. Finally, CAPIO
supports multiple backends. It can operate in a file-system-
based mode (CAPIO-FS), where only POSIX semantics
are relaxed, or in a high-performance in-memory mode
(CAPIO-MEM), where files are exchanged between serv-
ers using communication layers such as UCX/UCS, MQTT,
TCP sockets, or MPI.

To apply the CAPIO methodology to the VisIVO work-
flow, given the size of the dataset, we had to use the CAPIO-
FS backend, which only requires a shared file system
mounted on each compute node, from which the workflow
will read and write files.

VislVO Workflows

We developed two CWL workflows to automate the visu-
alization of astrophysical simulation data using the VisIVO
suite. Each workflow consists of a sequence of three com-
ponents: VisIVOImporter, VisIVOFilter, and
VisIVOViewer (Figure 1).

Workflow; generates a point-based visualization of parti-
cles, colored according to their computed densities. Simula-
tion snapshots from ChaNGa or GADGET-based simulation
codes are first converted into VisIVO Binary Tables using
the VisIVOImporter. A density field is then computed
with the Cloud-in-Cell algorithm, merged with the original
particle data, and rendered with the VisIVOViewer to
produce density-colored particle images.

Workflows produces a volumetric rendering of the
particle density field. Following data import, the particle
distribution is mapped onto a regular 3D grid using the
PointDistribute filter, creating a volumetric density field.
The workflow then computes basic statistics before gener-
ating volumetric renderings through the VisIVOViewer.

Both workflows are publicly available under the Apache
2.0 license in the VisIVOCWL GitHub repository,'> where
they are listed as workflows n.3 and n.5 in the README . md.

B3 https:/github.com/VisTVOLab/VisSIVOCWL
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Workflow Components

The initial step, common to both workflows, is executed by
VisIVOImporter, which converts a snapshot produced
by ChaNGA or a GADGET-based code into VBTs.

In the first workflow, the VisIVOImporter step exe-
cutes the script in Listing 1 for the ChaNGa code output:

This command generates VBTs for each particle spe-
cies, such as NewTableHALO.bin and NewTable-
GAS.bin, along with the corresponding header files. For
the remainder of the workflow, we focus on the halo data
(NewTableHALO).

Workflow, The first workflow proceeds with two filter-
ing steps:

1| $ VisIVOImporter --fformat changa --out

NewTable --file snapdir/snap_name

Listing 1 VisIVOImporter step command for ChaNGA snapshots

The script above converts a ChaNGa snapshot in Tipsy
format and produces a new VBT for each type of parti-
cle in the snapshot. In our specific case, it produces three
files, NewTableDARK.bin, NewTableGAS.bin, NewTa-
bleSTARS.bin, and their corresponding header files,
NewTableDARK .bin.head, NewTableGAS.bin.head, and
NewTableSTARS.bin.head. The header files contain infor-
mation about the dark matter, gas components, and stars of
the input ChaNGa snapshot.

In the second case of the snapshots produced by a GAD-
GET-based code, it runs in parallel using AA OpenMP
threads and BB MPI processes, as shown in Listing 2.

1. Density Computation: A temporary volumetric dataset
is created using the Cloud-in-Cell (CIC) algorithm, and
density values are assigned to particles with the Point-
Property operation, following the script shown in Listing
3.

2. Table Merge: The original table is merged with the
newly computed density field using the script as shown
in Listing 4.

-

$ export OMP_NUM_THREADS=AA

Snap_name

2| $ mpirun --np BB VisIVOImporter --fformat gadget --out NewTable --file snapdir/

Listing 2 VisIVOImporter for GADGET snapshots running with MPI and OpenMP

-

$ VisIVOFilter --op pointproperty --resolution X_RES Y_RES Z_RES
POS_Y P0S_Z --out density.bin --outcol density --file NewTableHALO.bin

--points POS_X

Listing 3 VisIVOFilter PointProperty operation command

1| $ VisIVOFilter --op merge --out NewTableHALOMerge.bin

--filelist tabselection.txt

Listing 4 VisIVOFilter merge operation commandThe final visualization step renders the particle distribution, as shown in

Listing 5.

1| $ VisIVOViewer --x POS_X_tab_1 --y POS_Y_tab_1 --z POS_Z_tab_1 --color
--colorscalar density_tab_2 --colortable volren_glow --logscale --out
VisIVOServerImage NewTableHALOMerge.bin

Listing 5 VisIVOViewer particle rendering command

SN Computer Science
A SPRINGER NATURE journal
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Fig. 4 VisIVO workflows
expressed in Common Workflow

Language (CWL).
:w;rl;ﬂ; Outputs |
Y I
: outViewW :
loccococococoo o
(a) Workflow;: performing the particle rendering using the density, computed
by the Filter step, as the color field.
:_erEﬂZw-nprts________-_--_-________--_-________-_--_.
|
| | srcViewwo ” srcFilterF1W0 ” messageW ” srclmpnpW ” srcimpWl ” srclmpWo ” srcFilterF2Wo0 :
N, Y N D S,
srcfilterF20
. Vi [
I | outViewWw ” outstatF I \
! [
Il Workflow Outputs |
(b) Workflows: computing particles statistics and rendering the volume visu-
alization of the particle densities.
This produces four PNG images (VisIVOServerIm- The PointDistribute operation distributes density values
ageXX.png) showing the density-based point rendering. onto a regular grid using the CIC algorithm (default), gener-
Workflow, The second workflow uses a filter step to  ating a volumetric representation stored in densityvol-
compute a volumetric density field, as shown in Listing 6. ume.bin.

An additional filter step calculates the snapshot statistics
as shown in Listing 7.

-

$ VisIVOFilter --op pointdistribute --resolution X_RES Y_RES Z_RES --points POS_X
POS_Y POS_Z --out densityvolume.bin --file NewTableHALO.bin

Listing 6 VisIVOFilter PointDistribute operation command

1| $ VisIVOFilter --op statistic --histogram --out results.txt --file NewTableHALO.bin

Listing 7 VisIVOFilter statistic operation command

SN Computer Science
A SPRINGER NATURE journal
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The final visualization step performs volume rendering,
as shown in Listing 8.

1| $ VisIVOViewer --volume --vrendering --vrenderingfield Constant --color
--colortable volren_glow --showlut --out img --file densityvolume.bin

Listing 8 VisIVOViewer volume rendering command

Like Workflowy, this produces four PNG images using
the specified rendering parameters.

Workflow Execution and Orchestration

The workflows are implemented as .cwl files, which
declare a CWL Workflow composed of steps implemented
as CommandLineTool classes. Docker containers are
bound to each step using the DockerRequirement
directive.

VisIVO workflows expressed in CWL are illustrated in
Figure 4. Two workflows were developed to automate visu-
alization of astrophysical simulation data: Figure 4a shows
the Workflow; that generates particle-based renderings with
density fields computed via the Cloud-in-Cell method; Fig-
ure 4b depicts the Workflows which computes volumetric
density fields and corresponding statistics, followed by vol-
ume rendering. Each workflow specifies inputs, outputs,
and dependencies among VisIVO modules, enabling repro-
ducibility and portability.

Results

This section reports the results of VisIVO workflows
(described in Section VisIVO workflows) achieved using
the computing infrastructures presented in Section Comput-
ing Infrastructure on the testing dataset described in Sec-
tion Data description through the integration with CAPIO
(Section CAPIO Configuration and Performance results)
and StreamFlow (Section StreamFlow Hybrid Execution
results) and, finally, the rendering results (Section Ren-
dering results). This evaluation highlights the portability,
scalability, and performance improvements of the overall
methodology.

Computing Infrastructure
The VisIVO workflows have been tested on two computing

infrastructures, namely the HPC4AI@UNITO' infrastruc-
ture [39] and the Galileo100 HPC cluster at CINECA. "

14 https://hpcdai.unito.it/
15 https://www.cineca.it/en/data-center/hpc-infrastructure

HPC4AI@UNITO

The VisIVO with CAPIO beneath is running on the C3S
Broadwell partition hosted at the HPC4AI@UNITO infra-
structure. The configuration of each node of the Broadwell
partition is defined in the following way:

CPU - Intel Xeon E5-2697 v4 @ 2.30GHz
MEMORY - 125 GB

NETWORK - InfiniBand @ 100Gb/s

File System - BeeGFS

The execution of the VisIVO workflows with StreamFlow is
deployed on the cloud-HPC continuum environment at the
HPC4AI@UNITO infrastructure. The cloud partition con-
sists of the Virtual Machine (VM) with 48 cores and 300 GB
RAM . The VM establishes a connection to the HPC fron-
tend via SSH over the public internet, achieving a transfer
speed of 100 MB/s. In the hybrid execution, the HPC parti-
tion employed is the Broadwell partition defined above.

CINECA Galileo100

On the other hand, 16 nodes of the CINECA Galileo100
HPC facility (48 cores, 384 GB RAM, 2x NVIDIA V100
GPUs each) have been used to render the snapshots of the
GADGET data presented in Section GADGET data from
DEMNUni suite. The related data have been generated in
the same facility and require 50 TB of storage, making it
difficult to move them into another available infrastructure
at our premises.

Data Description

For our tests we used ChaNGa'® (Charm N-body GrAvity
solver) and GADGET (GAlaxies with Dark matter and Gas)
simulation snapshots (produced by the OpenGadget3'” code
and the DEMNUni suite).

16 https://github.com/N-BodyShop/changa
17 https://gitlab.lrz.de/MAGNETICUM/Hydro-OpenGadget3
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ChaNGa Data

ChaNGa is a code designed for collisionless N-Body simula-
tions. It supports a range of applications, from cosmological
simulations with periodic boundary conditions to the study
of isolated stellar systems. The code incorporates hydrody-
namics through the Smooth Particle Hydrodynamics [40]
(SPH) method and performs gravity calculations using a
Barnes-Hut tree algorithm [41]. This algorithm leverages
hexadecapole node expansions and Ewald summation [42]
to account for periodic forces. ChaNGa employs a leapfrog
integrator for time evolution, allowing particles to have
individual timesteps. The simulation outputs are stored in
the TIPSY data format,'® ensuring compatibility with stan-
dard analysis tools.

GADGET Data from OpenGadget3

OpenGadget3 is a collisionless N-Body/Lagrangian cosmo-
logical code that solves the Vlasov-Poisson equations in a
cosmological expanding framework. It uses the SPH com-
putational method to describe the motion of fluids in addi-
tion to the gravitational forces. The gravitational problem is
numerically solved by coupling a Particle-Mesh algorithm
for the average field and a tree-based Barnes&Hut algo-
rithm for the interaction with the close neighborhood. The
code allows running simulations in a full cosmological con-
text, i.e., accounting for an expanding background and the
presence of matter, both “dark” and baryonic (the ordinary
matter), and dark energy. Although the full cosmological
context is often the default choice, having a non-expanding
background and a setup with only dark or baryonic matter
is equally possible.

GADGET Data from DEMNUni Suite

Finally, the presented workflows have supported the stud-
ies of the effects of massive neutrinos on the evolution of
the large-scale structures of the Universe from the so-called
“Dark Energy and Massive Neutrino Universe” (DEM-
NUni) suite [43, 44]. The DEMNUni simulations have been
performed using the tree particle mesh-smoothed particle
hydrodynamics (TreePM-SPH) code GADGET-3[6], specifi-
cally modified by [7] to account for the presence of massive

18 https://github.com/N-BodyShop/tipsy
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neutrinos. This modified version of GADGET-3 follows the
evolution of Cold Dark Matter (CDM) and Hot Dark Matter
(HDM) neutrino particles, treating them as two separated
collisionless species.

For the particular case of this work, we have considered
the DEMNUni subset of simulations with a starting red-
shift z;, = 99, and characterized by a comoving volume of
(500 R~ Mpc)? filled with 20483 dark matter particles
and, when present, 20483 neutrino particles [45, 46]. Given
the large amount of memory required by the simulations,
baryon physics was not included. We consider two different
simulations, with a baseline Planck cosmology [47], namely
a flat ACDM model generalized to a v ACDM framework
by changing only the value of the sum of the three active
neutrino masses M, = Zl m,,; = 0.16 eV, and keeping
fixed €2y, and the amplitude of primordial curvature per-
turbations. This subset of simulations is characterized by
a softening length e =5 h~! Kpc, and has been run on
the Marconil00 supercomputer at CINECA, Italy."” For
each simulation, we have produced 64 outputs logarithmi-
cally equally spaced in the scale factor a = 1/(1 4+ z), in
the redshift interval z = 0 — 99, 50 of which lay between
z = 0 and z = 10. For each of the 64 output times, we have
dumped on-the-fly a particle snapshot composed by both
CDM and neutrino particles.

CAPIO Configuration and Performance Results

To execute the VisIVO pipelines with the CAPIO middle-
ware, we first had to define the CAPIO-CL configuration file
as detailed in the following section.

CAPIO-CL Configuration File to Execute VisIVO Pipelines

To execute the VisIVO pipelines with the CAPIO middle-
ware, we first had to define the CAPIO-CL configuration
file. This file was made generic, meaning that it is the same
for all three different pipelines that were tested with the
CAPIO middleware. Listing 9 shows the CAPIO-CL con-
figuration file used to test the three VisIVO pipelines.

19 https://www.cineca.it/
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Fig.5 The structure of the VisIVO . .

workflow executed with CAPIO, .Po_mt D VisIVO Importer
consists of an initial Importer step, Distribute @ VisIVO Filters
one or more Filter operations, and

one or more Viewer renderings.

() VisIvo Viewer

Point

Importer
P Property
Statistics Randomizer Viewer
Fig. 6 Performance of VisTVO workflow VisIVO workflow
when executing with different filter mod-
ules, with and without CAPIO. Average 800
execution time for three representa- 700 NO-CAPIO €@
tive filter operations (PointDistribute, g CAPIO @
Randomizer, and Statistics) applied ‘; 600
to a 257 GB GADGET dataset from S ~
the DEMNUni suite. The CAPIO-FS 5 g 500
backend delivers performance improve- b g 400
ments of 15-50%, with the largest gains 59
observed for the Statistics filter, which Y 2 300
benefits most from streaming-based = 200
parallelization. &
=
A~ 100
0
PointDistribute Randomizer Statistics
Pipeline
1| {
2 "name":"visivo",
3 "I0_Graph":[
4 {
5 "name" : "importer",
6 "input_stream" : ["box_256/snap_x*"I,
7 "output_stream" : ["GAS.bin*","HALO.binx","STARS.binx"],
8 "streaming" : [
9 {
10 "name" : ["GAS.binx*","HALO.bin*","STARS.bin*"],
11 "committed" : "on_close",
12 "mode" : "no_update"
13 ¥
14 ]
15 }.{
16 "name" : "filter",
17 "input_stream" : ["GAS.binx","HALO.binx*","STARS.bin*"],
18 "output_stream" : ["randomizer.bin*","statistics.binx*",
19 "pointdistribute.binx*"],
20 "streaming" : [
21 {
22 "name" : ["randomizer.bin*","statistics.binx",
23 "pointdistribute.binx*"],
24 "committed" : "on_close",
25 "mode" : "no_update"
26 }
27 ]
28 } ’{
29 "name" : "viewer",
30 "input_stream" : ["randomizer.bin*","statistics.binx",
31 "pointdistribute.binx*"],
32 "output_stream" : ["*.png"]
33 "streaming" : []
34 X
35 ]
36| }

Listing 9 The configuration file for the VisIVO workflow, which higlights the mostimportant aspects needed by CAPIO to correctly add streaming
functionality withinthe workflow
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With the CAPIO-CL configuration shown in Listing 9,
the VisIVO pipeline was executed with the CAPIO middle-
ware beneath. All the scripts reported here are based on the
Slurm queue manager. The Slurm script describing the sub-

mission of the importer is presented in Listing 10. step parameters.

#!/bin/bash
#SBATCH [SLURM config params...]

export CAPIO_DIR=./visivo_workdir
export CAPIO_WORKFLOW_NAME=visivo
export CAPIO_APP_NAME=importer

srun --overlap --exact --export=ALL -N $SLURM_NNODES -n $SLURM_NNODES
--ntasks-per-node=1 capio_server -c visivo-all.json > logs/server.log &
CAPIO_SERVER_PID=§!

srun --overlap -N 1 --export=ALL,LD_PRELOAD=libcapio_posix.so \
VisIVO0Importer --fields POS --fformat gadget \
--out visivo_out_dir/halo.bin box_256/snap_062.0

5| ki1l $CAPIO_SERVER_PID

Listing 10 Extract of the Slurm submission script to start the VisIVOImporter withCAPIO

#!/bin/bash
#SBATCH [SLURM config params...]

export CAPIO_DIR=./visivo_workdir
export CAPIO_WORKFLOW_NAME=visivo
export CAPIO_APP_NAME=importer

srun --overlap --exact --export=ALL -N $SLURM_NNODES \
-n $SLURM_NNODES --ntasks-per-node=1 \
capio_server -c visivo-all.json > logs/server.log &

CAPIO_SERVER_PID=$!

srun --overlap -N 1 --export=ALL,LD_PRELOAD=libcapio_posix.so \

VisIVOFilter --op pointdistribute --resolution 512 512 512 \
--points POS_X POS_Y P0S_Z --out visivo_out_dir/pointdistribute.bin \
visivo_out_dir/HALO.bin

kill $CAPIO_SERVER_PID

Listing 11 Extract of the Slurm submission script to start the VisIVOFilter withCAPIO

Finally, to visualize the filter

output

data,

To execute the filter step, the bash script described in
Listing 11 can be used. Note that we use the PointDistribute
filter in our example; however, to execute the randomizer
or PointProperty filter, users need only to change the filter

the

VisIVOViewer can be submitted as described in Listing

12.
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Fig.7 VisIVO workflows hybrid

(cloud-HPC) execution orchestrated by
StreamFlow.

Steps
/importer
[filterl
[filter2
Jviewer
Q ,»Q ,1,0 ,,)0 BQ Q)Q ,\Q
Time (seconds)
(a) Workflkow;: hybrid execution on cloud-HPC.
Steps
/importer
[filterl
[filter2
Jviewer
Q ,\,0 ’19 ,,)Q D‘Q

Time (seconds)

(b) Workflowsa: hybrid execution on cloud-HPC.

#!/bin/bash
#SBATCH [SLURM config

export CAPIO_DIR=./vis

params...]

ivo_workdir

export CAPIO_WORKFLOW_NAME=visivo

5

6| export CAPIO_APP_NAME=importer

7

8

9| srun --overlap --exact --export=ALL -N $SLURM_NNODES

10 -n $SLURM_NNODES --ntasks-per-node=1

11 capio_server -c visivo-all.json > logs/server.log &

12| CAPIO_SERVER_PID=§!

14| srun --overlap -N 1 --export=ALL,LD_PRELOAD=libcapio_posix.so
15 VisIVOViewer --volume --vrendering

16 --vrenderingfield Constant

17 --autorange --colortable volren_glow

20| kill $CAPIO_SERVER_PID

visivo_out_dir/pointdistribute.bin

P

Listing 12 Extract of the Slurm submission script to start the VisIlVOViewer withCAPIO.
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POS_Y 04233

Constant
5.79e-12 8.51e-09 3.86e-06 7.73e-06

Fig. 8 Example particle and volume renderings from VisIVO work- evolution from OpenGadget3 simulations, with voxel density com-
flows. Left: particle-based rendering of gas distributions from ChaNGa puted via the PointDistribute filter. Colors indicate particle or voxel
galaxy merger simulations, with density computed using the Point- density, enabling intuitive exploration of astrophysical processes.

Property filter. Right: volumetric rendering of large-scale structure
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10247
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[
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CDM-density
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Fig. 9 Volume renderings of DEMNUni simulations. Top panel: cold neutrinos. Both visualizations were produced using Workflows (Point-
dark matter (CDM) density distribution at redshift z = 0 from the Distribute + volume rendering). These outputs illustrate the ability of
DEMNUni cosmological suite. Bottom panel: corresponding render- the framework to capture the impact of neutrinos on the growth of
ing of neutrino particle density from simulations that include massive cosmic structures.
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1| {

2 "name": "visivo",

3 "I0_Graph": [{

4 "name": "importer",

5 "input_stream": ["box_256/snap_x*"],

6 "output_stream": ["workdir/HALO.binx"],

7 "streaming": [{

8 "name": ["workdir/HALO.binx"],

9 "committed": "on_close",

10 "mode": "no_update"

11 }]

12 P ot

13 "name": "filter",

14 "input_stream": ["workdir/HALO.binx"],

15 "output_stream": ["workdir/pointdistribute.binx"],
16 "streaming": [{

17 "name": ["workdir/pointdistribute.binx*"],
18 "committed": "on_close",

19 "mode": "no_update"
20 }]
21 }.{
22 "name": "viewer",
23 "input_stream": ["workdir/pointdistribute.bin*"],
24 "output_stream": ["workdir/*.png"]
25 1
26| }

Listing 13 The configuration file used to execute the PointDistribute VisIVO pipeline. When running other pipelines, the configuration is extremely
similar, and the onlyrequirement is to add/replace files in the input and output stream sections of thevarious steps

Listing 13 shows the CAPIO-CL configuration file
used to execute the VisIVO workflow with the CAPIO-FS
backend.

CAPIO Performance Results

Figure 5 shows the logical representation of the VisIVO
pipeline (Importer — Filter(s) — Viewer(s)), highlighting
the points where CAPIO streaming injection can replace
traditional file-based communication.

Figure 6 reports the performance of three VisIVOFil-
ter modules (with and without the CAPIO-FS backend) on
a 257 GB dataset in GADGET format of a large box-sized
cosmological N-body simulation of CDM produced by the
DEMNUni suite [44]. The dataset is composed of 512 snap-
shot files, each of ~512 MB. In detail, the PointDistribute
filter is a parallel program that creates a volume from a
selected subset of the input table’s fields, the Randomizer
filter creates a random subset from the original data table,
and the Statistics filter computes the average, minimum, and
maximum value of the given fields and creates a histogram
of the fields in the input table. Regarding the synchroniza-
tion semantics for the set of the considered VisIVO work-
flows, CAPIO can execute all steps with enabled streaming.

As shown in Figure 6, the best computational speed-up is
achieved in the last two pipelines when Randomizer and Sta-
tistics filter operations are tested. This is because the com-
putation of the statistics in each field is independent of the
others, thus allowing for the full exploitation of the benefits
that CAPIO provides through streaming injection. On the
other hand, the PointDistribute filter requires information
about particle positions to compute the final volume; there-
fore, it requires multiple non-consecutive reads, making the
streaming injection less effective than in the Statistics filter.
Overall, CAPIO-FS delivers performance improvements
ranging from 15% (with the PointDistribute filter) to nearly
50% in the best-case scenario with the Randomizer and Sta-
tistics filters.

StreamFlow Hybrid Execution results

The VisIVO workflows presented in the previous Section
are executed using the StreamFlow command shown in
Listing 14, where the . ym1 file specifies all the information
required to execute the workflow and defines how its steps
are mapped to the execution environment.

1| $ streamflow run streamflow.yml

Listing 14 Executing VisIVO with StreamFlow
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The content of the st reamflow . ym1 file for Workflow
is depicted in Listing 15.

1 version: v1.0

2 workflows:

3 visivo:

4 type: cwl

5 config:

6 file:

7 settings:

8 bindings:

9 - step: /

10 target:

11 deployment: c3s

12 service: broadwell

13 - step: /viewer

14 target:

15 deployment: locally

16 deployments:

17 locally:

18 type: local

19 config: {}

20 workdir: /home/ubuntu/volume/tmp
21 c3s-ssh:

22 type: ssh

23 config:

24 nodes:

25 - c3sfril.di.unito.it

26 username: myuser

27 workdir: VISIVO/VisIVOCWL/tmp/ssh
28 c3s:

29 type: slurm

30 config:

31 maxConcurrentJobs: 10

32 services:

33 broadwell:

34 file: templates/broadwell.sh
35 workdir: VISIVO/VisIVOCWL/tmp/wf3
36 wraps: c3s-ssh

docker _VisIVO_ImpFilterF1F2View_Workflow_GADGET.cwl
docker-job_VisIVO_ImpFilterF1F2View_Workflow_GADGET.yml

Listing 15 TheStreamFlowconfigurationfileforVislVOWorkflow,

Rows 6 and 7 specify the CWL description of the work-
flow (.cwl) and the input configuration (.yml), respec-
tively. The binding of the steps to the most appropriate
execution environment is specified in lines 8-15. In line 13,
for example, the viewer step is deployed locally, which in
this context means on the VM (cloud partition), since the
StreamFlow driver itself runs on the VM. Conversely, line
9 uses the notation- step: / as a shorthand to indicate
that all other steps, except the viewer, are deployed on C3S
(HPC partition), described in Section Computing Infrastruc-
ture. Starting from line 16, the configuration defines the
deployment environment in detail, including all the neces-
sary parameters.

The execution times of the two workflows are shown
in Figure 7. In particular, on Figure 7a , the importer and
the two filter steps (represented by the blue, red, and green
bars, respectively) are mapped to the HPC environment and
the viewer (violet bar) is mapped to the Cloud. The gap
between the final filter step (green) and the viewer step (vio-
let) reflects the time required to transfer the data. On the
other side, on Figure 7b , the two filter steps are executed
in parallel.
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Rendering Results

This section showcases the rendering results produced by the
last workflow’s step, which employs the VisIVOViewer
module.

Figure 8 shows some exemplary renderings obtained
from the VisIVO workflows depicted in Figure 4 on SPACE
simulations output of the ChaNGA and the OpenGadget3
code on data described in Section Data description.

The left panel of Figure 8 results from Workflow;. A par-
ticle rendering shows two galaxy mergers simulated with
ChaNGa and the color bar indicates the density of particles
calculated using the PointProperty filter module. The right
panel of Figure 4 results from Workflows. A volume render-
ing shows a cosmological evolution simulated with Open-
Gadget3 and the color bar indicates the density of voxels
calculated using the PointDistribute filter module.

The Figure 9 was produced using the Workflows, where
the images are generated from the VisIVOViewer vol-
ume rendering implementation on the volume generated by
the PointDistribute filter. The final rendering produced for
the DEMNUni simulations shows the time-evolution of the
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density of CDM particles as a movie of the different snap-
shots described in the previous Section Data description.?’

The top panel of Figure 9 shows the results of the volume
rendering of the CDM particles in the final snapshot of the
simulation (corresponding to redshift z = 0). For a visual
comparison, the lower panel of Figure 9 shows a render-
ing of the density of the neutrinos v in the simulation that
includes neutrino particles.

Conclusions

The rapid growth of data volumes in astrophysics and cos-
mology poses critical challenges for data access, analysis,
and visualization. This work introduces a novel framework
that integrates VisIVO with workflow abstractions (via
StreamFlow) and transparent 1/O streaming (via CAPIO).
The resulting system enables portable, reproducible, and
high-performance visualization pipelines that seamlessly
span cloud and HPC infrastructures.

Our experiments on large-scale cosmological simulations
highlight three key advances: (i) the ability to orchestrate
VisIVO workflows across heterogeneous environments, (ii)
substantial performance improvements from CAPIO-based
streaming, with speed-ups of up to 50% in data-intensive fil-
ters, and (iii) practical deployment on state-of-the-art simu-
lations of galaxy mergers and neutrino cosmologies.

Looking ahead, we plan to couple this framework with
interactive Jupyter Workflow environments [48], fur-
ther bridging batch-oriented HPC pipelines with note-
book-driven data analysis. This integration will empower
researchers to interactively explore complex astrophysical
datasets at scale, strengthening reproducibility and acceler-
ating discovery in the exascale era.

Adopting a hybrid workflow system allows seamless
transitions across heterogeneous infrastructures. Building
on this capability, we plan to explore the execution of the
VisIVO workflow in a physically distributed environment.
In such a setting, individual components of the workflow
would be deployed across multiple HPC facilities, with
StreamFlow serving as the orchestration layer to manage
execution, coordinate dependencies, and oversee data trans-
fers between sites.
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