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Resumen

Las simulaciones climéaticas se ejecutan en plataformas de computaciéon de alto ren-
dimiento (HPC, por sus siglas en inglés) organizadas en flujos de tareas que integran todos
los pasos para la ejecucion completa del modelo, el procesamiento de datos y otras tareas
de gestion. Con el aumento continuo en la capacidad de computo de estas maquinas a
lo largo de los anos, la precision y la resoluciéon de las simulaciones han alcanzado niveles
nunca vistos.

En este contexto, la Comisiéon Europea puso en marcha la iniciativa Destination Earth,
en la que el Barcelona Supercomputing Center desempena un papel fundamental, cuyo
objetivo es desarrollar un gemelo digital de la Tierra. Esta iniciativa pretende poner en
marcha simulaciones climéaticas de muy alta resolucién que se acoplan a aplicaciones que
consumen sus datos a medida que se producen. Para hacer frente al reto que supone el
procesamiento de los cientos de terabytes que genera cada simulacion, el proyecto Climate
DT, que desarrolla el gemelo digital para la adaptacion al cambio climético, implementd
un enfoque de streaming de datos. Esto significa que cualquier retraso entre el momento
de produccién de los datos del modelo climéatico y su posterior consumo por parte de las
aplicaciones de posproceso provoca un desajuste en el flujo de tareas, lo que da lugar a
retrasos inaceptables en el tiempo total de ejecucién. Esto plantea retos sin precedentes
en lo que respecta a la gestion del workflow.

Una de las principales causas de los desajustes que se producen habitualmente radica
en el gran tiempo que cada una de las miles de tareas del workflow pasa en las colas de
los planificadores de los supercomputadores, como Slurm. Para abordar este problema, la
comunidad propuso agregar las tareas del workflow en un tnico envio a la plataforma sin
alterar su logica de ejecucion, una técnica conocida como agregacion de tareas. Estudios
anteriores han demostrado la eficacia de este enfoque para los workflows climéaticos, con
resultados prometedores. Sin embargo, la implementacion actual es limitada, ya que la
ejecucion de las tareas dentro de una reserva de recursos sigue dependiendo del gestor
de workflows, que no es capaz de realizar la gestion granular de la agregacion que una
herramienta dedicada podria hacer de forma més préctica.

Para resolver esta limitacion, en este trabajo se propone integrar software ya existente
en HPC en el gestor de workflows Autosubmit para permitir la gestion in situ de las tareas
agregadas, como Flux, entre otros. Esta integracién tiene como objetivo abstraer tanto
a los desarrolladores como a los usuarios de la complejidad de la gestion de los recursos
de supercomputacion, proporcionando una interfaz facil de usar. El enfoque propuesto se
valida utilizando el workflow de Climate DT en un entorno de supercomputacion real.

Palabras clave — Supercomputacion, Autosubmit, Flux Framework, Climate DT, Desti-
nation Earth.
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Abstract

Climate simulations are executed on High-Performance Computing (HPC) platforms,
organized in workflows that involve all the steps for the complete execution of the model,
data processing, and management. With the sustained increase in the computing capacity
of these machines over the years, the accuracy and resolution of climate simulations have
reached levels never seen before.

In this context, the European Commission launched the Destination Earth initiative,
in which the Barcelona Supercomputing Center plays a key role, aimed at developing a
digital twin of the Earth. This initiative seeks to operationalize the running of very high-
resolution climate simulations that are coupled with applications that consume their data
as it is produced. In order to address the challenge of processing the hundreds of terabytes
that each single simulation involves, the Climate DT project, which develops the digital
twin for climate change adaptation, implemented a data streaming approach. This means
that any delay between the production time of the climate model data and the subsequent
consumption by the post-processing applications results in a workflow misalignment, lead-
ing to unacceptable delays in the total execution time. This poses unprecedented challenges
on the workflow management side.

One of the main causes of the misalignments that commonly occur lies in the long time
that each of the many thousands of tasks of the workflow spends in the queues of the HPC
job schedulers, such as Slurm. To address this issue, the community proposed to aggregate
workflow tasks into a single submission to the HPC without altering their execution logic—a
technique known as task aggregation. Previous studies have demonstrated the effectiveness
of this approach for climate workflows, yielding promising results. However, the current
implementation is limited, as the task execution within an allocation still relies on the
workflow manager, which is not able to perform the fine-grained workflow orchestration
that a dedicated tool could do in a convenient way.

To overcome this limitation, this work proposes integrating existing HPC software into
the Autosubmit Workflow Manager to enable in situ orchestration of aggregated tasks, such
as the Flux Framework, among others. This integration aims to abstract both developers
and users from the complexity of managing supercomputing resources, providing an easy-
to-use interface. The proposed approach is validated using the Climate DT workflow in a
real supercomputing environment.

Keywords — Supercomputing, Wrappers, Task aggregation, In situ workflow management.
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Chapter 1

Introduction

This first chapter describes how the queue waiting times in supercomputer schedulers—
often referred to as workload managers—influence the performance of large-scale climate
simulations, and an approach designed to help climate scientists alleviate this issue through
tools that automate task aggregation is presented. To that end, the chapter outlines the
underlying motivation, describes the objectives in detail, and justifies how the proposed
solution benefits the community.

1.1 Motivation

Over the years, rapid and sustained advances have transformed the field of High Per-
formance Computing (HPC), also referred to as supercomputing, resulting in the current
landscape of large heterogeneous computing machines that are approaching and even sur-
passing the exascale (“TOP5007”, 2026). Supercomputing is particularly relevant in modern
society, encompassing numerous applications in different disciplines, ranging from Artificial
Intelligence to material sciences (Pyzer-Knapp et al., 2022), as well as life sciences with
projects such as the development of the digital twin of the human body (Tang et al., 2024),
particle physics experiments such as ATLAS (Collado Soto et al., 2025) or Compact Muon
Solenoid (CMS) (Delgado Peris et al., 2025) at the Large Hadron Collider (LHC), or Earth
sciences, where the development of the digital twin of the Earth is particularly relevant,
within the European Commission’s Destination FEarth project (Hoffmann et al., 2023).

Because of the shared nature of the supercomputers, it is natural for applications from
each of these and other areas to compete for computing resources on the same machine.
As might be expected, due to the limited amount of resources and their high demand, it is
necessary to establish scheduling mechanisms that distribute them among users. When the
available HPC resources are not enough to satisfy the demand of submitted jobs—which
are the compute units sent to be executed remotely—the time they have to spend in the
workload manager queue as they wait for the requested resources to be released increases.
This period from the job submission by the user until the scheduler assigns the resources
for it to be executed is called queue time.

In the field of Earth Sciences, which constitutes the focus of this work, the powerful ma-
chines available today allow us to take climate simulations to levels never seen before. For
this reason, working on the computational optimization of Earth System Models (ESMs)
and the respective workflows that run on them is crucial due to the temporal extension and
precision of the simulations that are carried out and, likewise, the economic and energy
costs that these entail.

At the computational stage, climate workflows are becoming increasingly complex and
incorporate advanced techniques for managing the data produced and its post-process.
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This involves an increasing number of tasks—the atomic unit of computation within the
workflow—to each simulation cycle, each subject to its own queue time, causing the ag-
gregated queue time for the entire workflow to grow.

The impact of these times on climate simulations was quantified in the work of Acosta
et al. (2024). The authors indicate that queue time accounts for an overhead of between
10% and 20% of the total execution time in simulations carried out for the Coupled Model
Intercomparison Project Phase 6 (CMIPG) project, which is particularly relevant and in-
fluential in this field due to its contributions to the development of the Sixth Assessment
Report (AR6) of the Intergovernmental Panel on Climate Change (IPCC), with its conse-
quent impact on decisions that shape climate policies.

Being aware of this concern within the community, Marciani et al. (2025) evaluated a
technique that consists of grouping multiple workflow tasks into a single submission to the
HPC platform, known as task aggregation. Task aggregation has a dual purpose. One is
to reduce the number of submissions to the HPC platform to meet its Quality of Service
(QoS) constraints. Another is to reduce queue times in vertically structured workflows—
also known as chained—in which tasks are executed sequentially, which is predominant in
ESMs workflows.

This work served as a theoretical basis for Goitia et al. (2024), which put the task aggre-
gation approach to the test in production climate simulation workflows, using nearly half
a million CPU hours on renowned platforms such as MareNostrum 4, from the Barcelona
Supercomputing Center (BSC) in Spain, the subsequent MareNostrum 5, and MeluXina,
from LuxProvide in Luxembourg. The results showed that queue times were reduced by
up to 12 times, increasing Actual Simulated Years per Day (ASYPD)—a performance met-
ric for climate simulations recognized by the community that considers possible waits or
retries in the execution time—by up to 23% in the case of the most congested platform, a
value that lines up with the results of the aforementioned studies.

These tests in real environments were carried out using the EC-Earth3 model (Ddscher
et al., 2022), which is notable for its modularity, allowing users to choose different con-
figurations of coupled Earth system components to simulate, and for participating in the
CMIP6 exercise. The workflow associated with this model was developed in Autosubmit
(Manubens et al., 2015), a powerful workflow manager designed at the BSC to meet the
specific needs of climate research, and the authors adapted it to the needs of the exper-
imentation by pruning the workflow to leave only resource-demanding tasks, which have
a greater impact on scheduling, and applying vertical aggregations to them. However,
the current implementation of the task aggregation mechanism in Autosubmit, known as
“wrappers”, is limited and complex, with the workflow manager itself being responsible for
coordinating the execution of tasks that run remotely within the resource allocation in the
cluster, considering that Autosubmit executes externally to the HPC platform.

Since task aggregation has proved its effectiveness in both simulated and real environ-
ments for improving the overall performance of vertically-structured workflows, this work
proposes finding an alternative, straightforward, flexible, and scalable way to implement
task aggregation in Autosubmit that allows both software users and developers to abstract
themselves from the complexity of managing task aggregations on remote HPC platforms.

1.2 Objective

The purpose of this work is to evaluate existing tools in HPC that can serve as in situ
mechanisms for task aggregation, and integrate the most promising one into the Autosub-
mit workflow manager. The objective of integrating an in situ manager is to overcome
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the limitations that default methods for aggregating tasks present by offering better main-
tainability, scalability, portability, and straightforward resource management. The idea
is to design an interface that facilitates communication between Autosubmit and one of
these tools, which would be responsible of task and resource management within a single
resource allocation in the cluster for all aggregated tasks. Autosubmit already offers up
to two different mechanisms for task aggregation, but neither of them delegates manage-
ment to another tool, so there is a software design challenge to address. The integration
of the tool into Autosubmit was carried out following a methodology that guarantees the
highest quality of the developed software, so that its users can benefit from a robust task
aggregation mechanism.

The new functionality was tested by running the Climate DT workflow (Hadade et
al., 2025; Roura-Adserias et al., 2025) with the new task aggregation method in a real
environment, using MareNostrum 5. Climate DT is the digital twin for the adaptation to
climate change, developed within the framework of the Destination Earth project.

The Climate DT workflow was selected for the experimentation in order to address the
queue time problem that concerns its developers. The workflow consists of all the tasks
required to execute the model and post-process the output. The simulation is divided
into multiple tasks covering different time periods to ensure frequent checkpointing during
execution and to prevent the loss of all the data in the case of a failure in the computing
infrastructure. This data is then processed by the climate applications that calculate, for
example, solar or wind energy indicators (Lacima-Nadolnik et al., 2025).

Given the unprecedented volume of data generated by each simulation task and the
need to remove it from the remote file system as quickly as possible, the workflow was
designed with the data streaming paradigm in mind to move and use the data on demand
(Roura-Adserias et al., 2024). However, this causes a misalignment between the production
of data by the model and its consumption by the applications, with queue time being
partially responsible for this. This work proposes to aggregate the climate application
tasks in the workflow to mitigate this misalignment, reducing the total execution time—or
time-to-solution.

1.3 Contribution

This study aims to improve a major workflow manager used for Earth sciences research,
and to provide the Earth sciences community with an implementation that they can use as
a reference to optimize their own applications and reduce queue times in their simulations.
This is a problem that significantly affects the speed with which researchers can make
their scientific output available to the community and society. However, given that this is
a cross-domain issue, scientists and developers working in other areas are also encouraged
to reproduce this solution in their own use cases.

In a more direct way, this work contributes by mitigating the long queue times in the
Climate DT workflow, minimizing the time gap between the production and consumption
of simulation data and, therefore, increasing the throughput.

This master’s dissertation has been developed within the Computational Earth Sciences
group of the Earth Sciences Department of the Barcelona Supercomputing Center-CNS,
to which the author and co-supervisor of this manuscript belong.
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1.4 Working plan

The work plan consisted, first, of exploring existing tools in HPC that could serve as
in situ managers to enhance task aggregation in Autosubmit.

In a second stage, the selected tools were tested to verify that they meet the require-
ments of Autosubmit’s wrapping functionality. These requirements include, among others,
being a portable and robust solution, easy-to-use, and able to assign resources within
the allocation dynamically. Based on the results of this analysis, the Flux scheduler was
selected for integration into Autosubmit.

The third part of the project involved the development of the interface between Au-
tosubmit and Flux. It was necessary to modify the Autosubmit source code to make it
easier for users to use the new functionality while maintaining the existing task aggregation
methods.

Then, the quality of the developed software was ensured by running tests in real envi-
ronments using the Climate DT workflow with different task aggregation configurations.
To perform this validation, the MareNostrum 5 supercomputer was used.

1.5 Document organization

This document is divided into seven chapters, the present being Chapter 1, which
introduces this work. The remaining content is structured as follows:

e Chapter 2 provides both the theoretical and practical foundations of this work, based
on previous studies, since task aggregation in climate simulation workflows is an area
that has been recently researched and validated by other authors. In addition, it
explains other concepts that are frequently referred to throughout this document:
task aggregation, Earth System Models, the Autosubmit workflow manager, and
HPC schedulers.

e Chapter 8 analyzes existing HPC workflow management solutions that may serve as
in situ engines for task aggregation.

o In Chapter 4, the software design is described, including an overview of the current
wrapper implementation in Autosubmit and the proposed solution for the integration
of the in situ manager.

e Chapter 5 details the methodology for testing the new implementation, featuring
reproducible experimentation in a real environment, and software component testing.

e In Chapter 6, the results of the experimentation are analyzed in depth. This chapter
aims to evaluate whether the implementation is feasible as a wrapping method. It
includes an additional analysis on the distribution of the wrapper sizes along the
execution with already available data.

e Finally, Chapter 7 presents the conclusions drawn from this work and discusses what
the next steps could be or which aspects are susceptible to improvement.



Chapter 2

Background

This chapter introduces some concepts and tools that are particularly relevant to this
work, such as task aggregation, Earth System Models, workflow managers, and workload
managers. Subsequently, it contextualizes the work by analyzing the main conclusions of
previous studies on task aggregation.

2.1 Task aggregation

An aggregation of tasks is a set of tasks that belong to a workflow and are grouped
into a single submission to the HPC platform. That single job is responsible for remotely
managing the underlying workflow tasks, respecting interdependencies, execution logic,
and other possible mechanisms of the workflow manager, such as checkpointing. The ways
in which tasks can be aggregated are very diverse, so there exist different aggregation
structures and policies. The policies will depend on the particular implementation of the
workflow manager.

There are different types of aggregation that can be used to group workflow tasks based
on the dependencies that exist between them, so the use of one type or another may vary
depending on the particular needs of the workflow that contains them. Thus, tasks can be
aggregated vertically, horizontally, or through a combination of these, which is referred to
as hybrid or mixed aggregation.

Vertical aggregations (Figure 2.1a) consist of groups of tasks that have sequential de-
pendency. Therefore, the job that executes the entire aggregation will request the walltime
corresponding to the sum of the individual walltime of the tasks that comprise it. The
highest amount of resources requested by the individual tasks is assumed.

Horizontal aggregations, on the other hand, consist of grouping tasks without depen-
dencies between them. That is, tasks that are executed concurrently (Figure 2.1b). In this
case, what is aggregated are the resources needed by the tasks, while the walltime would
be the largest individual one.

Hybrid or mixed aggregations emerged to cover more complex aggregation cases. For
example, a vertical-horizontal aggregation (Figure 2.2a) is composed of multiple horizontal
aggregations that are executed sequentially, and in the case of horizontal-vertical aggrega-
tions (Figure 2.2b), there are multiple vertical aggregations that are executed concurrently.
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Figure 2.1: Horizontal (a) and vertical (b) aggregations. Figures by Goitia et al. (2024).
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aggregation of vertically aggregated tasks. aggregation of horizontally aggregated tasks.

Figure 2.2: The hybrid aggregations: horizontal-vertical (a) and vertical-horizontal (b).
Figures by Goitia et al. (2024).

2.2 Earth System Models

Earth System Models are highly complex numerical models that simulate the different
components of the Earth system, such as the atmosphere, the ocean, land, and vegetation,
among many others. These models are a natural response to the need to understand
all events that occur in the Earth system and their causes. According to Ddscher et al.
(2022), ESMs are “the primary source of information for understanding the Earth’s climate
feedbacks, for attributing changes to specific drivers, for future climate projections and
predictions, and for the development of mitigation policies”.

Some well-known climate models include MONARCH (Klose et al., 2021), HERMES
(Guevara et al., 2020), CALIOPE (Benavides et al., 2019), and EC-Earth (Doscher et al.,
2022), a modular ESM developed by the EC-Earth consortium that, in its latest version (see
request and technical report by Yang, 2025a, 2025b), couples different models depending
on the desired configuration—GCM, ESM, or LR (Low Resolution)—such as renowned
ECMWE’s OpenlF'S (Buizza et al., 2018) for the atmosphere and land, NEMO (Madec &
the NEMO System Team, 2022) for the ocean, LPJ-GUESS (Lindeskog et al., 2013; Smith
et al., 2014) for dynamic vegetation, or CaMa-Flood (Yamazaki et al., 2011) for flood /river
dynamics.
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2.3 The Autosubmit Workflow Manager

A Workflow Management System (WMS) is a tool that facilitates the creation, man-
agement, execution, and monitoring of workflows, which are sets of tasks that must be
executed in a specific order given by the dependencies between them. Dependencies are
often complex and are represented by the topology of the corresponding task graph.

Computational workflows are commonly made up of hundreds of thousands of tasks.
While traditional methods to execute simulations consisted of manually accessing each
supercomputer to submit the scripts, distributed workflow managers enable automating
the submission of the tasks, also facilitating multi-platform execution. Today, there are
more than 300 workflow managers (Amstutz et al., 2026), developed by organizations
around the world, sometimes with certain use cases in mind.

The Autosubmit Workflow Manager is developed by the Earth Sciences Department of
the Barcelona Supercomputing Center to support the specific demands of climate and air
quality simulations. Besides a workflow manager, it is an experiment manager capable of
coordinating task execution in a fully automated way, storing configurations, and ensuring
data provenance. All logs and experiment configurations are stored and tracked, ensuring
FAIRness (Puiggros et al., 2025). This makes it possible to know what happened during
the execution, and allows the execution to be easily recovered in case of failure, or even
to duplicate an experiment and re-execute it. Autosubmit collects information about
experiments in individual databases, including the workflow execution history and data on
the execution of each of its tasks.

It is a Python-based software that offers a complete working environment for its users
through a Command Line Interface (CLI) that allows users to create, modify, and delete
experiments. In addition, it offers a Graphical User Interface (GUI) that uses the Auto-
submit Application Programming Interface (API) to allow users to monitor the execution
of their workflows and access advanced performance statistics. Autosubmit provides ad-
vanced management features. One of these, which is the subject of this study, are the
“wrappers”, its task aggregation mechanism. It supports aggregation configurations that
adapt to most workflows, as explained in Section 2.1, and offers multiple wrapping policies,
as well as different methods for their remote management.

2.3.1 Autosubmit’s hierarchical workflow architecture

As Autosubmit is focused on supporting climate simulations, the tasks in all experi-
ments follow a special hierarchical structure as follows:

e Startdate: This is the first level of aggregation in the workflow hierarchy and is used
to group different instances of the simulation cycle based on a start date that defines
the initial day from which the Earth will be simulated. For example, simulations
spanning from the pre-industrial to now start at 1/1/1850. There can be multiple
startdates in the workflow.

e Member: This is the next level in the hierarchy. Due to the chaotic nature of the
dynamics of the Earth’s components, multiple concurrent simulations are executed
with slightly perturbed initial conditions. Each of these is called a member.

e Chunk: is the minimum time simulated by a single task of the ESM. These sequential
iterations are common practice in order to meet the constraints of the computing
platform in terms of the amount of resources that can be requested each time, and
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also to set up implicit checkpointing that enable the simulation experiment to be
resumed from any point after a failure.

e Split: is the smallest division in the hierarchy. It is used when additional subdivisions
need to be made in the chunks. This is used, for example, when the simulation of a
chunk produces monthly data but postprocessing expects it in daily batches.

The simplified workflow in Figure 2.3 contains an example of this architecture, which
does not take into account possible splits. If splits are used, the SIM section and the
“Postprocess subworkflow” would potentially be divided, although this choice is up to the
workflow developer.
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Figure 2.3: The task architecture of the Autosubmit Workflow Manager represented on a
fictitious workflow. Graph illustrates a possible configuration for S startdates, M
members, and C' chunks. Splits are not represented.

2.3.2 Autosubmit support for task aggregation

The wrappers are the mechanism that Autosubmit provides for aggregating multiple
workflow tasks in a single submission to the remote platform. Wrappers can be composed
of multiple chunks or splits, in the aggregation form that best suits the workflow structure.
It also allows the user to choose between different aggregation and submission policies.



CHAPTER 2. BACKGROUND 2.3. The Autosubmit Workflow Manager

Aggregation policies

The wrapping policies in Autosubmit are flexible, strict, and mized. Each of these
policies offers different behavior when Autosubmit calculates the bounds in runtime—that
is, the min and max size—of the wrapper to be sent in runtime. These limits can be set
both vertically—in terms of walltime—and horizontally—in terms of the amount of parallel
resources.

e Flexible: This policy always tries to build a wrapper that remains within the defined
limits. If it cannot produce a wrapper that meets the required minimum size due to
the shortage of ready jobs, it instead dispatches the tasks individually.

e Strict: This policy always creates wrappers strictly within the defined limits. How-
ever, if a condition arises in which the number of tasks ready to execute does not
meet the user-defined constraints, a deadlock may occur.

e Mixed: This policy behaves like “strict”, but if the bounds are not satisfied and a
job from the previous wrapper has failed, it resubmits that job individually. As with
“strict” mode, deadlocks may still occur.

Figure 2.4 illustrates some different situations that can be found while vertically wrap-
ping tasks and how the respective policy handles it.

A task of the last
wrapper failed. No
more wrappers can be
yet created. Submits
task individually...

There are three
available tasks to be
wrapped. The
restrictions are met.
Sends it...

A failed task can be
executed individually
under the mixed
policy if retries are
enabled

A wrapper can be
formed within
bounds. Submits
wrapper of size two

RUNNING
WAITING

WAITING

COMPLETED

WAITING

WAITING

(a) Flexible policy. (b) Strict policy. (¢) Mixed policy.

Any wrapper between Only wrappers with a Only wrappers with a minimum of two tasks can
two and three tasks minimum of two tasks be sent, but in case of failure, tasks will be sent
could be formed. In can be sent. In the  individually. In the figure, in a first iteration, a
case there are not a figure, a wrapper of  task on a previous wrapper has failed. If retries
minimum of tasks, three tasks can be sent, for that task are enabled, it will be submitted
they would be sent  so it does not need to individually later on.

individually. wait.

Figure 2.4: Examples of how the wrapping policy influences how the tasks are submitted
within vertical wrappers in different scenarios. The vertical bounds are between 2 (min)
and 3 (max) tasks.

Approaches for wrapper execution

Autosubmit provides two different wrapping methods, and the choice of one method
or the other is up to the workflow developer based on their needs.
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¢ ASTHREAD: This is the default method and is available for any type of aggrega-
tion. It launches tasks sequentially or concurrently in the platform’s resource alloca-
tion by using machinefiles associated with each single job to control which compute
nodes each one is assigned to.

e SRUN: Utilizes Slurm’s srun command to form wrappers with shared-memory
paradigm instead of relying on the machinefiles. It is available for horizontal and
vertical-horizontal aggregations. In the last case, it uses CPU mask arrays for precise
CPU affinity binding per job. srun is the command provided by Slurm to launch
and distribute parallel processes across resources within allocations.

2.4 Workload management in HPC

To guarantee that every user of a HPC system can use its resources, it is essential
to implement mechanisms that manage how those resources are accessed and distributed.
These mechanisms go by the name of workload managers, although there are several ac-
cepted ways to refer to them, such as job schedulers or resource managers (Reuther et al.,
2018).

2.4.1 An overview on resource management

Some of the best-known workload managers for HPC are Slurm (Jette & Wickberg,
2023), PBS Pro (Nitzberg et al., 2004), TCS (Fujitsu, 2021), and Flux (Ahn et al., 2020),
which are used worldwide in well-known supercomputers such as MareNostrum 5, Au-
rora, Fugaku, or El Capitan, respectively. Currently, Slurm is the predominant workload
manager within the European supercomputers ranked in the TOP500 list (Suarez et al.,
2025).

One of the responsibilities of a workload manager is to ensure fair access to resources,
which represents a complex challenge itself. There is also ongoing research on algorithms
aimed at optimizing the energy efficiency of data centers. Representative works in this area
include those by Juarez et al. (2018), D’Amico and Gonzalez (2021), and Stafford et al.
(2025).

2.4.2 The Slurm Workload Manager

This study will use platforms that utilize Slurm as a workload manager. Slurm is
an open-source, widely used job scheduler that stands out for its stability, modularity,
scalability, and fault tolerance. Its default behavior can be modified to meet specific needs
through plugins.

Slurm schedules the jobs that users send to the platform by assigning them an integer
priority value. To do so, it offers the basic and multifactor priority calculation algorithms.
In addition, it also integrates a backfill plugin to allow smaller jobs to run whenever
resources are available for them and their execution does not delay any other higher priority
jobs, with the aim of increasing the machine throughput.

The basic scheduling approach

The basic algorithm is based on a queue of jobs for scheduling: the priority of each
job is assigned in chronological order of arrival. That is, an implementation of First-In

10



CHAPTER 2. BACKGROUND 2.5. State of the art

First-Out (FIFO). This algorithm could be particularly beneficial in High Throughput
Computing (HTC), where the objective is to be able to execute as many jobs as possible
in the shortest time. However, it would not be recommended in other use cases because,
due to the nature of the algorithm, head-of-line blocking situations could occur when a
very large job that cannot yet be executed delays the execution of lower priority tasks. To
remediate this, the backfill plugin could be optionally enabled.

Multifactor scheduling

The multifactor algorithm is the default. In this policy, different factors are involved in
the calculation of job priorities, and system administrators assign weights to each of them
to determine their impact on the priority of the job. These parameters are age, size, QoS
partition, niceness, association, and fair share. In addition, a site-managed factor can be
configured with a custom algorithm.

The age factor quantifies the time the job has been in queue, and the size of the job
denotes the amount of nodes or CPUs it requires for execution. The (oS is related to
the defined level of service quality, which involves some limiting parameters such as the
maximum number of jobs that a user can submit at once, or the job’s maximum walltime,
in exchange of priority. Conversely, the niceness is a custom priority value a user may wish
to assign to their jobs to indicate the scheduler which job should be executed first. It can
only reduce the priority of the job.

The fair share which represents a quantitative measure of the user’s entitlement to
access and utilize the machine, defined as a function of its current and expected utilization
level. This factor, by default, is computed by the Fair Tree algorithm implements fairness
by balancing the responsiveness of the machine among users within accounts—groups of
users—while maximizing machine utilization.

2.5 State of the art

Due to the fact that supercomputers are large shared-use machines, there is a need to
establish mechanisms that distribute resources among users. Owing to their shared nature,
congestion often occurs, having various implications, including system administrators being
forced to configure the workload manager to limit, for example, the number of tasks that
users can send at the same time, or the volume of resources each task is permitted to
consume, with the aim of distributing them properly.

One of the objectives of task aggregation is to adapt the workflow to these restrictions
set by the administrators, maximizing the use of the resources permitted for each request.
This is not a new approach. There are different implementations of this mechanism or
similar ones that are present in various workflow managers in areas such as life sciences,
with Snakemake’s grouping (Molder et al., 2021), materials sciences, with the HyperQueue
plugin (Beranek et al., 2024) provided by AiiDa (Huber et al., 2020), and other workflow
managers such as Pegasus (Deelman et al., 2019), which implements it under the name of
job clustering. In the case of Autosubmit, the implementation is known as wrapping.

Alternatively, a more complex form of aggregation is also possible by using Pilot-Job
systems (Turilli et al., 2018), which reserve larger amounts of resources on the platform so
that they can be used later by multiple workflow tasks, something that some authors refer
to as binding (Merzky et al., 2019).

Another implication of using a congested machine is the long wait times in which user
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tasks must wait in the scheduler’s queues. With the aim of minimizing the impact of queue
times on the total execution time of the workflow, the Autosubmit developers implemented
a task aggregation approach called “wrappers’”. However, the first work to validate the
effectiveness of this technique, to the best of our knowledge, was the work by Marciani
et al. (2025). They simulated the HPC environment to test if vertical task aggregation
reduced queue times. The analysis was carried out using a Slurm workload simulator
and found that task aggregation is particularly beneficial when applied to workflows with
vertical structures, i.e., where each task depends on the previous one.

With the objective of performing a quantitative assessment on the real impact of task
aggregation in production workflows, Goitia et al. (2024) executed workflows running the
EC-Earth3 model, very demanding in terms of computing resource consumption and exe-
cuted them with and without wrappers on multiple renowned supercomputers to retrieve
queue times and relate the results to the fair share of the user at any given instant. The
experimental findings supported those simulated by Marciani et al. (2025): vertical ag-
gregation saved up to approximately 12 times the queue time, increasing the amount of
Actual Simulated Years per Day by up to 23% in the case of the platform with the highest
congestion.

12



Chapter 3

In situ workflow managers

In this chapter, it is explored an automated method for executing the wrappers within
a single allocation on High Performance Computing platforms. This is done by evaluating
various candidate in situ managers for task aggregation based on a set of pre-requisites.
One of these tools is intended to be integrated into the Autosubmit workflow manager.

3.1 Requisites and main concerns

An in situ workflow manager, in this context, is an HPC tool that enables to manage
the execution of a subset of tasks within the workflow inside a resource allocation in a
cluster. The evaluation and selection process of these in situ managers considered the
following requirements.

e Should be easy to deploy in the HPC machines. This entails supporting a variety
of architectures (x86, RISC-V, ARM), working on a variety of schedulers (Slurm,
PBS, Flux, etc.) and and regardless of the underlying technologies configured, as the
Message Passing Interface (MPI) implementation (Open MPI, Intel MPI).

e Must be capable of running any kind of task application (MPI, Bash, Python, con-
tainerized, etc.).

e Should provide a simple way to define a workflow.

e The in-situ scheduler must be able to deal with dependencies between tasks. The
dependency definition should be explicit and straightforward, following a task flow
basis, rather than a data flow where tasks are executed as their inputs become avail-
able.

e Must be capable of performing precise resource management for each task, also on
multi-node configurations.

e [t should be fault-tolerant. Ideally, an error on a task would imply the abortion of
the execution of the workflow when there are no more runnable tasks, relinquishing
the allocation to not misuse resources.

e Must be currently maintained and should be recognized within the workflow or HPC
communities.

13
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3.2 Methodology for assessment

To test the operation of the candidate in situ workflow managers, multiple dummy
workflows have been run both locally and remotely. For local tests, each WMS was deployed
in a Docker container based on an Ubuntu 24.04 minimal image (Goitia, 2025a), running
on a machine with an Intel Core Ultra 5 135U CPU. Remote tests were carried out on
MareNostrum 5.

The dummy workflow was based in all cases on the structure of Fig. 3.1. The INI
task takes responsibility for compiling the application that TASK will run. Compiling the
workflow on site allows for supporting different hardware without the need to build specific
binaries for local and remote executions. Once compiled, it starts running the first group of
concurrent TASK, which consists of a MPI application that sleeps for five seconds. And so
on, until the execution reaches the CLEAN task that removes the binaries from the working
directory. Furthermore, TASK_12 served as a failure point to evaluate error handling.

INI

TASK 1 [ TASK 2 ] [ TASK_3 ] [ TASK 4 ] [ TASK_5 ] [ TASK_6 ]
TASK 7

[ TASK_8 ] [ TASK 9 ] [TASK_IO] [TASK_II ]

TAS

CLEAN

Figure 3.1: The dummy workflow used for testing the Workflow Management Systems
(WMSs). Green tasks are expected to always complete. Red tasks are expected to fail.
TASK_12 may succeed of fail depending on the specific stage of the experiment. CLEAN is
only expected to execute if TASK_12 completes.

3.3 Evaluation

This section describes the evaluation and selection process of a series of in situ workflow
managers specifically selected to act as wrapper engines. For each tool, the definition of the
workflow, resource management, and failure tolerance is covered, explaining the potential
advantages and the drawbacks found. It is important to note that the information is often
based on the authors’ experience using these software and is limited to functionalities that
could be helpful for this purpose.
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3.3.1 Toil

Toil (Vivian et al., 2017) is a Python-based workflow engine developed at the Genomics
Institute of the UC Santa Cruz that is typically used in genomics applications, although it
is multipurpose. It has a straightforward leader-worker architecture, common in workflow
management. This type of architecture consists of a central coordinating component—
the leader—responsible for scheduling tasks and tracking their progress, and one or more
workers assigned to resources that actually execute the tasks and report the result or status
of the task executions.

Toil supports the Common Workflow Language (CWL) (Crusoe et al., 2022) and Work-
flow Description Language (WDL) (Voss et al., 2017) standards, although one can also use
their Python API to create and execute workflows. They provide multiple examples for
different HPC platforms, including those with Slurm.

After exploring and testing some examples in the documentation, a testing workflow
was developed using Toil’s Python API, which was expected to be more convenient when
facing integration. Toil allows to establish both explicit dependencies between tasks (task-
driven) and implicitly defined dependencies by handling input and output data through a
method they named “promises” (data-driven). The API provides a command line argument
parser so that external applications can be executed.

Regarding resource management, tasks were executed as expected, only when there
were enough resources for them. However, although Toil clearly supports multi-node re-
quests, no method has been found in the Python API to specify that a task should use
one or more entire nodes. Perhaps this is not possible when workflows are defined in this
way. Moreover, core overlapping situations have been observed where some MPI ranks of
different tasks shared the same core.

In the fault-tolerance side, Toil has not automatically detected the error code in
TASK_12 in order to interrupt the execution of subsequent dependent tasks. Mechanisms
for manually performing this were also not identified.

3.3.2 ExecutorLib

ExecutorLib (Janssen et al., 2025) is a Python library that enables sending Python
functions as jobs to remote HPC platforms. It has multiple operating modes that are differ-
entiated by executors: SingleNodeExecutor, HPCClusterExecutor, and HPCJobExecutor.
Perhaps one of the most notable features of this WMS is that it is capable of communicating
with both Slurm and Flux.

Defining workflow tasks is straightforward. However, dependencies are implicit, based
on “futures” (data flow). To alleviate this, it would be possible to set explicit synchro-
nization points. It would also be possible to use empty variables to define the data flow.
Moreover, as ExecutorLib is designed to facilitate parallelism in Python, it allows only the
submission of Python functions as jobs, with the exception of the FluxExecutor.

The way ExecutorLib manages task resources depends on the chosen executor. The
SingleNodeExecutor is conceived to prototype the application locally before executing it
on an HPC cluster. It works following a manager-worker architecture in which the number
of workers specified in the application is launched. Core overlapping situations have been
detected while testing this executor locally.

The HPCClusterExecutor and the HPCJobExecutor handle the submission of tasks
to remote platforms, such as Slurm or Flux, varying the way the tasks are sent: in-
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dividually through a batch command or altogether to the same resource allocation, re-
spectively. Attention was directed toward ExecutorLib’s FluxJobExecutor and the Flux
Framework’s FluxExecutor configuration, which allows for the convenient execution of ex-
ternal executables—essential for the workflows that are executed in this work—alongside
Python functions, while letting Flux handle resources.

It has been detected that some scheduling parameters for Flux jobs, such as the wall-
time, which represents the maximum execution time per task, cannot be set with any
executor other than FluxExecutor.

Regarding fault-tolerance, it is possible to handle eventual errors manually. This would
allow controlling the execution flow and aborting it whenever an error occurs if there are
no more runnable tasks.

3.3.3 Greasy

Greasy (Abellan et al., 2021) is a tool developed in the Barcelona Supercomputing
Center that facilitates the execution of multiple parallel tasks, covering the scheduling and
running stages under the available resources.

Greasy allows for configuring some parameters such as the strict check of the syntax
errors of the workflow definition file, the count of maximum retries, the path to the logs,
the logging level, the number of workers, a node list where Greasy will run the tasks, and
the engine. Parameters can be set for the entire installation through the configuration files
or for specific executions by setting environment variables.

The workflow definition consists of assembling a txt file with the specification of the
tasks and the explicit dependencies between executables.

In Greasy’s architecture, the component that allows to schedule and run jobs is called
engine, and can be basic, mpi, or thread. The first one is the standard implementation,
which allows running locally or remotely if SSH or Slurm is present in the system. This
is the only engine that checks the nodelist, which is the list of nodes where Greasy will
run tasks. If the nodelist is empty, the execution will be done strictly in the local node.
The mpi approach launches Greasy as an MPI application, which requires one core for
scheduling at runtime. The thread engine is the thread implementation for shared memory
computers and works only in a single node.

The tests on this tool were performed with the default configuration found in MareNos-
trum 5, which consisted of a mpi engine, without retries. Multi-node experiments on this
tool have not been performed because of the absence of nodelists in this engine.

In Greasy, the number of parallel jobs depends on the count of workers, but no infor-
mation was found regarding the underlying resource management and how resources are
distributed between them.

On the error management side, TASK_12, which was expected to fail, returned error
code 1, and Greasy stopped the execution of that task and CLEAN, which depended on it.
Greasy automatically elaborated a new task definition file with all the tasks that failed so
that they can be executed independently without having to re-execute the entire workflow,
just setting it as the input file. It also counts with a job retry functionality.

16



CHAPTER 3. IN SITU WORKFLOW MANAGERS 3.3. Evaluation

3.3.4 RADICAL-Pilot

RADICAL-Pilot (Merzky et al., 2022) is a Python-based pilot-job system specialized in
executing tasks in heterogeneous HPC environments. What pilot systems do is to launch
a job to the HPC to allocate resources and schedule workflow tasks directly on them.
RADICAL-Pilot supports a wide variety of HPC schedulers, such as Slurm or PBS. It also
supports multiple commands for task execution; including ssh or mpirun.

RADICAL-Pilot provides a Python API. A RADICAL-Pilot application execution con-
sists of multiple steps, as detailed below. It has been observed that all the steps before
task execution can take a variable amount of time to complete.

1. Opens a RADICAL-Pilot session.

2. Creates a pilot manager that will manage the requested resources.

3. Creates pilots indicating the resources to be requested for each of them.
4. Launches the pilots and waits for them to become active.

5. Creates the task manager and assigns the created pilots to it.

6. Defines the tasks.

7. Runs the tasks and waits for them to finish.

Since RADICAL-Pilot is not a workflow manager but a runtime system, there is no
method to explicitly specify dependencies, neither based on a task flow nor a data flow.
However, RADICAL-Pilot could be used standalone to manage workflows if explicit check-
points are used to define the task flow. In addition, it allows the execution of external
applications if tasks are launched in rp.TASK_EXECUTABLE mode.

During some tests in which a workflow was launched with MPI applications, an error
mpirun does not support recursive calls occurred. Deleting the mpirun instruction
from the executable command resolved the issue.

On the resource management side, both pilots and jobs can be assigned a set of resources
and scheduling parameters. These parameters have been detected to be an adjusted set
of those that a workload manager batch command would accept. In a local execution, all
tasks were correctly executed as resources became available. For example, on a machine
with a total of 12 cores and a horizontal wrapper of six tasks requiring six cores each, the
tasks were executed in pairs. Moreover, four horizontally arranged tasks, each requiring
four cores, were executed in parallel.

Regarding error management, RADICAL-Pilot was able to detect a failed job. However,
since it is not a workflow manager per se, but rather a pilot job system, the workflow
continued to run despite errors. However, errors can be handled manually.

3.3.5 Pegasus-MPI-Cluster

Pegasus (Deelman et al., 2015, 2019), developed at the Information Sciences Institute
of the University of Southern California, is a tool designed to facilitate the execution
of workflows without having to think about how the middleware—Slurm, in this case—
operates. So far, it has been used to run applications in a wide variety of fields, such as
astronomy or bioinformatics.
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The Pegasus-MPI-Cluster is a component that belongs to this software, but that can be
used separately. It allows running workflows defined as Directed Acyclic Graphs (DAGs)
on clusters using MPI.

The abstract definition of the workflow is made in DAX format (DAG in XML). The
definition of tasks is straightforward. They are assigned IDs so that explicit dependencies
can be established later on. The keyword TASK defines a new task and EDGE defines a
one-to-one dependency. Moreover, tasks can be configured with extra options, such as the
count of retries.

Regarding resource management, according to the architecture, if a set of cores are
allocated for the Pegasus-MPI-Cluster instance, it will use one as the master process and
the remaining ones will act as workers. Experiments involving a number of concurrent
tasks that exceeded the number of workers succeeded. The testing workflow has been
successfully executed within an instance with four MPI processes, one of them being the
master (rank 0), and the other three being the workers (ranks 1-3).

Running a workflow inside a MareNostrum 5 node (with 112 cores) revealed a problem
in resource management. When assigning 60 cores to TASK_1-6, all tasks executed concur-
rently despite resources sufficing for only one, leading the system to time-slice ranks on the
same core and delaying the five-second executions to more than 30 seconds. This issue is
significant and uncertainty persists regarding whether Pegasus-MPI-Cluster supports the
execution of MPI tasks, given its own use of MPI. This involves a non-working nested MPI.

Another concern, now resolved, arose during the first execution of the testing workflow.
It failed due to an uncovered case in the Pegasus-MPI-Cluster source code that enforced
thread counts proportional to physical cores—a rule not always met in modern proces-
sors with hybrid architectures combining performance and low-power cores, for example.
The issue was reported through its GitHub repository (Goitia, 2025b), and the Pegasus
developers fixed it, being changes now available.

Regarding fault tolerance aspects, Pegasus-MPI-Cluster includes a retry mechanism.
To verify it, a retry count of three was set for TASK_12. As expected, this task was executed
three times before the workflow failed, along with the launched MPI processes. Upon re-
submission, the workflow resumes from the failed tasks.

3.3.6 Parsl

Parsl (Babuji et al., 2019) is a library that aims to extend parallelism in Python. One
outstanding features is its ability to run Python functions across platforms. Its leader-
worker architecture features executors that control the tasks to be run based on the data
flow. Tasks are executed on workers that are instantiated on the platform by the use of
launchers. The providers behave as bridges between Parsl and the resources that will be
utilized. A representation of this leader-worker architecture, applied to the Parsl case, is
depicted in Fig. 3.2.
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Figure 3.2: High level schema of the Parsl architecture. Image from the “Parsl 1.3.0-dev
documentation — Quickstart” (2026).
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It supports the execution of different types of task thanks to its decorators: Python, as
functions; bash; and MPI, if the MPIExecutor is configured.

As with some of the WMSs explored, the task definition is straightforward, but the
dependencies between tasks are implicitly set based on the data flow, so explicit barriers
must be placed. Tasks, by default, are launched concurrently unless blocking points are
entered. These points can be set with the result () function.

Among all possible configurations, the combination of HighThroughputExecutor with
LocalProvider and SimpleLauncher best suited the studied case. The HighThroughput-
Executor launches multiple identical Python workers across compute nodes. The Local-
Provider starts workers on the computer or the allocation that executes the Parsl script.
The SlurmProvider could also be used, but as it batches scripts directly to Slurm, it
requires execution outside the allocation.

So far, the results of the execution of a workflow in MareNostrum 5 have been positive,
just by adjusting the number of workers and the resources associated with each. Regard-
ing oversubscription—defined as a situation where tasks exceed available resources—the
maximum number of concurrent tasks depends on the number of workers and their associ-
ated resources, with no overlaps. To test multi-node executions, the requirements of some
workflow tasks were adjusted to request one full node or more, matching expectations.

Error handling in Parsl, according to “Parsl 1.3.0-dev documentation — Error handling”
(2026), can be performed from several fronts:

1. Exceptions: manual exception catching and handling, as it propagates them from
the applications.

2. Retries: consists of setting a fixed number of retries.

3. Retry handlers: an advanced tool that allows to set a cost function. That is,
instead of decrementing the retry value in one unit, it can be decremented in a
custom value depending, for example, on the exception or the exit code raised by the
application.

Furthermore, the “lazy fail” feature allows for a workflow to continue running even if a
task has failed, until it encounters a dependency that cannot be fulfilled.

3.3.7 TaskVine

TaskVine (Sly-Delgado et al., 2023) is a workflow manager developed at the University
of Notre Dame, designed for workflows with intense consumption of data, which is com-
mitted to keeping track of the “the lifetime of data in a workflow—from archival sources to
final outputs—making use of local storage to distribute, and re-use data wherever possible”.
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The architecture follows a leader-worker basis, broadly based on a machine that runs
a manager and a cluster running dynamic workers that adjust to available resources, to
which, for example, pending jobs, datasets, and libraries are assigned. The workers are
responsible for managing the resources within the nodes. In addition, TaskVine always
tries to favor the proximity of data to the tasks that require it.

Executing a workflow requires instantiating both the manager and the desired workers
on the corresponding resources. The manager and the workers communicate over the net-
work. To do this, it is necessary to specify the IP and the port at all endpoints. Defining
tasks is simple, but execution is data flow-dependent, so the only way to execute a work-
flow with explicit dependencies is to introduce synchronization points. It allows for the
definition of tasks as external applications, Python functions, and serverless function invo-
cations. The latter can be particularly useful for saving the cost of multiple initializations
of functions that are repeated between workers.

A local experiment to test resource management was carried out by adjusting tasks
TASK_1-6 to request six cores-each out of 12, TASK_7 requested one, and tasks TASK_8-12
requested three-each. TaskVine automatically detected the physical cores of the CPU
without needing to describe the resources.

The workers behaved as expected, running TASK_1-6 in pairs, TASK_7 alone, and
TASK_8-12 concurrently. However, some cores have been detected to be shared between
concurrent workers.

Regarding fault tolerance, the retry mechanism in TaskVine intends to prevent a task
from finishing in cases of, for example, missing inputs or a worker disconnection, but does
not react to non-zero error codes. However, it tracks them, and errors can be manually
handled to perform some action after a task failure.

Additionally, it has been detected that no native way to automatically stop the manager
when all workers have failed is available, causing the TaskVine manager to remain on hold
until a worker becomes available again or the execution time limit is reached.

3.3.8 Flux

Flux (Ahn et al., 2020) is a next-generation HPC scheduler developed by Lawrence
Livermore National Laboratory (LLNL) since 2014. Its design is guided by the need to
handle leadership-class heterogeneous HPC machines.

The solution that developers of Flux pose to the bottleneck issue that these large
machines have is to be hierarchical and recursive. This means that Flux is meant to be
launched under an ever smaller resource set. It is capable of identifying resources within
an allocation and managing them much like it would be if it were installed natively by the
system administrators.

Additionally, due to its strengths, Flux is used by ExecutorLib (see Section 3.3.2) and
RADICAL-Pilot (see Section 3.3.4) to handle task execution.

Flux, like Slurm, does not directly claim to support workflows. Both allow for a certain
automation of the jobs depending on the outcome of a previously submitted job (i.e., job
dependencies). Therefore, although neither scheduler calls workflows, they can be defined
by configuring constraints.

In addition to the CLI interface, Flux provides an additional way of interacting through
a Python API. Both allow for automating the submission of tasks with dependencies. To
achieve this with the CLI, a bash script was created that submits all workflow tasks. Flux
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developers considered this case for programming workflows because the ID assigned to the
task upon submission is the output of the command. Therefore, defining constraints is a
matter of saving this output to a variable and then performing the variable substitution.

An example of the above description is given in Code 3.1. A chained workflow with
two tasks is defined, where the second depends on the first.

previous_task=$(flux batch task_1.sh)
flux batch task_2.sh --dependency=afterany:${previous_task}

Code 3.1: A simple way to define a chained workflow though CLI in Flux. task_2
depends on task_1.

Because Flux is a full-fledged scheduler, resource management is an absolute necessity.
It tracks resource usage down to the granularity of the definition of the machine: from
nodes to CPUs, all the way to Non-Uniform Memory Access (NUMA) cores and particular
accelerators.

Defining resources for a job is as straightforward as in Slurm. They can be defined in
both the submission command and in the header of the batch script. However, current
Flux job submission commands do not allow some resource directives, such as equivalents
to Slurm’s ntasks-per-node, hetjob, or mem. In Flux, jobs are defined either directly or
indirectly by jobspec structures in YAML format, which contains structured information for
resources, tasks, attributes, and the version of the schema being followed. These jobspecs
follow Flux’s RFC 25 specification for “Job Specification Version 1”7, “which represents
a request to run exactly one program” (Herbein, 2014), which is a simplified version of
the “Canonical Job Specification” described in RFC 14 (Scogland, 2016). In RFC 25,
information is structured as follows:

e Resources: can be node, core, gpu, and slot. A slot is a reserved resource type that
represents the resources available for an individual task. For example, there may
be a slot with multiple cores (equivalent to Slurm’s cpus-per-task), a node with
multiple slots (equivalent to ntasks-per-node), among many other combinations for
resource requests. Only one resource may be defined per jobspec.

e Tasks: defines a single task to be executed, specifying the command, the number of
tasks, and the slots to be used.

e Attributes: define other aspects of the job, such as the maximum execution time,
the working directory, or the complete script to be executed, among others.

e Version: must always be 1.

On the fault tolerance side, it is possible to keep track of the running jobs in order to
handle errors manually.

3.4 Highlights and conclusions

In this chapter, a series of tools initially considered as candidate wrapper engines were
explored. These tools include Workflow Management Systems (mainly distributed), pilot
systems, tools or libraries for task parallelism, and workload managers such as Flux. A
summary table can be found in Appendix A.
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In the case of Toil, it offers the most flexible workflow definition, supporting both im-
plicit and explicit dependencies. However, some drawbacks have been identified regarding
resource management and fault tolerance. ExecutorLib, on the other hand, performed
correctly in resource management, thanks to its integration with Flux, and in error han-
dling, but the task flow depends on the availability of input data, and some cases of core
overlapping were detected when using non-Flux-based executors. Parsl, on the other hand,
appears to perform resource management well and facilitates error handling, but depen-
dencies are also data-flow-based.

Greasy, by contrast, facilitates the definition of workflows with explicit dependencies
via text files and features a notable error-handling and retry mechanism. However, the
underlying resource management is not entirely clear. Pegasus-MPI-Cluster also allows
for the explicit definition of dependencies and provides a remarkable error-handling mech-
anism, but situations of core overlapping and nested MPI were detected. In the case of
TaskVine, which also establishes implicit dependencies on the data flow, it supports man-
ual error handling; however, as a drawback, cases of core overlapping were also detected
during the execution of the test workflow.

In the case of RADICAL-Pilot, since it is not a workflow manager per se, it does
not support the definition of workflows, although it does facilitate waiting for executed
jobs to finish, which could help mitigate this limitation. It excels in resource and error
management. However, it introduces some variable overhead due to initialization tasks
before the first task is executed. Flux, on the other hand, is a workload manager for
HPC, so resource management is a key component of this software given its nature. It
supports establishing both implicit (data-driven) and explicit (task flow) dependencies
between submitted jobs, and error management can be performed manually by monitoring
the status of submitted jobs.

This analysis reveals that maintaining a compromise among all initially defined require-
ments proves to be complex. From the task aggregation perspective, each utility exhibits
strengths and weaknesses that are often incompatible.

Considering all this information and given the necessity to choose an in situ manager,
Flux emerges as flexible enough to meet all requirements.

Flux presents an opportunity to integrate state-of-the-art technology into Autosubmit.
Clear delimitation of resources for aggregations within the same allocation is critical, and
Flux achieves this thanks to its hierarchical architecture, which allows it to execute even
within resource allocations of other workload managers. In addition, it allows for easy error
management. Flux is already present in supercomputers such as the exascale El Capitan
at LLNL, the same facility that has been developing it since 2014, positioning it as a stable
and actively maintained option.

The other alternatives, while not definitively discarded as wrapper engines, offer some-
what less flexibility or introduce some degree of complexity that is preferable to avoid.
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Chapter 4

Design

The final objective of this work is to properly integrate the tool that best satisfies
the requirements for the in situ orchestration of the aggregated tasks, which has been
identified as Flux, into the Autosubmit workflow manager. In doing so, it must be taken
into account that Autosubmit is a mission-critical application for the scientific production,
and therefore the correctness and highest quality of the implemented functionality must
be guaranteed.

The integration design described in this chapter is based on the assumption that Flux is
installed and available on the HPC platform, either bare-metal or in a virtual environment,
such as Conda or Spack (Gamblin et al., 2015). The implementation, which used as a
base the Autosubmit version v4.1.16 (Beltran Mora et al., 2026), is limited to ensure full
functionality with Slurm systems. In addition, unit tests were designed to test the newly
developed code and ensure complete coverage.

4.1 Overview

The interaction between Flux, as the in situ wrapper manager, and Autosubmit, can
be summarized as Flux receiving lists of tasks from Autosubmit that are processed by a
remote script that automates the submission of jobs in a specific order depending on the
type of aggregation. This wrapper script is responsible for submitting and monitoring the
jobs it contains.

The desired behavior is similar to the wrapping methods already present in Autosubmit.
What Autosubmit does, at runtime, is to create the wrappers according to the selected
policy. For each of the wrappers, it generates a script that is sent to the platform for
remote management of internal tasks. The way these tasks are managed depends on the
selected method. The idea, therefore, would be to leverage the existing mechanism and
introduce the required modifications in order to implement a new FLUX wrapping method
in Autosubmit.

The creation and management of wrappers under the new FLUX method is subject to
the following execution loop:

e Autosubmit periodically checks the status of running tasks and verifies whether there
are any new tasks that can be executed once their dependencies have been resolved,
section by section. If wrappers have been configured for that section, it will also verify
whether there are any wrappers that can be sent based on the selected aggregation
policy, calculating the bounds based on ready tasks availability.

e If the policy and the status of the workflow allow for creating a wrapper, it creates
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both the scripts that execute each job within the wrapper and the wrapper script
itself. The scripts of the tasks inside the wrapper will specify the resource reservation
they will request from Flux, and the wrapper script will specify the required resource
reservation from Slurm to orderly execute the wrapped jobs while preserving possible
parallelism. All of these scripts are then sent to the platform for execution.

e In the remote allocation, the wrapper script submits the jobs to Flux and keeps
monitoring the execution, checking whether it can submit more jobs as dependencies
are solved. In the meantime, Autosubmit keeps tracking the execution of all the
tasks, including those in the wrapper.

Regarding the format of the resource specification of the jobs inside a wrapper, it
can be performed in two different manners. The first consists of appending a header
with the resource specification to the job scripts in a format similar to that of Slurm.
Instead of using the #SBATCH directives, the equivalent # flux: directives would be used.
However, it has been found that this form does not yet support all possible directives,
omitting necessary directives such as the tasks per node (ntasks-per-node in Slurm) or
memory directives. Therefore, it was necessary to go with the second option, which is for
Autosubmit to generate the jobspecs for the tasks based on the resources specified by the
user. The wrapper script will then use Flux’s Python API to launch and monitor the jobs
in the appropriate order based on the selected policy.

The diagram in Fig. 4.1 provides a high-level conceptualization of the intended inte-
gration.

Autosubmit side

Then, the Flux
wrapper builder:

HPC allocation side

The Autosubmit’s main loop:

1.

Checks if some wrapper
can be built in the
current iteration.

. Calculates wrapper

bounds based on the
type of wrapper and the

policy.

. Builds the package with

a job list already
ordered by execution
order.

Those job scripts are
translated into Flux
jobspec files.

Builds the wrapper
script that
coordinates the
execution of the jobs
in the wrapper job
list, based on the
type of aggregation.

The main loop sends
| the wrapper script to -
| the HPC, and keeps |

| monitoring the inner |
| jobs. 3

The wrapper script:

1. Initiates the Flux
instance.

2. Submits the jobs
orderly.

3. Waits for each job to
finish and checks its
status {COMPLETED,
FAILED}.

- 4. Terminates wrapper
execution and Flux

instance.

Meanwhile, Flux in
the background:

Schedules, executes
and keeps track of
the jobs, which are
characterized by
the data in the
jobspec.

Figure 4.1: High level representation of the interaction between Autosubmit and Flux
systems.

4.2 Understanding Autosubmit wrapper-related components

For a clear understanding of the new components that need to be created and where
they should be placed, and those that require some modifications, it is essential to have an

24



CHAPTER 4. DESIGN 4.2. Understanding Autosubmit wrapper-related components

overview of the existing components related to wrapper management in Autosubmit and
their relationships.

The class diagram in Figs. 4.2 and 4.3 represents the relationships between the classes
in the autosubmit.platforms package and its subpackages, headers, and wrappers, which
have collected most of the changes. The diagram has been split for better readability, but
an expanded version containing all the relationships between the sub-packages can be found
in the Figure B.1 of Appendix B.

autosubmit.platforms and autosubmit.platforms.headers - Class diagram (simplified)

autosubmit)
platforms\

[@ParamikoSubmitter} [@PlatformJ
<7

© ParamikoPlatform

[@SlurmPIatform} [@PsPIatfcrm [@PJMPIatform] [©EcPIatform}

T T

[@SlurmHeaderJ [@ PsHeaderJ [@ PJMHeader] [@ EcHeaderJ [@ EcCcaHeader} [@ LocaIHeader]

©LocaIPIatform

Figure 4.2: Class diagram representing packages autosubmit.platforms and its
sub-package headers.

autosubmit.platforms.wrappers - Class diagram (simplified)

autosubmit)
platforms\
wrappers\

©WrapperFactory

4I

[@WrapperDirector} {@SlurmWrapperFactory] [@ EcWrapperFactory} [@PJMWrapperFactory

@WrapperBuilder
AV,

[@ PythonWrapperBuiIder} [@Sru nWrapperBuilder

Figure 4.3: Class diagram representing packages autosubmit.platforms.wrappers.

As can be seen in Fig. 4.2, there are different classes of platforms. These classes are
the software components that facilitate communication with HPC clusters, interaction with
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the workload manager, and transformation of user configurations into executable functions.
The platforms use the Paramiko library (Forcier, 2026), an implementation of the SSHv2
protocol for Python.

As a general rule, there is one platform class for each supported workload manager (see
PJMPlatform or SlurmPlatform), although there are also platforms that cover cases such
as executions on the local host (LocalPlatform) or also on HPC systems in situations
where the use of the workload manager is not preferred (PsPlatform). Moreover, each
platform is associated with a Header class, which provides all the necessary methods to
build the header with the job resource specification based on the workflow configuration.

On the other hand, Fig. 4.3 comprises all the classes related to wrapper creation
and management. There exists a WrapperFactory per platform that implements wrap-
pers (not all supported schedulers have them enabled). It is responsible for generating the
wrapper script which coordinates the execution of the tasks inside the wrapper. To do this,
it uses the platforms themselves and the WrapperDirector. The corresponding platform
provides the wrapper header with the computational resources that will be requested for
running all contained tasks, and the WrapperDirector serves as an interface for obtaining
the script content through the WrapperBuilders, which are classes responsible for gener-
ating the execution logic for the wrapper script given the wrapping method (ASThread,
implemented in the PythonWrapperBuilder, and srun) and the wrapper type. This im-
plies having a WrapperBuilder per wrapper type and wrapping method. The wrapper
builders receive the lists of jobs that compose a wrapper, as well as other parameters such
as the header or the working directory, among others.

Jobs inside the wrapper, as well as the individual jobs, are assigned to scripts composed
of a header containing all the scheduler directives regarding resource specification, and the
script content itself—which is referred to as the template script. In this case, the header is
also provided by the platform, and the responsible for merging the header and the content
of the script is the class autosubmit. job. job, which is not present in the diagram.

4.3 Designing the new components

The new interface between Autosubmit and Flux involves, mainly, the jobspecs with
the resource specification, metadata, and the template for each single task inside the wrap-
per, and the wrapper scripts that coordinate their execution. Additionally, since the Flux
environment might not be enabled by default in the supercomputer, it is required to im-
plement a new key in the configuration to let users specify how to activate it inside the
remote resource allocation.

4.3.1 The Flux jobspec generation

The first step in the integration is to adapt the generation of each of the job scripts that
compose a wrapper. This implementation requires Flux jobspec files to be generated for
each job in YAML format—which integrate both the resource specification, the template,
and metadata—instead of the header-template pair. For that, it became necessary to create
an empty platform and header classes in order to prevent headers with an invalid resource
specification from being generated. They have received the names FluxOverSlurmPlatform
and FluxOverSlurmHeader. The new header just returns a single-line string with infor-
mation about the task. The diagram in Fig. 4.4 illustrates where these new components
were placed inside the autosubmit.platforms package.

Generating the files containing the jobspecs is one of the most delicate parts of this
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autosubmit.platforms and autosubmit.platforms.headers - Class diagram (simplified)

autosubmit\
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©Slurm Platform

© FluxOverSlurmPlatform

headers\
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[@FluxoverslurmHeader‘ [@SlurmHeader] [@PsHeader‘ [@PJMHeader‘ [@EcHeader] [@EcCcaHeader] [@LocalHeader‘

[@PsPlatform] l@ PJMPIaIform‘ l@ EcPIalform]

Figure 4.4: Class diagram representing the packages autosubmit.platforms and
autosubmit.platforms.headers, with the new components needed to build the interface
with Flux. New components appear highlighted.

work because it serves as the direct interface between Autosubmit and Flux, and a single
misplaced attribute or an indentation issue can result in an invalid YAML file that Flux
cannot process. For this purpose, it has been designed a new class FluxYAMLGenerator
which coordinates the creation of a FluxYAML object with the resource specification, map-
ping the job configuration directly into jobspecs, following the Flux’s RFC 25 specification.
Although this generator is located within the autosubmit.platforms.wrapper package
given its purpose, it is used externally by the class autosubmit.job.job when building
the script from the template provided by the user.

The diagram in Fig. 4.5 represents a simplified class relation in the autosubmit.plat-
forms.wrappers package that includes the new classes mentioned above.

autosubmit.platforms.wrappers - Class diagram (simplified)

©WrapperFactory
/
7

/v\\

[@ FquYAML] l@WrapperDlrector ©SIurmWrapperFactory ©EcWrapperFactory ©PJMWrapperFaCtory}

[©PythonWrapperBuiIder] [©SrunWrapperBuiIder] [@FluxWrapperBuilder

Figure 4.5: Class diagram representing packages autosubmit.platforms.wrappers, with
the new components needed to build the interface with Flux. New components appear
highlighted.
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This generator, in addition to being useful for the purpose of this work, could facilitate
the inclusion of Flux as another supported HPC scheduler in Autosubmit if required.

4.3.2 The wrapper scripts

The second step is to create the wrapper scripts. For this, it is necessary to intro-
duce a new WrapperBuilder in the autosubmit.platforms.wrappers package, which has
received the name FluxWrapperBuilder. It was inserted as the parent class of all the
sub-builders that were also created for supporting the different types of wrappers available
for the new FLUX method: vertical, horizontal, vertical-horizontal, and horizontal-vertical.

Figure 4.5, contains the new classes added in this regard to the autosubmit.plat-
forms.wrappers package. For ease of understanding, the classes corresponding to the
WrapperBuilders of each aggregation type have been excluded. A definitive class dia-
gram for this implementation can be found in Figure B.2 of Appendix B, showing all the
relationships between the sub-packages of autosubmit.platforms with the new added
classes.

The behavior of the wrapper scripts can be summarized as the ordered sequential or
parallel submission of the contained jobs to the in situ manager—using loops for sequential
executions, threads for those in parallel, or a combination of both in the case of hybrid
wrappers—of each of the jobs that comprise the wrapper. They consist of a header spec-
ifying the resources for the entire aggregation and a body containing the execution logic.
To accommodate the new FLUX method, both parts have undergone substantial changes.

The header

The script header specifies the resources that Autosubmit requests from the platform
for the wrapper. When the aggregation is sequential, the walltime of all tasks is added,
and when it is parallel, the CPUs are added.

This logic, while correct, can prevent Flux from taking full control of the allocation
if certain considerations are not taken into account. Slurm should only execute a single
task to which it assigns all available resources, regardless of the original wrapper resource
specification, which may define multiple tasks or assign resources to them, for example. A
conditional block in the WrapperFactory ensures that a single instance of Flux can manage
all the resources in the allocation by defaulting values in Slurm’s ntasks, ntasks-per-node,
and cpus-per-task directives.

The execution logic

The body of the wrapper scripts has several responsibilities, as detailed below.

e First, it generates a standalone Python script that, through the Flux API, coordinates
the proper execution of all the tasks inside the wrapper. This Python script is the
only part that varies depending on the type of aggregation, using loops, threads, or
both, in an equivalent manner to existing methods for coordinating the execution of
sequential or parallel tasks. Specifically, this script does the following;:

1. Retrieves information about the computational resources seen by Flux for de-
bugging.
2. Loads the jobspecs for the wrapper tasks.
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3. Loads the user environment.
4. Tteratively or concurrently, the jobs are submitted to the queue.

5. Retrieves information about the resources requested for the task for debugging
purposes.

6. Waits for the jobs to finish.

7. Retrieves the metadata of the completed job to extract the start and end times-
tamps that Autosubmit will later record in the database.

8. If the job has been completed, there will be a file named <jobname>_COMPLETED.
If this file does not exist, the wrapper script will eventually create a file named
WRAPPER_FAILED. These files allow Autosubmit to monitor the status of jobs.

e Next, it ensures execution permissions for the generated script and loads the Flux
environment if the user has provided a custom configuration.

e [t initializes Flux using srun and the flux start command, pointing to the gen-
erated Python script. The specific command used is the one in Code 4.1. In this
command, srun starts the job within the allocation. The option -cpu-bind=none
explicitly disables task binding to specific CPUs, allowing processes to use any avail-
able CPU on the assigned nodes. The option -verbose=2 in flux start sets the
Flux verbosity level to obtain detailed information about what is happening in the
instance.

srun --cpu-bind=none flux start --verbose=2 python {script_name}

Code 4.1: The srun command utilized to start the Flux broker executing the Python
script that coordinates wrapper execution through the API. {script_name} is replaced
by the actual name of the script.

4.4 Enabling the Flux environment in the platform

Although Flux is a consolidated workload management software, it is not yet present
in the software stack of many supercomputers. The European EESSI (Droge et al., 2023)
project, aimed at building a common software stack, already includes Flux in its latest
versions. However, the EESSI version in MareNostrum 5 does not contain it yet.

In order for Autosubmit to recognize the environment on platforms where Flux is not
directly available, it is necessary to explicitly request the set of bash commands required
to enable it. To this end, a new second-level key has been enabled under the WRAPPERS key,
called CUSTOM_ENV_SETUP. Users are responsible for specifying the commands to enable
Flux in the remote platform.

4.5 Testing the implementation sources

Unit tests have been developed to test the critical components of this implementation,
which include the FluxYAMLGenerator and FluxYAML classes. The development of these
tests serves a dual purpose: to identify scenarios not covered by the design (in this case,
invalid resource reservations) and to ensure that future changes to the code do not alter
the expected behavior.
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For each method in these two classes, pairs of white-box and black-box tests have
been developed to detect failure points and erroneous configurations that are inadvertently
accepted, and to test them by inputting incorrect values. The goal is to achieve full coverage
for both classes. White-box unit tests test a method by knowing and using its internal
code (loops, conditions), whereas black-box unit tests evaluate it only through its inputs
and outputs, without knowing how it is implemented.

Since various components of Autosubmit were modified during the integration process,
it was necessary to update the associated unit tests in some cases. The coverage for the
new code reached 100%.
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Chapter 5

Methodology

A new software component cannot be released to production unless its quality, correct-
ness, and suitability for its intended purpose have been verified in advance. This chapter
describes the methodology followed to validate the functionality of the new task aggrega-
tion method in Autosubmit through practical testing in a real computing environment.

5.1 Overview

In High Performance Computing environments, various unpredictable circumstances
often arise that hinder the proper execution of a workflow (Chu et al., 2024). For this
reason, the implementation developed in this work was evaluated by running an extensive
Climate DT workflow on the MareNostrum 5 supercomputer.

This practical validation consisted of running three extensive Climate DT workflows
concurrently under a single user. One of the workflows did not have wrappers, so all
its tasks were submitted to the machine individually. The other two workflows applied
two different wrapping methods, respectively: ASThread, the default in Autosubmit; and
the new FLUX method. Furthermore, the workflows were long enough to span multiple
supercomputer utilization cycles (about four entire days considering the results in this
work), during which the use of wrappers might have been more or less beneficial. The
purpose of this evaluation is to:

1. Determine whether the workflow that applies wrappers using the FLUX method com-
pletes successfully or, at the very least, whether any errors that arise are due to
external causes. The workflow that does not apply wrappers is intended to help
identify issues that are not related to the new implementation.

2. Ensure that the new wrapping method achieves an equivalent performance to the
default method. The workflow using the default wrappers serves as a reference for
what to expect from the workflow using the new method.

3. Obtain performance metrics that allow for a comparison between the three workflows.
These metrics include the time-to-solution—which is the time elapsed from when
the first workflow task is submitted until the last one is completed—the effective
execution time—which is the time during which at least one task was running,
to account for possible overlaps due to parallelism—the effective queue time—
which is the equivalent for queue time—the combined effective execution time—
which is the time during which there has been at least one task either in the queue
or in execution—and the workflow management time—which constitutes those
moments when the machine has no workflow task either running or queuing while the
workflow manager performs local operations. In addition, throughput and average
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execution times are obtained as relative metrics to facilitate fair comparison. The
purpose of this is to:

e Quantify the potential overhead introduced by the use of Flux, both on the
machine running Autosubmit and on the supercomputer. This includes calcu-
lating the wrapper bounds, generating the wrapper script, sending, activating
the Flux environment remotely if it is not enabled by default, and the time
elapsed from when the wrapper script submits the task to the queue until Flux
executes it, among other factors.

e Although not in the main scope, quantify the performance improvement achieved
through task aggregation, helping to reinforce the conclusions of previous re-
search.

In addition, as a further step in this study, an exploratory analysis has been carried
out taking advantage of the obtained execution data for understanding the distribution
of the different wrapper sizes throughout the execution and to conclude whether the se-
lected wrapper configuration proves its effectiveness, so that future executions of the same
workflow could benefit from it.

5.2 Obtaining metrics

All metrics that are relevant to this work can be derived from the timestamps of when
tasks are submitted to the platforms, when they begin to execute, and when they finish,
which are stored in the SQLite databases of the experiments.

These metrics make it possible to assess performance gains or degradations in each of
the three executed workflows. The calculations were carried out using a script that adheres
to the pipeline below (Goitia, 2026b).

1. For each experiment, it sends a request to the database to retrieve information on
all jobs that have been executed in a supercomputer allocation. This is achieved
by filtering by the Quality of Service (QoS) assigned to each job. Once loaded, it
performs an optional filter based on the date on which a given job was completed.
This is useful for excluding jobs from the analysis starting from the moment a failure
occurs. The analysis would only account for the jobs that started their execution
prior the given failure. Wrappers, which are subjected to their own queue time
because they are seen as a single job by Slurm, are considered atomic units (all their
jobs are allowed to finish once they have left the queue). The purpose of this pruning
is to ensure a fair comparison between different runs.

2. For each experiment, it calculates the union of the time intervals during which tasks
are queued or running, both independently and combined. From this information,
it obtains the effective queue, execution, and combined times, for then computing
relative performance metrics, including the throughput and average times.

3. It stores the computed metrics per experiment and information about the analyzed
jobs separately in CSV files. Additionally, it optionally generates another file contain-
ing the wrappers with their respective job list.
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5.3 Workflow configuration

Table 5.1 summarizes the configurations used by each of the validation workflows. With
this configuration, the workflow runs were extensive, consisting of 39,564 tasks each, and
took several days to complete.

Three members were configured, each consisting of 36 chunks of one month. Daily
splits were configured for all sections corresponding to the applications, with the exception
of APP_HYDROMET, which continued to run on a monthly basis.

The workflow itself ran with the apps-only option. This means that no climate models
were run; instead, data streaming was disabled by setting Data Notifier (DN) to bypass
streaming with direct file reading, and postprocessing applications worked with already
available data. In this post-processing intervened both the One Pass Algorithms (OPA)
section, which computes the statistics required by the applications, and the APP, which
transforms the statistics into the climate application’s output (e.g. probability of wild fire,
energy generation in offshore wind farms, or flood prediction). Of these three sections,
only OPA and APP run on HPC allocations. DN runs on the login nodes. The structure
of the post-processing task sections is essentially vertical—or chained—with dependencies
also existing between tasks in different sections, which makes them perfect candidates
for applying vertical task aggregation. Having the ESM simulation enabled would have
introduced a higher computational cost and a longer time-to-solution, which would affect
the calculation of the performance metrics by having less available data about the post-
process (which is the real target in the analysis) for the same period.

All climate applications shown in Table 5.1 were activated, and the wrappers were
applied to their OPA and APP sections. The wrappers, which were vertical according to
the workflow organization, had a size ranging from 15 tasks to a value dependent on the
time limit for each task established by the QoS of the account running it. That is, when
a wrapper for a section has a walltime of 30 minutes and the maximum execution time
allowed for the chosen account is 48 hours, up to 96 tasks can be grouped.

Table 5.1: The configurations used for validating the implementation with the Climate
DT workflow.

Parameter No wrappers ASTHREAD wrappers FLux wrappers

Common workflow configuration parameters

Members 3

Chunks 36

Chunk size Month

Splits All sections except APP_HYDROMET
Split size Day

Task retries 10

Common Climate DT workflow-specific parameters

Execution Apps-only

Continued on the next page
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Parameter No wrappers ASTHREAD wrappers FLux wrappers
Energy indicators
Active Wildfires FWI
applications Wildfires WISE
bp Hydroland
Hydromet
Wrapper configuration parameters

Wrappers No Yes Yes

Policy — Flexible Flexible

Method — ASThread Flux

Type — Vertical Vertical

Min size — 15 tasks 15 tasks

Max size — Unlimited, QoS—dependent Unlimited, QoS—dependent
OPA_ENERGY_INDICATORS OPA_ENERGY_INDICATORS
OPA_ENERGYTDIG1 OPA_ENERGYTDIG1
OPA_ENERGYTDIG2 OPA_ENERGYTDIG2
APP_ENERGY_INDICATORS APP_ENERGY_INDICATORS
OPA_WILDFIRES_FWI OPA_WILDFIRES_FWI

Wrapped APP_WILDFIRES_FWI APP_WILDFIRES_FWI

sections — OPA_WILDFIRES_WISE OPA_WILDFIRES_WISE

APP_WILDFIRES_WISE
OPA_HYDROLAND
APP_HYDROLAND
OPA_HYDROMET
APP_HYDROMET

APP_WILDFIRES_WISE
OPA_HYDROLAND
APP_HYDROLAND
OPA_HYDROMET
APP_HYDROMET

5.4 Workflow execution

The Appendix C provides a comprehensive step-by-step guide for setting up the exper-
iments in accordance with the descriptions in Table 5.1, explaining the Autosubmit com-
mands used, the modified configurations, and some fine-grained adjustments in resource
description parameters. For that, it was utilized the Climate DT workflow version 6.1.0,
which is publicly available at its official repository (Arriola et al., 2026). The experiments
were managed with the custom Autosubmit version that resulted from this work (Goitia,
2026a)—which is based on v4.1.16—and were executed on the MareNostrum 5 supercom-
puter, which already had a Flux environment with flux-core v0.79.0 and flux-sched
v0.48.0.

5.5 Considerations

Given that errors are common in HPC—for example, due to occasional node failures
or network outages—it is possible that a run as extensive as those proposed in this study
may not be completed without interruptions, such that the three workflows are executed
under equal conditions. Due to the huge computational and temporal cost of the evaluation
workflows, and the fact that re-running them in case of failure does not prevent sporadic
errors from arising again, this methodology proposes that, in the event of an error, the
analysis must be performed using the data available up to the point of failure, excluding
the jobs that started their execution after the failure happened in the three workflows.
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Moreover, due to the fact that the workflows were executed under the same user ac-
count, the utilization of tasks in one workflow can directly penalize the tasks of the others.
In an ideal scenario, the evaluation would have been carried out under three different users
starting from the same utilization—that is, with the same fair share value.
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Chapter 6

Results and discussion

This chapter presents and analyzes the results obtained from running the three work-
flows designed in this work. Also, provides an additional exploratory analysis of the wrap-
per size distribution based on the obtained data.

6.1 Analysis of the workflow execution

The experiment using Flux wrappers experienced a sporadic failure when sending a
wrapper. Although the cause has been determined not to be related to the implementation,
this failure resulted in the cancellation of all tasks dependent on it. Consequently, the
methodology was followed as described for these cases. All tasks that started execution
after the finalization timestamp of the task preceding the failure were excluded from the
analysis, except those inside wrappers that had an allocation already assigned.

Table 6.1 presents the analysis results for the individual tasks organized into three
blocks of rows. “Individual task” refers to each task unit executed, regardless of whether it
has been wrapped or not. Only tasks submitted to the scheduler are considered here (those
executed on the login nodes were excluded). The first block consists of information on the
workload—that is, the analyzed individual tasks—including the total number of tasks
executed considering possible retries after a failure, the number of unique tasks executed
excluding retries, the total number of tasks that were excluded from the analysis for each
experiment due to the aforementioned failure, and the number of wrappers created per
experiment, which are seen as a single job by the scheduler.

For each experiment, the second block presents time-related metrics. First, effective
times reflect the concurrent nature of workflows, meaning there are moments when multiple
tasks are queued or running, or none at all. For this reason, simply adding the times is not
a reasonable approximation. One of these metrics is the effective execution time, which
represents the fraction of time during which there was at least one job running on the
platform. The effective queue time is the equivalent for the queue time, representing the
time during which there was at least one job that was waiting to be executed. The effective
combined time integrates the previous ones, taking into account possible overlaps.

Additionally, there are the time-to-solution—or makespan—which represents the frac-
tion of time from when the first task in the workflow was submitted until the last one was
completed, and the effective workflow management time, which is the difference between
the time-to-solution and the effective combined time, quantifying those moments when the
platform had no running or queuing task due to Autosubmit’s processing.

In order to account for these uneven workloads, the final block presents a set of metrics
relative to the workload of each workflow. The first is throughput, quantified as the rate of
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Performance metrics Unwrapped ASThread FLUX

Workload (after pruning)

Total executed tasks 13,660 33,667 33,488
Unique tasks 13,659 33,413 33,253
Total excluded tasks 22,595 2,863 2,888
Wrapper jobs — 893 878

Absolute effective times (seconds)

Effective execution time 140,563 296,629 304,714
Effective queue time 302,832 181,342 185,130
Effective combined time 312,653 344,176 345,031
Time-to-solution 313,061 344,176 345,031
Effective workflow management time 408 0 0

Relative performance metrics (seconds)

Throughput (tasks/hour) 157.08 352.15  349.41
Effective queue time per task 22.17 5.39 5.53
Effective execution time per task 10.29 8.81 9.10
Effective workflow management time per task 0.03 0.00 0.00

Table 6.1: Number of task per workflow, absolute timing statistics, and relative timing
statistics by tasks in the workflow. Unwrapped is the workflow without wrappers,
ASThread is the workflow applying default wrappers, and FLUX is the workflow applying
wrappers with the new method.

tasks executed per hour. The remaining ones are the average effective queue, execution,
and workflow management times per task, defined as the absolute metric divided by the
total number of tasks in the workflow. A lower value indicates that the workflow managed
to execute more in parallel, thereby increasing the throughput.

The first significant finding revealed by these metrics is that the experiments with
wrappers (ASThread and FLUX) delivered a markedly higher throughput, achieving 2.24x
and 2.22x, respectively, compared to the rate offered by the standard reference workflow.
All this while maintaining a similar time-to-solution of around four days in all three cases,
although the workload of each workload is different. The difference between the three
time-to-solution values is due to the fact that, when pruning the tasks scheduled after
the failure, the jobs that were already running were allowed to finish. Since wrappers are
treated as atomic units and have a longer execution time, it was to be expected that the
time-to-solution would be somewhat longer in the experiments that used them.

Another of the most relevant factors in this work is the workflow management time.
This metric makes it possible to determine the time during which Autosubmit performed
wrapper-related management operations—such as computing the bounds, creating, and
sending them—while the platform was not queuing or running any workflow task. It can
be seen that this time was 408 seconds in the case of the workflow without wrappers.
However, for the two experiments with wrappers, this time was zero. This is because
this time is completely overlapped with the execution of the wrappers, meaning that the
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additional time Autosubmit needs to build a wrapper has zero cost on the overall execution,
whether using the ASThread method or the FLUX method.

Regarding the average effective queue time, similar values can be observed for the
experiments with wrappers, which contrast with the high value in the baseline experiment,
thus explaining the substantial improvement in throughput mentioned above. Tasks of
workflows executed within wrappers wait on average four times less in queue.

The average effective execution time shows notable differences among the three work-
flows. In the case of the unwrapped workflow, the average time is 10.28 seconds, a higher
value due to the strong fragmentation that occurs because individual tasks spend, on av-
erage, more time blocked in the queue and less time running, resulting in very few jobs
executing concurrently on the platform. This increases the fraction of effective time that
falls on each individual task. In contrast, the two experiments with wrappers manage to
sustain a high and steady level of concurrent execution, reducing this average effective time
to 8.81 and 9.09 seconds, respectively.

Although it is not possible to determine all the factors involved in the discrepancy
between the effective execution time of the ASThread and FLUX workflows with the available
information, it is reasonable to attribute it to the processing overhead that Flux may incur
as an in situ manager; however, it may also be related to physical factors (performance of
the compute nodes). In any case, the difference—2.74 tasks/hour, or 0.78% of the total—
supposes a minimal performance degradation that is deemed acceptable for the returns
that employing Flux provides, establishing it as a fully viable in situ workflow manager
with no significant performance penalties compared to Autosubmit’s default method.

6.2 Analysis of the wrappers

Section Size Walltime Samples Mean Queue Median Queue Queuing efficiency
15-40  300-800 min 858 4,660.17 135.00 0.13
41-66  820-1320 min 122 8,936.44 8,405.00 0.06

OPA 67-92  1340-1840 min 81 3,116.86 169.00 0.48
93-118  1860-2360 min 89 5,596.53 165.00 0.49
119-144 2380-2880 min 52 1,164.54 138.00 0.75
15-31 450-930 min 362 2,169.25 150.00 0.12
32-48  960-1440 min 41 3,023.78 155.00 0.27

APP 49-64  1470-1920 min 42 4,524.62 3,669.00 0.12
65-80  1950-2400 min 34 1,843.50 188.50 0.40
81-96  2430-2880 min 33 7,461.52 167.00 0.62

Table 6.2: Queuing metrics by wrapper size range for both OPA and APP sections.
Wrapper size ranges are measured in tasks, and their corresponding walltimes in minutes.
Queue times are given in seconds, and queuing efficiency in tasks/second.

As an additional step in this work, the distribution of wrapper sizes has been studied
to understand how the selected wrapping policy and the bounds configured in these ex-
periments impact Slurm queue times and, therefore, affect the workflow performance, with
the aim of optimizing the wrapping configuration of future Climate DT workflow runs.

Table 6.2 shows the distribution of the different sizes of the wrappers submitted to
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MareNostrum 5. The size column shows the wrapper size ranges in tasks, and the walltime
represents their maximum execution time in minutes. Samples represents the number of
wrappers counted in each range. The mean and median queue times, in seconds, correspond
to the wrappers, not the individual tasks they contain. The queuing efficiency represents
the average rate of tasks that start execution per second, considering all the samples in
the range.

The wrappers of the OPA and APP sections are analyzed separately because, although
they request the same resources (an exclusive node), they specify different walltimes. Since
the wrappers are vertical, the walltimes of the tasks they contain are added, so the different
sections have a different impact on scheduling. The individual OPA tasks have a walltime
of 20 minutes, compared to 30 minutes for those in APP. This has a direct effect on the
maximum aggregation size, as it is adjusted at runtime to group as many tasks as the
Quality of Service constraints allow. An OPA wrapper can consist of up to 144 tasks,
whereas an APP wrapper can aggregate up to 96, given the maximum walltime of 48 hours.

The different sizes found are distributed in ranges proportional to the maximum size
allowed in each section. The table shows the aggregated data from all the experiments
carried out in this work. This approach is valid because, regardless of the wrapping method
used, in both experiments, the wrappers from the same section and size request the same
allocation from Slurm, thus affecting scheduling in the same way.

One of the most notable details is directly related to the flexible wrapping policy used,
with the highest concentration of samples found in the range covered by the smallest wrap-
pers for both sections. This indicates that, in most cases in which Autosubmit calculated
the new wrappers to be sent, the number of tasks available to group ranged between 15 and
40 for OPA and between 15 and 31 for APP. Although larger wrappers are frequently found,
the number of samples shows that they represent a smaller fraction in comparison—30%
versus 70% for the smaller ranges.

This size distribution is directly dictated by the workflow topology, determined by
the dependency (DN — OPA — APP) and the differences in execution speed between these
sections. Workflow execution begins with the DN tasks which, as they are completed, start
to unlock the OPA tasks. These DN tasks are completed quickly because, in this particular
workflow, the data streaming between the simulation—which is not actually run—and
the applications is disabled. As soon as 15 DN tasks are completed, the first wrappers
containing 15 tasks from the OPA sections are submitted. The same occurs with the OPA-
APP dependency. However, as execution progresses, the high speed of DN compared to
OPA—and of OPA compared to APP—causes ready tasks to accumulate faster than they are
executed. This accumulation effect is what allows Autosubmit to increase the size of the
wrappers in its subsequent evaluations, generating intermediate and large aggregations.

In terms of performance (queuing efficiency), the overall trend seems to indicate that
the larger the wrapper, the better the job execution rates obtained. However, a severe
performance drop can be observed in the intermediate ranges for both sections, which
corresponds to the 41-66 range in OPA and 49-64 in APP.

When analyzing the metrics in the table, it becomes clear that this penalty is not due
to the execution itself, but rather to a disproportionate increase in median queue times
attributable to adverse workload conditions in the platform. While the other ranges stay
around 150 seconds of queue time, the medium-sized groupings shoot up to 8,405 and 3,669
seconds, respectively.

Initially, this performance degradation could be due to Slurm penalizing medium-sized
walltimes, as it is unable to find a slot for them to run via backfilling. However, the data
suggest that the inefficiency ranges do not necessarily intersect in temporal terms: while
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the OPA trough occurs between 820-1320 minutes, the APP one occurs between 1470-1920
minutes. This discrepancy in the suboptimal range could be due to how the workflow
topology interacts with the dynamic load on the supercomputer. In other words, both the
workflow topology and the supercomputer load influence when wrappers of a given size are
formed. When the supercomputer load is very high, the slow rate at which tasks are com-
pleted favors the formation of suboptimal (intermediate) wrapper sizes, which inherit that
congested situation and pay for it with longer queue times. On top of this phenomenon,
another one could be impacting it. As the workflows execute, there is continuous degrada-
tion of the priority of the user who launched the experiments, given that as these progress,
the user’s utilization increases, negatively impacting their fair share.

Ultimately, the smaller wrappers achieve short queue times (135-150 s) because their
short walltime allows the backfill algorithm to easily fit them into free time gaps on the
machine, while still being large enough to reduce the total number of jobs submitted by
the workflow and to minimize the queue time. However, medium-sized wrappers could be
too long to benefit from this mechanism, so they must compete in the queue, inheriting
the effects of high congestion and the low fair share of the user. The larger wrappers were
obtaining median queue times in these executions similar to those of the first segments.
The formation of these large aggregations is the result of the progressive, natural accumu-
lation of ready tasks as the workflow is completed during time windows in which the cluster
is presumably lightly congested, allowing Slurm to process them quickly. This favorable
scenario allows wrappers to face shorter queue times without needing any backfilling. This
quick start of execution, combined with the huge number of tasks they complete with-
out interruption, amortizes any penalties resulting from having medium-sized wrappers,
increasing the queuing efficiency to 0.75 and 0.62 jobs/s.

In conclusion, the combined analysis of throughput and queue times shows that the size
of the wrapper does not exhibit a continuously improving linear relationship, but rather a
behavior influenced by the workflow topology, the workload of the machine, and the Slurm
scheduling rules in MareNostrum 5. This could serve as the basis for a more comprehensive
future analysis, for which additional variables would be needed to understand what was
happening on the machine during execution, such as utilization information—global, for
the account, and for the user—or how the jobs were scheduled (backfill or standard), among
others.

Nevertheless, for future executions of the workflow, the data presented suggest that
the chosen wrapping configuration is effective. By allowing the size to adapt at runtime
to the dependency-resolution rate, Autosubmit ensured that the vast majority of wrap-
pers (around 70%) remained within small ranges, thus guaranteeing short queue times by
benefiting from backfilling and still reducing the total number of jobs submitted by the
workflow, thereby increasing throughput compared to the unwrapped workflow in Table
6.1. Also, around 90% of the wrappers experienced fast median queue times. Although
the execution conditions inevitably force the creation of medium-sized wrappers that end
up trapped in a performance drop, the high performance of small wrappers and the larger
ones that are occasionally created compensates for the cost of having wrappers in interme-
diate size ranges. However, it must be borne in mind that these workflows deactivate the
extensive and expensive simulation tasks and that data streaming is simulated, making it
difficult to determine its influence on the wrapper size distribution, and therefore on the
queuing efficiency.
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Conclusions and future work

Conclusions

This work explores the feasibility of using tools for the in situ management of workflow
tasks as engines for task aggregation. The need to integrate this type of solution into a
workflow manager such as Autosubmit arises from the great complexity involved in devel-
oping and maintaining a dedicated submodule for the remote execution of interdependent
tasks. By externalizing this remote management, Autosubmit only has to generate a list
of the jobs that constitute the aggregation, called a wrapper, and execute them through
the interface provided by the tool for this purpose.

Multiple candidate in situ managers were explored, such as Parsl, Greasy, and Execu-
torLib, and, although many proved promising, among the eight analyzed, Flux was the one
that best met all the requirements for its integration into Autosubmit. This work describes
the software design that was necessary for its correct integration, which establishes a solid
foundation both for the initial purpose of this study and for future implementations. Fur-
thermore, to validate the functionality of this new implementation, a rigorous methodology
has been designed that tests it in a real execution environment, namely MareNostrum 5,
going beyond the developed tests.

This first reproducible analysis running a large Climate DT workflow—the digital twin
of the Earth developed for Destination Earth—has made it possible to assess both the
feasibility of the new Autosubmit integration with Flux and the overall impact of task
aggregation. First, the evaluation of the new Flux-based wrapping mechanism shows that
it is capable of managing the in situ execution of jobs with a negligible performance
difference of 0.78% in favor of the current default wrapping method, attributable to the
slight processing overhead introduced by Flux. This discrepancy is minimal in the overall
computation. Therefore, Flux is considered to have met the orchestration requirements
specified in this work, such as compatibility with multiple platforms and architectures and
full resource management of allocations. Hence, it is empirically validated that its adoption
does not introduce significant penalties while offering in return a modern, portable, robust,
and scalable management ecosystem with strong potential for the in situ management of
aggregations.

Secondly, the results show that the use of vertical wrappers, in which each task de-
pends on the previous one, is a design-level requirement for the workflow to reduce queue
time in congested HPC environments. The wrappers achieved a 2.2x speed-up in workflow
performance compared to the execution submitting individual tasks, thanks to the sub-
stantial reduction of the queue times, which is further consistent with the conclusions of
previous work that stated their benefits. Furthermore, the cost associated with computing
the wrapper bounds and creating their scripts overlaps completely with the execution.
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Moreover, this work presents an additional exploratory analysis of the distribution of
wrapper sizes, using the data obtained from the executions to assess the effectiveness of the
selected wrapper configuration. This analysis suggests that the efficiency of the scheduler
in dispatching wrappers for execution did not follow a linear pattern with respect to their
walltime sizes, but also depends on other factors such as the current workload state of
the machine and the topology of the workflow, which strongly determine at what moment
the wrappers are created and with what dimensions. The flexible policy and the dynamic
wrapper size are presented as an effective option, given that approximately 90% of the
wrappers moved to execution quickly, offsetting the penalties incurred in the suboptimal
situations that arose during the run.

Finally, although the results of this work provide a strong basis for further action,
it should be noted that the analysis was performed on a workflow that did not include
the demanding simulation tasks and had the data stream disabled. Nevertheless, the
evaluated workflow is considered to be highly demanding and representative of a production
environment.

Future work

Throughout the development of this work, new implementation opportunities have been
identified that can leverage the integration already in place. In fact, since the wrappers
have a dual purpose—reducing queue times and adapting the workflow to the limits of
the Quality of Service—they could ideally accept aggregations of tasks that involve more
complex interdependencies. An example of this type of dependency is found in the evalu-
ated workflow, which followed a structure that can be summarized as DN — OPA — APP.
Aggregating tasks of the two sections that run on supercomputer allocations (OPA and APP)
would be presumably complex with the hybrid wrappers currently supported. Flux would
facilitate extending the current implementation to support subworkflows with more com-
plex inter-section dependencies, since its API allows one to define dependencies between
jobs.

Remote execution of subworkflows is possible, and one example of this is Pilot-Job sys-
tems, whose architecture allows a distributed workflow manager—where a machine man-
ages the execution of a workflow remotely—to execute tasks by resource binding (tasks
are scheduled on remote resources already allocated by the HPC scheduler). An imple-
mentation like the one proposed would make the work easier not only for the Autosubmit
development team, but also for the users who design and configure the workflows and the
wrappers.

In addition, as an immediate subsequent step, it is proposed to develop the required
integration and regression tests, as the implementation will be used in real environments
where there is no margin for errors. It is also essential to produce the associated documen-
tation.

To conclude, future work focused on testing the wrapping policy would be needed to
study the distribution of wrapper sizes as a function of workflow topology, its workload,
and machine load, which could be especially useful for optimally configuring aggregations
across different types of workflow.
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Appendix A

Wrapper engines summary

In this chapter, the most significant aspects of each candidate wrapper engine are summarized. Characteristics analyzed include ease of deployment,
workflow definition, and the ability to manage resources and errors, in the context of task aggregation.

It is important to note that some of the features of these tools have not been tested nor explored, and that this evaluation is partial, with the aim of
determining their suitability as wrapper engines.

The ease of deployment described here states the installation method that has been utilized for each tool, and subjectively classifies the effort made to
deploy the tool, either locally or in a HPC platform, according to the column containing the tested machines.

The workflow definition summarizes how a workflow can be declared with the available methods. Then, resource management described the main
impressions regarding resource handling and assignation to the workflow tasks.

Failure tolerance describes the available methods, if any, for handling eventual errors in the workflow execution, and the subsequent behavior.

WMS Ease of deployment =~ Workflow definition Resource management Failure tolerance Tested machines  Other comments

- Python functions as jobs.

- Suports both explicit and
Toil Easy (PyPI) data-driven dependencies.

- Supports CWL and WDL

standards.

Unclear core binding and node

. Unclear error handling. Local —
count recording.




ExecutorLib

Easy (Conda)

- Python functions as jobs.
- Python script.
- Data-driven dependencies.

- Executor-dependent behav-
ior.

- Multi-node available.

- Jobs are sent to fixed work-
ers, except for FluxExecutor.
- Workers cannot be assigned
resources manually, but tasks.

Errors and retries must be han-
dled manually.

Local

Only FluxExecutor allows to
specify advanced scheduling
parameters and offers native
support for bash applications.

Greasy

Easy (source)

- Engine-dependent behavior.
- Tasks and dependencies ex-
plicitly specified through a
plain text file.

- Syntax checker available.

- The number of concurrent
jobs depends on the count of
workers.

- Not sure about the resource
assignment to workers.

- Multi-node configurations ex-
pected to be allowed by the ba-
sic executor, but not tested.

- Detects failures on tasks.

- Implements retries.

- When a task definitely fails,
it generates another plain text
file of the remaining workflow
to resume the execution from
there.

MareNostrum 5

Not tested a fresh install with
custom configurations.

RADICAL-Pilot

Easy (PyPI)

- Python script.

- No dependencies (barriers re-

quired).
- Does not allow calls to mpirun

- Pilot-based.
- Tasks are correctly assigned
to resources when available.

- No retries.

- Execution continues despite
failures.

- Manual error handling.

Local
MareNostrum 5

- Pilots can take a while to be-
come available.
- Certain overhead in the exe-
cution of concurrent tasks has
been detected.

Pegasus-MPI-Cluster

Medium (source)

Tasks and dependencies explic-
itly specified through a DAX file.

- Manager-worker basis.

- One core for the manager, re-
maining ones for workers.

- Time-slicing detected when
the amount of resources of the
concurrent tasks exceeded the
available.

- Unclear support for MPI ap-
plications.

- Supports retries.
- Allows to resume the execu-
tion from the failed job.

Local
MareNostrum 5

Built over MPI.

Parsl

Easy (PyPI)

- Python script.
- Data-driven dependencies.

- Behavior depends on the ez-
ecutor, the provider, and the
launcher.

- Good resource management,
including multi-node configu-
rations.

Not tested, but integrates
three mechanisms: ezceptions,
retries and retry handlers.

Local
MareNostrum 5




TaskVine

- Easy (Conda)
- Medium (source)

- Python script.

- Data-driven dependencies.

- Manager and workers require
explicit instantiation, indicat-
ing IP + port for network com-
munication.

- Behavior depends on the
manager and worker configura-
tion.

- Seems to do it well, but core
binding is unclear.

- Retries allow for resubmitting
tasks that failed due to miscon-
figuration or platform-related
errors, for example.

- Error handling for tasks re-
turning an error code would
need be done manually.

Local

Flux

Easy (both Spack
and Conda)

- Python bindings allow for
defining both tasks and data-
driven workflows.

- CLI allows to define work-
flows with task dependencies.

Since it is a full scheduler itself,
it manages resources within al-
locations seamlessly.

- Requeues jobs accordingly to
failure and configuration.

- Allows for manual error han-
dling.

MareNostrum 5

It has been seen Flux allocat-

ing more than resources avail-
able.

Table A.1: Overview of the key features of the evaluated Workflow Management Systems.
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Appendix B

The complete class diagram for autosubmit.platforms

B.1 Before Flux integration

autosubmitplatforms - Class diagram (simplified)

autosubmit
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Figure B.1: Class diagram with a complete representation of all the components under the autosubmit.platforms package.



B.2 After Flux integration

| | ]

Figure B.2: Class diagram with a complete representation of all the components under the autosubmit.platforms package, after the Flux integration.
New components appear highlighted.



Appendix C

Steps for executing the workflow

In this appendix, it is described how to reproduce the experiment creation, execution,
and monitoring. For that, it was employed the Climate DT workflow v6.1.0 (Arriola et al.,
2026). The workflow executed on MareNostrum 5 using a custom Autosubmit build with
the integration resulting from this work, based on v4.1.16 (Goitia, 2026a). The flux-core
version used was v0.79.0, and flux-sched’s was v0.48.0.

C.1 Experiment building

In order to build an experiment, it is necessary to execute the autosubmit expid
command described in C.1. This command creates a new empty experiment of type git
that will use remote sources. In this case, the git_repo flag points to the repository,
and the git_as_conf indicates where the configuration files are placed in those sources.
The minimal_configuration is used to indicate Autosubmit to generate only a global
configuration file, since the sources already contain custom configuration files. The flag
description is used to provide a brief explanation of the experiment. The command
returns the experiment identifier, or expid, of the new experiment and the path to its
directory.

autosubmit expid --description

o --HPC marenostrumb --minimal_configuration --git_as_conf
— conf/bootstrap/ --git_repo

< https://github.com/DestinE-Climate-DT/Workflow.git

Code C.1: Example of experiment building from scratch in Autosubmit. A minimal
git-based experiment will be created.

C.2 Workflow configuration

The default configuration will fetch the main branch of the repository, so the
conf/minimal.yml file in the experiment folder must be adjusted to point to the v6.1.0
tag, as detailed in C.2

GIT:
PROJECT_ORIGIN: https://github.com/DestinE-Climate-DT/Workflow.git
PROJECT_BRANCH:
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PROJECT_COMMIT:
PROJECT_SUBMODULES :
FETCH_SINGLE_BRANCH: true

Code C.2: Configuration required for the GIT key in conf/minimal.yml.

The experiment can be created by running the autosubmit create command as ex-
plained in Code C.3, assuming that the expid is a3bO0.

autosubmit create a3b0

Code C.3: Example of experiment creation in Autosubmit. It is supposed the expid is
a3b0.

By creating the experiment for the first time, all the project sources will be fetched.
In order to re-fetch the sources, the autosubmit refresh command should be employed.
After fetching, an interactive script will be prompted asking the user for the type of work-
flow that will be used. From all the options, one has to select app. After that, an editor
will be displayed with the content of the new conf/minimal.yml file.

The APP key requires to be overridden with the configuration in Code C.4. This con-
figuration will enable all the applications described in Table 5.1. The same applies to the
key EXPERIMENT, in which the startdates, members, chunks, splits, and their properties are
defined. Code C.5 represents how the configuration in Table 5.1 is applied.

APP:
ENERGY_INDICATORS:
ENERGY_OFFSHORE:
WILDFIRES_FWI:
WILDFIRES_WISE:
HYDROLAND:
HYDROMET :
READ_FROM_DATABRIDGE:

Code C.4: Configuration required for the APP key in conf/main.yml.

EXPERIMENT:
DATELIST: 20200101
MEMBERS: fcO fcl fc2
CHUNKSIZEUNIT: month
SPLITSIZEUNIT: day
CHUNKSIZE: 1
NUMCHUNKS: 36
CALENDAR: standard

Code C.5: Configuration required for the EXPERIMENT key in conf/main.yml.

Another required change in the conf/main.yml file includes the following keys under
REQUEST.
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REQUEST:
ACTIVITY: projections
EXPERIMENT: SSP3-7.0
GENERATION: 2
REALIZATION: 2
MODEL: IFS-NEMO
RESOLUTION: high
EXPVER: a2ii
FDB_HOME:

Code C.6: Configuration required for the REQUEST key in conf/main.yml.

Creation might take some time to complete due to the size of the workflow. Moreover,
some submodules in the repository require authentication.

After creation, some workflow-specific configurations need to be changed to replicate the
behavior of the experiments in this work, involving task and platform definition sections,
and also other granular adjustments. All the files referenced in the following lines are under
the proj/git_project/conf directory of the experiment.

The first changes to be made after the experiment creation involve the
applications/opa/opa.yml file, which contains several configuration parameters related
to the OPA sections for each platform. This file presents configurations for different plat-
forms, but only MareNostrum 5 needs to receive the changes in Code C.7.

PLATFORMS:

MARENOSTRUMS :
OPA_EXCLUSIVE: True
OPA_PROCESSORS: 1

Code C.7: OPA processors adjustment in file applications/opa/opa.yml. The dots
indicate the omission of parameters that must not be modified.

The additional_jobs directory contains the files for the specification of some jobs,
including the applications that have been previously enabled. The configurations in Code
C.8 must be applied to the APP section for each enabled application. Code C.9, explains the
configuration applied to the OPA sections instead. Here, the configuration for the energy
indicators tasks is explained, which can be found in the energy_indicators-True.yml

file.

NODES: 1
PROCESSORS: 1
TASKS: 1
THREADS: 1
EXCLUSIVE: True
RETRIALS: 10
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Code C.8: Job resource specification for the APP section in file additional_jobs/
energy_indicators-True.yml. This configuration is the same for all the applications.

NODES: 1
PROCESSORS:
TASKS: 1
THREADS: 1
RETRIALS: 10

Code C.9: Job resource specification for the OPA section in file additional_jobs/
additional_jobs/energy_indicators-True.yml. TASKS This configuration is the same
for all the applications.

These changes in resource specification do not really affect the allocation characteristics
the workflow developers specified, but it is an equivalent way needed to make Flux repli-
cate the Slurm behavior while treating the resources within the allocation. The original
configuration led Flux wrappers to raise out of memory errors due to how the resource
parameters were being parsed.

A total of ten retries have been configured for all the sections that will eventually be
wrapped in order to avoid a punctual job failure to stop the entire workflow.

Other small changes must be made in applications/default_gsv_request.yml (see
Code C.10) and in applications/container_versions.yml (see Code C.11) for precise
reproducibility.

ENERGY_INDICATORS:
GRID:
METHOD:

Code C.10: Grid configuration required for the ENERGY_INDICATORS application in file
applications/default_gsv_request.yml.

OPA:
VERSION:

Code C.11: OPA version adjustment in file applications/container_versions.yml.

C.3 Wrapper configuration

Once both the experiment and its tasks are configured, wrappers need to be applied to
the different sections of the enabled applications. This can be done by adding the corre-
sponding keys in the task specification YAML files (in the additional_jobs directory).

Code C.12 contains the configuration that must be appended to each task specification
file, for each task section they contain, to apply the ASThead wrappers specified in Table 5.1.
Moreover, Code C.13 contains the equivalent configuration for applying the FLUX wrappers.
Both configurations belong to the file additional_jobs/hydroland-True.yml, but must
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be applied to all enabled applications. The reference experiment without wrappers must
not contain any of the following configurations.

WRAPPERS:
METHOD: ASTHREAD
WRAPPER_HYDROLAND_QOPA:
POLICY: flexible
MIN_WRAPPED: 15
TYPE: vertical
JOBS_IN_WRAPPER: OPA_HYDROLAND
WRAPPER_HYDROLAND_APP:
POLICY: flexible
MIN_WRAPPED: 15
TYPE: vertical
JOBS_IN_WRAPPER: APP_HYDROLAND

Code C.12: The ASThread wrapper definition for the OPA and APP task sections in the
hydroland application.

WRAPPERS :
METHOD: FLUX
WRAPPER_HYDROLAND_QOPA:
POLICY: flexible
MIN_WRAPPED: 15
TYPE: vertical
JOBS_IN_WRAPPER: OPA_HYDROLAND
WRAPPER_HYDROLAND_APP:
POLICY: flexible
MIN_WRAPPED: 15
TYPE: vertical
JOBS_IN_WRAPPER: APP_HYDROLAND

Code C.13: The FLUX wrapper definition for the OPA and APP task sections in the
hydroland application.

In case the FLUX method is used, it is needed to specify the custom configuration script
that will be executed in remote to enable the Flux environment on the file conf/main.yml.
Code C.14 presents the script that was used in this work.

WRAPPERS :
CUSTOM_ENV_SETUP: |
module load miniconda
source <absolute_path_to>/conda.sh
conda activate flux
conda info

Code C.14: The global custom configuration for enabling the Flux environment in
remote. The path to conda.sh must be replaced.
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C.4 Experiment execution

Once the experiment is fully configured, it is needed to run the autosubmit create
again in order to update the parameters. This second time, the sources will not be fetched.
When an experiment has wrappers enabled, it must be indicated in the creation step by
setting the check_wrapper flag. The entire process can take some time to complete, and
after completion, a window with the workflow diagram will be shown. Since the workflow
contains thousands of tasks, it is recommended to disable diagram generation to save time
by using the noplot flag. All these considerations have been reflected in Code C.15.

autosubmit create --noplot a3b0

autosubmit create --check_wrapper --noplot a3b0

Code C.15: Example of experiment creation in Autosubmit, considering wrapper
existence. It is supposed that the experiment identifier is a3bO0.

Then, the experiment can be executed using the autosubmit run command, as in Code

C.16.

autosubmit run a3bO

Code C.16: Example of experiment execution in Autosubmit. It is supposed that the
experiment identifier is a3b0.

The execution can be monitored through the GUI, if available, of by using the
autosubmit monitor command.
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