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Abstract

Machine learning (ML) applications in weather and climate are gaining momen-
tum as big data and the

immense increase in High-performance computing (HPC) power are paving the
way. Ensuring FAIR data and

reproducible ML practices are significant challenges for Earth system researchers.
Even though the FAIR

principle is well known to many scientists, research communities are slow to
adopt them. Canonical

Workflow Framework for Research (CWFR) provides a platform to ensure the
FAIRness and reproducibility

of these practices without overwhelming researchers. This conceptual paper
envisions a holistic CWFR

approach towards ML applications in weather and climate, focusing on HPC
and big data. Specifically, we

discuss Fair Digital Object (FDO) and Research Object (RO) in the DeepRain
project to achieve granular

reproducibility. DeepRain is a project that aims to improve precipitation fore-
cast in Germany by using ML.

Our concept envisages the raster datacube to provide data harmonization and
fast and scalable data access.
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We suggest the Juypter notebook as a single reproducible experiment. In addi-
tion, we envision JuypterHub

as a scalable and distributed central platform that connects all these elements
and the HPC resources to the

researchers via an easy-to-use graphical interface.
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Abstract

Machine learning (ML) applications in weather and climate are gaining mo-
mentum as big data and the immense increase in high-performance computing
(HPC) power pave the way forward. Ensuring FAIR data and reproducible ML
practices represents a significant challenge for Earth system researchers. Even
though the FAIR principle is well known to many scientists, research commu-
nities have been slow to adopt them. The Canonical Workflow Framework for
Research (CWFR) provides a platform to ensure the FAIRness and reproducibil-
ity of these practices without overwhelming researchers. This conceptual paper
envisions a holistic CWFR approach toward ML applications in weather and cli-
mate, focusing on HPC and big data. Specifically, we discuss Fair Digital Object
(FDO) and Research Object (RO) concepts in the DeepRain project to achieve

chinarxiv.org/items/chinaxiv-202211.00440 Machine Translation


https://chinarxiv.org/items/chinaxiv-202211.00440

ChinaRxiv [$X]

granular reproducibility. DeepRain aims to improve precipitation forecasting in
Germany using ML.

Our concept envisages the raster datacube to provide data harmonization and
fast, scalable data access. We suggest the Jupyter notebook as a single repro-
ducible experiment and JupyterHub as a scalable, distributed central platform
that connects all these elements and HPC resources to researchers via an easy-
to-use graphical interface.

Corresponding author: Amirpasha Mozaffari (a.mozaffari@fz-juelich.de; OR-
CID: 0000-0001-6719-0425)

1. Introduction

The intention of the FAIR (Findable, Accessible, Interoperable, Reusable) prin-
ciple by Wilkinson et al. [?] was not limited to data but also targeted other
Digital Objects (DO) [?], such as algorithms, tools, and workflows that lead to
data. The FAIR Digital Object (FDO) subsequently introduced by de Smedt
et al. [?] provides a framework for transparent, reusable, and reproducible data
[?]. The apparent benefit of reproducible science is that it becomes possible to
restore results in critical situations, increase transparency, trust, interest, and
the number of citations. It can rise to a level where reusing previous work be-
comes routine practice, leading to increased productivity, improved work habits,
and greater continuity [?, ?, ?, ?]. However, the reality of science deviates from
these conveyed principles.

The concept of Canonical Workflow Framework for Research (CWFR) was pro-
posed by Hardisty and Wittenburg [?] as a solution to expand the adaptation of
the FAIR principle to the broader research community. CWFR relies on iden-
tifying recurring patterns across disciplines and breaking down workflows into
smaller modular components that can be reused and reassembled for other use
cases. In this paper, we suggest using Jupyter notebooks on JupyterHub with
connection to an HPC system [?] as a platform to develop a concept for bringing
the components of CWEFR together for Machine Learning (ML) applications in
Earth System Sciences (ESS).

To develop a functioning CWFR, identifying the challenges and practices of the
particular community is essential. ESS in general, and climate and weather in
particular, have seen significant growth in recent years thanks to petabyte-size
data and exponential increases in computational capability [?, ?]. With growing
data volumes and in light of climate change and its impacts, FAIRness in ESS
ensures comprehensible and reliable environmental knowledge. However, in the
Earth sciences domain, more than 60% of surveyed researchers stated that they
failed to reproduce someone else’ s experiment, while over 40% admitted they
were unable to reproduce their own experiment [?]. These issues also exist in ML,
as documented in ML conference publications. At the prestigious Conference
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on Neural Information Processing Systems (NIPS) in 2017, less than 40% of
publications provided links to the code. Consequently, some studies highlight
the importance of reproducible ML that allows others to apply contributions
and increase the impact of ML research [?].

The data-driven nature of ML poses unique challenges regarding reproducibil-
ity. As more data is used for training and testing, ensuring that presented
results are sound and reliable becomes increasingly difficult [?]. In addition,
the training process involves randomness. For instance, stochastic gradient de-
scent (widely used for ML model updates) employs a randomized procedure that
could result in different weights at each run even when identical code is used
[?]. Furthermore, ML frameworks are commonly used to speed up development.
Mainstream frameworks such as TensorFlow [?] and PyTorch [?] use mixed pre-
cision for accelerating GPU training processes that could yield different results
depending on underlying software or hardware. Most ML algorithms also use a
vast range of libraries and frameworks, configurations, and virtual environments
that rapidly change, so that different versions can lead to different outputs.

The challenges mentioned in ESS and ML compound when ML methods are
applied to ESS data. Both ESS and ML algorithms rely on large data volumes
that require rapid processing and thus high-performance computing (HPC) re-
sources. Well-designed workflows play an important role in handling elaborate
data preparation and efficiently utilizing tomorrow’ s exascale computers. The
widespread adaptation of workflow applications faces two significant challenges:
a vast gap between workflow applications utilized in enterprise-scale IT firms
and science labs, and shared beliefs that researchers’ applications are unique [?].
More than 90% of researchers surveyed by Stoddart [?] agreed that “more ro-
bust experimental design” is necessary for enhanced reproducibility of scientific
results. A well-designed workflow that ensures reproducibility and traceability
at every step could greatly enhance the robustness of ESS experiment design.
Having reusable software and workflow components does not imply that indi-
vidual scientific ideas can no longer be pursued. By contrast, they will form
a solid reproducible basis on which new ideas can build with less potential for
errors.

Inspired by the expected benefits of integrating reproducibility in ML applied to
ESS, we discuss the particular challenges in our interdisciplinary project, Deep-
Rain, in Section 2. This project exemplifies the requirement for interoperable
and reproducible research as it aims to improve precipitation forecasting using
ML. In this context, the benefits of FAIRification on ML applications in ESS
are discussed, and we describe how existing concepts and methods can be used
in Section 3. Section 4 introduces our proposed framework based on CWFR,
which aims to provide flexible and reproducible ML focusing on big data analy-
sis on HPC systems. A conclusion and outlook based on our concept are given
in the final Section 5.
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2. Problem Formulation and Prerequisites

The DeepRain project serves as a concrete research example for which a canoni-
cal workflow framework is crucial. In DeepRain [?], more than 1.3 petabytes of
meteorological data are exploited to develop complex ML algorithms to predict
precipitation in Germany. Historical forecasts from the COSMO-DE (Consor-
tium for Small-Scale Modelling) Ensemble Prediction System (EPS) provided
by the German Weather Service (DWD) [?, 7, ?] serve as input for quantitative
precipitation forecasts at station sites and on gridded domains based on tailor-
made deep neural networks. For the latter, the high-resolution radar-based
climatology product RADKLIM acts as a high-quality observational reference
dataset [?, ?].

Processing such large data volumes requires massive computational resources
exclusively available on HPC systems. Due to bandwidth limitations, big data
is usually hosted in the same facility that provides the HPC system to reduce
data streaming delays and connection interruptions. Therefore, any suggested
solution should provide easy access to HPC systems, stored data, and in-situ
processing to avoid unnecessary uploads and downloads.

In the DeepRain project, a relatively broad group of researchers from ML,
weather and climate, and computer science (CS) collaborate, requiring a frame-
work that enables efficient collaboration without demanding extensive CS exper-
tise. The project necessitates using technical tools, communicating and devel-
oping ML models and experiments, while reducing the time and energy needed
to become acquainted with methods and terminology used across disciplines.
FAIR practices help make research interoperable across disciplines, even within
the same project and group.

One main obstacle to adopting FAIR practices is that many require drastic
changes in researchers’ procedures. Thus, any suggested solution should adjust
to researchers’ needs rather than being constrained by IT considerations [?7].
Changes to researchers’ work should be minimized to serve both the fulfillment
of FAIR practices and researcher acceptance. In addition, any pre-designed
workflow must allow the use of domain-specific language and procedures, for
example with respect to result evaluation. Therefore, we narrowed our focus
to ML applications for the ESS community to ensure easy adaptation without
extensive development. If the proposed approach is adopted by the ESS com-
munity, it can be further developed and generalized to meet the requirements
of other science communities.

A high degree of flexibility is necessary for any proposed CWFR to adapt to
researcher practices. However, designing a flexible solution requires researchers
to possess certain computer knowledge. Thus, researchers must be familiar with
CS fundamentals such as Unix, bash, and version control (e.g., git). Much of the
higher-level expertise needed to develop and maintain a CWFR is beyond the
reach of typical research institutions. Therefore, collaboration between service
providers, such as data and HPC centers, and research communities is necessary
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to maintain a sustainable ecosystem. Such partnerships provide expertise, train-
ing, and infrastructure for research communities, requiring convergence between
research communities and infrastructure providers.

Even though computational experiments should be easier to reproduce compared
to physical experiments, the complexities and rapid pace of change in today’ s
software and hardware make it surprisingly difficult [?]. Research needs to be
reproducible for humans (scientific reproducibility) and for machines (technical
reproducibility). As mentioned above, randomized processes, mixed-precision,
and hardware dependency impede technical reproducibility. Thus, we focus on
scientific reproducibility, where we can reproduce statistical features and under-
lying distributions. This means that final results may deviate slightly from past
experiments even with an identical setup, but the obtained statistical proper-
ties (e.g., model performance in terms of evaluation scores) and corresponding
conclusions must remain the same. In this sense, deviations of obtained results
must be indistinguishable from random noise.

3. FAIRness Building Blocks

We introduce components that can help build a FAIR ecosystem addressing the
obstacles mentioned in Section 2 while reducing the cost of FAIRification.

As Kahn and Wilensky [?] introduced the concept of DO, it provides a framework
to identify and trace any digital objects such as data, algorithms, and workflows.
DOs, alongside Persistent Identifiers (PID) and metadata, constitute an FDO
[?]. An FDO as a self-contained, typed, machine-actionable data package can
provide basic components for a standardized, FAIR infrastructure [?]. FDO
lays a foundation that can bring FATRness to all components of science. As the
adaptation of FDO is highly domain-oriented, we refer to Lannom et al. [?] for
more details on applications for ESS.

Research Object (RO) is a related concept introduced by Bechhofer et al. [?]
where the main focus is on born-digital objects and aggregation of data and
collections. Thus, RO is well-suited for application in data-driven sciences. In
addition, RO can be associated with DOI, making it findable and accessible over
the internet. The RO concept relies on the idea that each RO provides a unit
of knowledge. Therefore, RO acts as a container of resources (including a series
of FDOs) and is shareable within and across different research groups. Our
approach uses FDO and RO as building blocks to create a FAIR framework.

3.1 Notebook and Git

The emerging pattern in data-oriented research is to use in-situ analysis and
visualization on HPC systems. This enables researchers to act quickly based
on outputs, apply modifications, and restart workflows [?]. Jupyter notebook
is a tool that researchers increasingly rely on [?]. Jupyter is also recognized
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by Hardisty and Wittenburg [?] as one possible CWFR, solution. Beg et al. [?]
discuss the reproducibility of Jupyter notebooks as scientific workflows. Jupyter
notebook provides a one-study, one-document concept that is easily shareable.
In addition, it offers a user-friendly platform to document software while ensur-
ing reproducibility by combining data, code, and software environment. While
Jupyter notebook provides the core, JupyterHub expands the framework and
brings flexibility to user groups [?]. JupyterHub provides access control and
authentication, scalability with support for container and HPC technology, and
portability from the cloud to local machines.

Despite these benefits, there are limitations to deploying notebooks as a CWFR,
solution. Any modification to the notebook is immediate, and multiple execu-
tions of a notebook with different inputs lead to loss of all previous information.
In addition, any part of the notebook can be executed or skipped separately,
creating a problem known as the undefined state of the notebook. Thus, the con-
stant prototyping and rapid development ecosystem of Jupyter notebook threat-
ens its adaptation as a reproducible workflow [?]. Changes applied to notebooks
usually fall into two categories: 1) code developments to introduce new features
and methods, or 2) experimenting in the hyperparameter space. The primary
tool to track changes in algorithms remains version control, particularly git [?].
As many comprehensive studies address git’ s application for reproducibility,
we refer readers to Ram [?] rather than repeating that discussion. Each newly
committed snippet of code is identified with a unique commit-ID.

ML applications often need to experiment with the parameter space, requiring
intensive hyperparameter optimization and model space search. It is essential to
preserve the notebook state and each experiment’ s parameters. We propose an
application of a notebook that we call an experiment dashboard, used to initiate
any experiment notebook. Dashboard configuration, including a summary of
all carried-out experiments and paths to data and the associated commit-ID for
the current dashboard instance, is stored as FDOs. For executing individual
notebook instances separately, we suggest a Python library called papermill
that can run new instances with parameter values passed to them. Any new
experiment with new parameter values is passed to a new notebook instance,
and all are preserved. As shown in Figure 1 [Figure 1: see original paper],
the experiment dashboard passes desired values to three independent notebook
instances. Each instance is executed individually, and the instances can also
run in parallel.

3.2 FDO and RO Modules

As there are no standard or widely used FDO libraries so far, a dedicated
FDO module (FDOm) is envisioned to ensure proper FDO creation. We define
principle rules for FDOs created by FDOm. Every unique experiment generates
one FDO that points to one commit-ID generated by git. FDOs can either
point to data or to another FDO; this referencing is called interlocking FDO.
Any interlocking FDO appends all locked FDOs into one new FDO. Since FDOs
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are only backward-looking, they can only link to data, commits, or other FDOs
that exist at creation time. Besides, they include metadata and are searchable.
We also introduce technical regulations: the FDO must provide information
about the host system used, including system configuration data provided by
the system admin and the environment, as well as libraries detected by FDOm.

For FDOm to be useful for ML applications, it is essential to document specific
ML architecture and initial parameters. As TensorFlow [?] and PyTorch [?]
are the main ML frameworks used in our project, FDOm will be tailored to
receive the network summary directly. When an experiment ends, a unique
PID is generated to identify the created FDO. FDOm stores this information as
JSON-LD, which is human- and machine-readable. As shown in Figure 1, each
notebook experiment instance is associated with a unique FDO.

Furthermore, we envision an RO module, called ROm, to create the necessary
RO that may encapsulate several FDOs. Similar to FDOm, we foresee principle
rules for ROm. Each RO has a state attribute that can be open, archived, or
published. An open RO is mutable, and new FDOs can be added to it. An
archived RO has been packaged and is therefore immutable. A published RO
is similar to an archived one, except that a DOI is assigned to it. Any new
RO can be created from scratch or based on an archived or published RO. The
ROm allows researchers to inspect involved FDOs and select individual ones
for later use. For example, any individual ML experiment can be selected and
encapsulated as a new RO. We suggest preserving all experiments and their
outputs regardless of whether they have been successful or not or whether they
are intended for publication.

In contrast to FDO, the RO concept is already quite well-developed, and many
implementations exist. From these implementations, we adapt our proposed
ROm to be compatible with Ro-Crate [?]. We believe that the combination of
FDOm and ROm, along with their integration with git and RO-Crate, could
provide the necessary ecosystem to achieve high-level granular reproducibility.

3.3 Datacube Management

To address efficient data management challenges in the DeepRain project, we
deployed an array-centric database. After evaluating several candidates, we
opted for the Array Database Management System rasdaman [?], which offers
geo-semantic query functionalities for multidimensional arrays, also referred to
as datacubes [?]. In parallel to traditional file-based data, rasdaman provides
efficient management of large-scale objects and standardized data modeling [?],
contributing to data harmonization and enabling flexible access, extraction,
analysis, and fusion of massive spatio-temporal datacubes based on a standard-
ized query language. Figure 2 [Figure 2: see original paper| shows an exemplary
query used to retrieve data from the DeepRain datacube. Data can be requested
via query while the access pattern is registered in the related FDO.
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4. The Proposed Framework

We propose a framework built on the tools mentioned previously or modified to
fit research needs in ML applications in ESS. Our concept relies on a granular
approach that uses FDO and RO as building blocks. Every single ML experi-
ment is registered as an FDO. The method used to produce training data should
be available to achieve reproducibility, complemented by explicit descriptions of
the pipeline and architecture used. A series of experiments with corresponding
FDOs is then encapsulated in an RO. This method ensures that the entirety
of the research remains reproducible and that FAIRness is not limited to pub-
lication. Furthermore, to achieve granular FAIRness, we suggest a FAIR-test
similar to a unit-test, a standard practice in CS where small code segments
such as functions, methods, and classes are tested. The same principle can
be integrated into research practices to validate the FAIRness of each research
segment.

Our suggested CWFR is built around JupyterHub as a platform that glues
notebooks, FDO, and RO together. The Jilich Supercomputing Centre (JSC)
implemented an instance of JupyterHub called Jupyter-JSC' that provides a
suitable platform for our proposed framework [?]. Jupyter-JSC has access to a
wide range of data storage, CPU and GPU resources on JUWELS [?] and other
HPC systems, and provides easily accessible integration with git.

The proposed framework is presented in the following prototype scenario. As
researchers develop code, git provides a perfect avenue for preserving and reusing
it in Jupyter notebook instances running on HPC infrastructure. When running
ML experiments, the experiment dashboard initiates them. Required data is
accessed via a path to data on the HPC system’ s local file system, to an
online repository, or via a query to the datacube interface. The experiment
dashboard then creates several Jupyter notebook instances according to the
number of experiments while passing ML experiment parameters. Each model
calls FDOm, which sets up the associated FDO for all unique experiments,
including data paths, ML architecture summaries, generated random seeds, etc.
Relevant local copies of downloaded results are also stored and tracked. Any
subsets of FDOs associated with ML experiments can be encapsulated as ROs
with the help of ROm. The created RO can be used by researchers to share a
holistic view of their work with collaborators, archive it, reuse it, or continue
working based on previous achievements. Work has begun to implement this
concept, and we plan to derive a more concrete scheme in a follow-up technical

paper.
! https:/ /jupyter-jsc.fz-juelich.de/
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5. Conclusion and Future Work

We discussed necessary elements of a canonical workflow for ML applications in
ESS to ensure FAIR and reproducible research while exploiting HPC capabilities.
Our solution builds upon FDO and RO, and we envision a concept of FAIR
unit-test where researchers can validate FAIR practices for small code segments
and experiments. We introduced basic rules ensuring that FDO and RO are
human- and machine-actionable and can achieve scientific reproducibility. For
this, we proposed two modules—FDOm and ROm—to enforce these rules without
introducing unnecessary changes to researcher workflows. The modules ensure
each experiment is identified by a unique FDO and that series of experiments are
encapsulated as ROs. In addition to file-based data storage, datacubes provide
quick data access with an integrated FDO pointer function.

We proposed Jupyter notebook as the core of CWFR while acknowledging its
limitation regarding the particular undefined state of a notebook. We suggest
an experiment dashboard where researchers can initiate new experiments as
independent notebooks. Papermill is a Python-based library that allows us
to preserve and document changes in each notebook independently. The ap-
proach presented in this study aims to minimize technological barriers for ESS
researchers to shift toward integrated FAIR practices. Nevertheless, elevating
fundamental knowledge and skills in CS should remain a goal for ESS commu-
nities, because CS has developed many concepts and tools to ensure versioning,
tracking, reproducibility, and portability. These tasks constitute the backbone
of FAIR and reproducible research and are the pillars on which canonical work-
flows can be built.
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