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1. Introduction

Nuclear fusion holds the promise of a virtually unlimited, greenhouse gas free energy
source for mankind. Fusion energy research is entering the era of reactor-scale devices,
as ITER[1], is scheduled for its first plasma in 2025. The reactor-scale fusion facilities
will encompass unprecedented challenges for faster than real-time predictions to enable
active control and avoidance of costly damage due to off-normal events. Machine learning
(ML) and artificial intelligence (AI) algorithms are foreseen as enabling tools to develop
fast and accurate models by leveraging the information contained in experimental and
simulation databases as well as in theoretical fusion reactor physics. However, the current
data management practices in fusion energy research are not optimized for large-scale
application of ML/AI algorithms, and the data access patterns represent a significant
bottleneck in the ML /AI workflows in fusion energy research.

Thus, the goal of this thesis is to answer the question of:

"How can modern open-source tooling be used to address the challenges of

data-driven research in fusion?"

This question is divided into several sub-questions:
« RQ1. What challenges exist in data-driven fusion research today?
o RQ2. How should a data platform be organized in the context of fusion ML research?
« RQ3. What are the appropriate tools for constructing a fusion data platform?

« RQ4. What can be learned from a hands-on proof-of-concept platform built on

open-source solutions?

The scope of this thesis is limited to approaches based on open-source tooling, as
academic fusion research is typically not reliant on commercial software offerings.

RQ1 is discussed in Section 2 through a literature survey of recent publications on
data-driven plasma science and fusion research in combination with direct insights from
subject matter experts. The existing landscape of fusion data is explored through the

context of data-driven research techniques such as machine learning (ML) and large scale



3 CHAPTER 1. INTRODUCTION

statistical analyses. Several key challenges are outlined based on this survey, revolving
around two central issues: a highly heterogeneous and geographically scattered source
data layer, and a commonly ad-hoc monolithic approach to ML research processes.

RQ2 is explored through Chapter 3, where a four component framework is defined
to describe the data flow from the source to final ML utilization: source data, data
wrangling, clean data, and ML training (or other analysis). Based on this framework,
several architectures are described based on the designated hardware for each of these
steps. Namely, the current approach is described using these components, and two main
approaches of data-on-demand queries and dedicated ML dataset storage are introduced.
Finally, the benefits of adopting a central metadata repository are discussed as a potential
solution to enabling a heterogeneous ML data architecture.

RQ3 is evaluated in Chapter 4, through a case-study development of a proof-of-
concept data platform. This platform is based on the metadata-enabled architecture
outlined in Chapter 3. In the case-study, InvenioRDM was used as the metadata platform
for dataset publishing and discovery. Additionally, the use of workflow orchestration tools
is identified as a way to improve the reusability and longevity of data generating codes. In
the proof-of-concept platform Apache Airflow was used as the workflow orchestrator. A
selection of alternative open-source tools for both of these components is also presented,
and evaluated based on criteria relevant for this proof-of-concept deployment.

Finally, RQ4 is evaluated through the final sections of Chapter 4 which describe the
challenges and practical conclusions from the proof-of-concept platform. It is identified
that sufficient technologies exist of implementing a functional data platform for use in
fusion research, with further evaluation necessary on the topic of HPC-compatible tooling
and the feasibility of dedicated storage for ML data. The wider implications, limitations,
and applicable insights are presented in Chapter 5, along with cumulative learnings from
this thesis and outlined opportunities for future research dedicated towards the develop-

ment of a live fusion data platform.



2. Survey of Data and ML in Fusion

To better frame the challenges of ML research, it is important to form a clear picture
of the current state of data in fusion. This chapters presents an overview of existing
data formats, infrastructure, and derived challenges found in modern fusion ML research.
Section 2.1 explores the source data characteristics and the limitations of the current
data access layer. Section 2.2 further explores how this infrastructure led to monolithic
workflows and the challenges which arise from it when performing ML research. In Section
2.3, the challenges of data and ML research workflows are translated into a set of goals
which form the basis for the development of a fusion data platform. Finally, Section 2.4
introduces related research efforts from both within the fusion community, and from other

domains.

2.1 Challenges of Data in Fusion

In order to better understand the requirements for data infrastructure, it is essential to
first understand more about the data itself, what does it represent, where it originates,
how is it stored, how is it accessed, and finally how it is consumed.

Fusion data often comes mainly from two sources: measurements of physical ex-
periments or numerical simulations. Experimental data is collected with diagnostics and
represent noisy and incomplete information from the full physics fidelity ground-truth
information. Due to the high cost of building/running physical experiments, numerical
simulations of varying fidelity are also used as an alternate data source, providing a com-
plete state information bound by our current physics understanding. Simulations can also
be used to analyze physical relationships, niche conditions, as well as provide additional
data points to the limited number of experiments, and are used to suggest new experi-
ment conditions on current devices [2]. High-fidelity simulations (e.g., XGCI[3]) require
immense computational resources and can take up to months of computation time on
supercomputer-scale clusters. Both experiments and high-fidelity simulations have a high
monetary cost associated with them, which emphasizes the need to extract the maximum
amount of value from the available data.

For magnetic fusion, experimental data is collected during a plasma discharge or

4
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"pulse’ within a given device (e.g., the tokamak or stellarator). Physicists perform experi-
ments by varying the device configuration then analyse the resulting effect on the plasma
and use insights from the analysis to plan future experiments with the goal of maximiz-
ing their knowledge on plasma behavior. Various diagnostic measurements provide the
bulk of the information about the plasma, alongside the experimental device configuration
parameters.

The majority of experimental magnetic fusion data is in a time-series format, col-
lected over the duration of a pulse. The difference in sampling rates between various
diagnostic devices also leads to varying time resolutions in the collected diagnostics, e.g.,
Hz for Thomson scattering [4] and kHz for reflectometry [5]. The collected data is also
multi-modal, spanning different levels of dimensionality: scalar (0D time-series), pro-
file (1D time-series) to video (2D time-series) measurements (Figure 2.1). The IMASI6]
project lead by ITER aims to resolve some of the data heterogeneity issues by providing
data standardization in the access layer, and is being adopted by the fusion community,
with some present-day devices already providing their data natively in IMAS format(e.g.,
the WEST([7] and JET([8] tokamaks).
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Figure 2.1: Examples of Experimental Fusion Data

After a discharge, the raw experimental data is typically calibrated automatically [9]
and sometimes manually by diagnostic operators (RO’s) before becoming available to the
research community, and this calibrated representation serves as the baseline source data
for analysis. In some cases, the available data may be identified as erroneous, requiring a
re-calibration. The presence of these re-calibrations, and the consequent lack of guarantee
that source data was accurate, present a challenge for ML data curation, and the need
for stricter data provenance for tracking the path and changes of source data from source
to results [10].
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In addition to the already difficult landscape of heterogeneous data, the indepen-
dent efforts of processing source data by different institutions have led to the adoption
of facility-specific meta-structures and taxonomies for the collected data points. The dif-
ferent naming conventions make it additionally difficult to combine data from multiple
sources. This issue is also being addressed by IMASI[6].

Experimental data is typically stored at the same facility which operates the device
performing the experiment. Accessing this data requires authorization from the facility,
and with the current lack of centralized data access, this presents an additional challenge
when collecting data across multiple facilities.

Simulation data is also scattered geographically, as simulations are performed across
a wide range of HPC environments, and their results can be stored in arbitrary formats
[11]. There is currently no adopted standard for simulation data formatting or cataloging,
making it difficult to make use of the bulk of existing results. The SimDB[12] project
aims to partially address this issue, with the main goal to collect over 2000 existing, and
any future I'TER-related simulations in a single system.

Both of these sources can also produce very large volumes of data. Each individual
pulse contains a a large quantity of multi-model diagnostics, many of which are collected
at very high time resolutions. ML datasets containing hundreds or thousands of such
pulses can easily reach terabyte scale today, and petabyte scale in the future. Once ITER
becomes operational, it is estimated to produce up to 2.2PB of data per day [13], with
the majority representing video data.

The challenges of both experimental and simulation data and their current storage
layer are summarized in Table 2.1.

Another way to summarize the characteristics of fusion data is through the frame-
work of three Vs of big data[14]; volume, velocity, and variety. In terms of volume, fusion
data is projected to reach petabyte-scale data production with ITER[13]. In terms of
velocity, fusion data is generated in high throughput batches from experiments or simu-
lations, rather than a constant high velocity stream. Finally, the variety of fusion data is
high, both due to the varied types of recorded measurements ranging from scalar observa-
tions to camera data, all commonly in time-series format with varying time steps, and due
to differences between data formats adopted at different facilities. The high volume, low
velocity (but high impulse), and high variety represent the profile of fusion data which is
being used for ML research.

Working with such data in the context of ML or big data analysis can be challeng-
ing. ML researchers are estimated to spend up to 70% of the research effort on data
curation[11]. In addition to the difficult dataset curation process, the lack of MIL-specific

infrastructure leads to a suite of additional challenges.
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Table 2.1: Challenges of Source Data in Fusion

Challenge Description

Geographically Both experimental and simulation data is produced across a

number of experimental and HPC facilities scattered around
the world [11].

increasingly difficult, and often requires data to be copied to

This makes collecting data for ML training

the local system used for ML training.

Heterogeneous Data

Access Systems

To address the research needs, different fusion research facili-
ties independently developed proprietary data access protocols
and tools, making it difficult to work with data from multiple

sources.

Heterogeneous Data

Formats

While there have been recent efforts to standardize fusion data
formats under IMAS, a large portion of data still exists in
various pre-IMAS formats. Additionally, simulations typically
do not have standardized inputs and outputs in regards to each

other or experimental data formats.

Varying Sampling
Rates

Varying rates of data collections causes combining time-series
data for ML applications to require additional pre-processing

(e.g., interpolation of lower sampling rate data).

Source Data

Re-calibration

Upon human inspection, data can be identified as erroneous,
requiring a re-calibration of the data which may have been

used in existing big data analysis or ML efforts.

High Volume of Data

When performing ML or other big data analysis over thou-
sands of plasma discharges, the cumulative amount of data can
present a significant challenge. ITER is projected to record up
to 2.2PB of data per day [13], providing a glimpse of the scale

at which fusion data will exist in the future.
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2.2 Challenges for Data-Driven Fusion Research

In addition to today’s intrinsic challenges of conducting fusion experiments and analysis
listed above (Table 2.1), there are also challenges specific to data-driven workflows faced
by current ML researchers. Currently there is a lack of standardization for facilitating
the growth of ML research. As the presence of data-driven methods in fusion research
continues to grow and mature, the challenges of working with data across a heterogeneous
landscape become a more urgent problem which requires addressing.

The main goal of applying data-driven methods to fusion is to maximize the insights
that can be extracted from existing data. Some of the more common goals of modern
data-driven models are: discovering complex non-linear behaviours between variables [15],
constructing accurate models of plasma fusion behavior for use in digital twins / control
systems [16], or developing ML-based surrogate models that can replace elements of high-
fidelity simulations [17], among others. These results can provide valuable improvements
to physics insights, device control applications, as well as simulation speeds, and are of
high value to the community. Due to the high impact and physical nature of the analyzed
data, any ML models aimed to be used in practical experiment control or device design
projects need to be reliable. This requires the highest possible degree of interpretability,
explainability, and reproducibility, which further highlights the need for stricter and more
standardized data workflows.

Many major challenges of data drive-fusion research are related to the typically
monolithic ML research process in fusion (researchers perform the bulk of data wrangling
and ML work independently), which limits the propagation of source metadata to the
results, obfuscates the data wrangling process, and limits the sharing of artifacts such as
clean ML-ready datasets. This monolithic approach, further defined in Section 3.2, is a
result of complex data access, the need for complex data transformations, and the lack
of standardized processes for ML artifact sharing, publishing, and collaboration. These
challenges are summarized in Table 2.2.

The available source data access layers today are not focused on presenting bulk data
collections for direct ingestion into ML workflows, i.e., magnetic fusion data is typically
presented in single pulse format. While extensive metadata exists at the source, the lack of
support for bulk datasets, heterogeneous formats across facilities, and the monolithic ML
process, often lack the means to fully propagate this metadata to the final ML datasets and
derived results, limiting the resulting provenance information. Lacking standardization
for bulk metadata, and support for bulk data operations, remain as a challenge for ML
research today. The existing user interfaces for data discovery are also focused primarily on
individual pulse data, limiting their use for bulk data discovery desired for ML purposes.

The difference between source data formats and ML formats introduce the need for
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Table 2.2: Challenges in Fusion Big Data Analysis
Challenge Description

Monolithic and Siloed

ML Research

Due to the siloed ML research efforts, many potentially useful
checkpoints such as the dataset preparation code or clean ML-

ready data often remain un-shared.

Lack of Data

Discoverability

Even for existing data, the lack of major data sharing platforms
[11] in the complex landscape of fusion data makes it difficult

to identify and procure desired ML research data.

Limited Provenance
Metadata

Due to the monolithic ML research process, it is often difficult
to trace the results of data-driven research back to source data.

This poses a challenge to reproducibility and interpretability.

Lack of
Recommended

Datasets

While several exist in the fusion community, there is a strong
need for the creation of additional curated datasets [18]. Rec-
ommended datasets, one such example being the ITPA dis-
ruption database [19], create an opportunity of collaborative
development of data-driven solutions. They also create a ref-
erence for result benchmarking and comparisons. Currently,
there is a lack of standard practice for creating these kinds of

datasets.

Need for
Interpretability and
Explainability

The context of physics-based observations, expensive exper-
iments, and high-impact practical applications produces a

strong need for model interpretability and explainability.
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data transformations. ML workflows typically include a transformation step converting
large amounts of source data into ML-ready feature vectors. Extracting ML feature data
from source data can be a nuanced process, and, without available access systems for on-
demand data transformations and queries, requires researchers to perform these complex
data wrangling procedures on their own. The offloading of data processing codes onto
ML researchers leads to a monolithic ML process. This monolithic process can obfuscate
the path between raw data and final results if not adequately documented. Due to this
research approach, various artifacts from this process such as the ML-ready clean feature
vectors (ML-ready datasets), or trained models, often do not have standardized publishing
or discovery methods (exceptions exist, such as QLKNN [17]).

Creation of recommended datasets, in other words common datasets re-used for spe-
cific research problems, has been highlighted as a critical challenge in the wider plasma
science domain [18]. These datasets present a possible method of addressing the data
curation challenge. By establishing a collection of curated ML-ready datasets, ML re-
searchers can easily source data without the need for ad-hoc monolithic data collection
and transformation. Recommended datasets also enable referenceability for ML training
data, and easier benchmarking of results.

To address these challenges, the development of a fusion data platform has been
outlined as one of the priority research opportunities in fusion [11, 18]. The remainder
of this thesis aims to evaluate possible approaches for the development of a fusion data

platform.

2.3 Data Platform Goals

The main goals of the platform are to address the challenges related to the heteroge-
neous data landscape, monolithic ML approaches, and limited ML infrastructure defined
in Sections 2.1 and 2.2. Additionally aiming to integrate the platform into the existing
landscape of processing and storage tooling in order to maximize the applicability of the
platform to both existing and future research efforts. Several goals for a fusion data plat-
form have previously been outlined by previous reports such as enabling a federated data
repository, providing provenance information, improving reproducibility, and versioning
data products as well as data processing pipelines [11].

The current monolithic process often involves developing ad-hoc solutions to data
wrangling challenges. The data platform should provide more standardized methods for
working with ML data. Standardizing research practices enables easier collaboration and
resource sharing. Another adjacent goal to standardization is to enable data FAIR-ness
which has been highlighted as a priority[10].

The historically limited data sharing has resulted in a similarly limited set of com-
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mon datasets for establishing model benchmarks. The platform should leverage a stan-
dardized approach to ML data workloads and publishing for establishing a larger set of
common reusable datasets. Creating common datasets provides the grounds for model
comparisons and improved reproducibility of results. One example where a shared dataset
would allow model benchmarking and improve reproducibility, is disruption prediction
where 4+ independent studies have been performed on proprietary curated datasets with-
out any cross-comparison [20, 21, 22, 23].

The currently limited reporting of provenance metadata is another challenge which
needs explicit addressing in the platform development. The data platform should enable
a standardized method for recording dataset provenance in terms of utilized source data,
as well as referenceability such that resulting publications can easily reference utilized
datasets. This likely stems from the monolithic approach to ML fusion research.

Finally, the platform should address the data access needs of ML research, providing

simple and sufficiently fast access to ML data.
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A summary of the high-level fusion data platform goals is shown in Table 2.3.

Table 2.3: Fusion Data Platform Goals

Goal Description

Standardizing ML The data platform should enable easier publishing/sharing of
Data Sharing and data, with a focus on ML-ready datasets. It should also pro-
Discovery vide an overview of available data and datasets which is easily

accessed by ML researchers. This discovery interface should

also include sufficient data search and filtering capabilities.

Improving Sufficient provenance metadata to accurately link raw data to
Provenance practical results should exist within the platform, with support
for multiple versions of both raw data and results due to re-

calibration possibilities.

Aligning with Data The platform should aim to make the data within it as FAIR
FAIR-ness Goals as possible.

Improving Result The data platform should provide metadata and details about
Reproducibility and the datasets and data pre-processing to improve reproducibil-
Interpretability ity and interpretability of data-driven research and its results.

ML-appropriate Data  The data layer of the data platform should be scalable with
Storage and Access the growing volume of fusion data. The data platform should
also improve on the currently available data access layer for

ML and big data analysis use cases.

2.4 Related Research

Within the fusion community there have been several reports covering the general state
of data-driven research and outlining future development needs. Two major reports are
the 2019 workshop report [11] exploring the needs of data-driven and ML fusion research
and the 2022 review of data-driven plasma science [18] focusing on issues in the wider
scope of plasma physics. These reports outline high-level requirements for enabling ML
fusion research, one of which is the development of a fusion data platform.

There have been several recent publications addressing this identified gap in big-data
tooling from within the fusion community. An example of a new data access platform
has been presented in a recent paper from the EAST tokamak, which aims to address
some of the challenges present in current data access systems, with a focus on bulk ML

data storage and access [24]. Beyond data storage and access, there also exists an effort
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to develop an entire set of big-data workflow tooling by Lawrence Livermore National
Laboratory (LLNL) including a custom workflow definition system (Maestro), workflow
scheduler (Merlin), and HPC provisioning layer (Flux), focusing on a wide range of ML
workflows, not limited to data management [25].

Another major project from the fusion community is Fair4Fusion[10], which empha-
sises the need for FAIR (findable, accessible, interoperable, reusable) data, and suggests
a high-level architecture for a data sharing platform focused on open metadata and cat-
aloging.

Outside of the fusion domain, existing academic efforts have lead to the development
of research data platforms, for example in the REANA [26] platform designed in the
context of particle physics, and the MONTRA [27] platform developed by the biomedical
community. Both of these platforms aim to tackle similar issues in re-use, sharing, and
discovery of research data in order to improve research output and quality. Both of
these platforms can be described as a custom interface between end-user researchers and
lower level open-source technologies such as workflow orchestration, containerization, bulk
storage systems, etc. Many other systems are listed, although not explored in-depth, in
a recent 2022 report by the European Commission [28]. Many of these systems include a
modern browsing/catalog interface similar to Zenodo [29].

Overall, a common approach for enabling data-driven research involves creating or
deploying new software solutions. In the context of this thesis, possible architectures for
a fusion data platform are explored through a subset of available open-source software

components.



3. Data Platform Architecture

This section discusses the goals and possible approaches for new data infrastructure based
on the challenges outlined in Sections 2.1, 2.2, and high-level goals from Section 2.3. The
goals form a high-level basis for the development of a fusion data platform, and this section
considers the potential hardware-level architectures required. This chapter introduces
several possible architectures, and defines the basic elements on which the subsequent
case-study implementation was designed.

Section 3.1 discusses the abstracted components present in ML workflows in terms
of transformations and forms of data. Following this overview, Section 3.2 describes the
current state of ML workflow in the context of the identified components and their distri-
bution across physical devices (i.e., where the data is stored vs where the data is trans-
formed). Section 3.3 then describes possible future arrangements for these components
based on existing and newly proposed data platform ideas. Finally, Section 3.4 describes
how adding a metadata repository can enable a data platform architecture capable of

incorporating heterogeneous ML dataset sources into a single platform.

3.1 Data Flow Components

A simplified representation of the data flow present in fusion based ML workflows is
defined. Four main components are identified in the end-to-end flow of data from it’s

source format to ML model training (Figure 3.1):

| CPU/GPU Compute | | Storage

Plasma Device Facility

Experimental
Data

________ Raw Data to Feature Vector / Feature Vector _______ ML Model
. Transformation ! Data : Training
Simulation HPC Cluster H :

____________________ ML Researcher

Simulation
Data

Figure 3.1: ML Data Flow Components
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1. Source Data - Source data represents the existing experimental and simulation data
which is stored across a number of facilities with heterogeneous formats, databases,

and access layers.

2. Source Data to ML Feature Vector Transformation - This transformation is neces-
sary because of the difference between data formats used to store source data and
data formats used to train ML models. This transformation is a computational
component which is currently commonly performed in the same HPC research en-
vironments used for ML training (by the ML researcher). The transformation can
also be performed at the source data location (e.g., onsite cluster, if available), or,

in the future, a new centralized location.

3. ML Feature Data - This component represents the ML-ready feature vector data
format which is ingested by ML training workloads. If the transformation from
source data to ML feature vector is performed in-line with the training code, this

structured form of the data may only exist in-memory during computation.

4. ML Training - The final component of interest is the ML training workload itself.
This workload requires ML feature vector data to be available. This data may be

ingested from storage or computed at run-time.

Both the input of this system - the source data, and the output end-users - the
researchers, are geographically distributed. Therefore, if we consider the data trans-
formation or the ML feature data as independent components, there are three possible

locations for performing data transformations:

o At the source data facilities: Transforming data at the source allows for a distributed
ML data access layer and limits unnecessary data transfer. However, this approach
would require significant upgrades to the current source data storage systems, and

add the need for additional compute power to be available at the facility.

o At a centralized facility: A centralized approach allows data to be collected from
existing sources without meaningful changes to the existing data layer, and trans-
formed in a central location where it can be made available to ML researchers. This
approach requires additional resources for the deployment of such a centralized ML
data platform, and retains the need to transfer bulk data from the source facilities

to the centralized facility.

o At researcher’s device: The current approach, where researchers collect source data
and perform ad-hoc data wrangling in their own environment. This approach does

not require any additional shared resources, however it limits the collaboration and
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sharing of results, giving rise to the identified challenges associated with current ML

practices in fusion (Section 2.2).

A soft constraint present in this system is that at time of ML training, utilized data
should be available at sufficient speeds to fully utilize the available CPU/GPU capacity,
this typically implies having the data available on a high performance file system available

to the ML processing node.

3.2 Current ML Research Architecture

In the context of the identified components, the current typical ML research process
can be described as a monolithic approach leaving all four components up to the re-
searcher(s). This means that the entirety of the ML research process is distributed across
the researcher’s devices, with little to no sharing of codes or processed data. Typically
this process involves making a copy of source data onto the researcher’s available de-
vice. Then, an ML training code is developed including both the data transformation
and ML model training steps. During this process, the clean form of MIL-ready data
may be stored local. This flow of ML data can be modeled using the previously identi-
fied components from Figure 3.1 by placing the data transformation, ML-ready feature
data, and ML training onto researcher’s own devices, along with a copy of raw data being
made for adequate data access speeds (Figure 3.2). It is worth noting that even for cases
where multiple researchers perform work on the same device, there is no standardized
infrastructure to reduce the potentially duplicate steps, and their workflows are typically
completely independent unless explicitly coordinated.

This monolithic approach is born out of practicality, as little other infrastructure
currently exists to ease this workload. However, this approach also gives rise to the issues
outlined earlier in Table 2.2 such as siloed ML research efforts and limited data provenance.
To address these challenges, one approach is to move the data transformation process into
it’s own system, to enable greater re-use of ML feature data, and to reduce the amount
of "double" work to be done by ML researchers. By extracting the data transformation
into a separate unit, it is possible to establish standard practices for recording provenance
information, publishing ML-ready data, and automating elements of the ML data curation

workload.



17 CHAPTER 3. DATA PLATFORM ARCHITECTURE
CPU/GPU Compute ML Research Device
Raw Data ____/ Raw Data to Feature Vector ML Model
"""" Bulk Copy Transformation Training
Feature Veptor Data ML Researcher
Processed in-Memory
Plasma Device Facility Raw Data __._/ Raw Data to Feature Vector ML Model
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Figure 3.2: In the current ML data workflows, data is typically copied from the source (after an often
difficult data discovery process), and the end-to-end ML process is performed in the researcher’s siloed

environment as a monolith.

3.3 Possible Alternative Architectures

3.3.1 ML Feature Query Approach

As outlined by the fusion needs report [11], a suggested set of features for the fusion data
platform would include the ability to define datasets as an on-demand transformation of
existing raw data cross a wide range of existing storage locations, formats, and even on-
demand simulations. This kind of approach aims to minimize any unnecessary physical
transfers of data by distributing the data transformation step across the available existing
source data infrastructure, and enable researchers to simply access bulk datasets with
fine-grain control over the loaded features and their respective fidelities in order. This
kind of query would require complex planning algorithms for execution across hardware
and services spanning multiple compute clusters and data centers. This approach, with
sufficiently optimized query planning, would allow for ML-ready data to be procured on-
demand without unnecessary data transfers, without duplicate data storage, and with
near-optimal in-line data preprocessing at source, instead of target locations, provided
that the hardware and software capabilities exist at the data source facilities.

This approach places the data transformation onto the source facility hardware,
with support for more complex data querying, with a new central query engine compo-

nent which either works in a distributed manner across the source facilities, or requires



18 CHAPTER 3. DATA PLATFORM ARCHITECTURE

designated centralized hardware (Figure 3.3).

‘ CPU/GPU Compute | ‘ Storage
ML Research Device
R __|! Feature Vector ! ML Model
SR PR (Rl : ; | DatasetD1 | Training M.1.1
Experimental __/ RawData to Feature Vector /| jmTT e Vo i ML Researcher
Data Transformation from Query H ; QueryQ1 b & QueryQ2 r---- HE
: : [ ML Research Device
: : vt |.|! Feature Vector ! ML Model
Simulation HPC Cluster E_____ Query Planning E : Dataset D.1 Training M.1.2
| and Data Combination N N
Simulation _./ Raw Data to Feature Vector /| ! H ML Researcher
Data Transformation from Query L
A | __|! Feature Vector ML Model
. DatasetD2 | Training M.2.1

ML Researcher

Figure 3.3: In the query-based approach, the data access layer includes the ability to transform data
into ML-ready formats. In this case, the transformation computation needs to be located at the source

data devices, and an additional system is needed for planning the data query execution.

This approach requires handling data processing at the source data locations, as
well as a complex query planning system. Designing such a system would require complex
changes to the source data facility infrastructure, thus is beyond the scope of this thesis.
The approach explored in this work instead focuses building an architecture around the

existing infrastructure.

3.3.2 Persistent Dataset Approach

The alternative to the query system is to rely on discrete transformation workflows. By
considering the dataset collection as a consumption of the existing raw data layer, it is
possible to create re-usable workflows which can collect data from multiple sources and
then perform required data transformation steps at a centralized location. This centralized
location will be on a device hereafter referred to as the ML Data Platform. The first major
issue that can be observed between this approach and the query-based approach is the
need to consume raw data directly. This introduces major overheads for data transfer
between the source data facilities and the ML Data Platform facility. Without making
changes to the data access layer, there are not many options for reducing this overhead.
However, with the low cost of storage, it may be more feasible to create a persistent
storage layer for processed datasets resulting from these discrete workflows. This storage
layer, being a new component to the system, could be designed in line with the needs of
ML research, with a focus on high performance access speeds and richer data queries.
By making the data transformation and ML data storage components independent
from individual ML research projects, it becomes possible to create re-usable datasets
which can be accessed by different research teams exploring different ML approaches for

the same goal (Figure 3.4).
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Figure 3.4: In this example, the data transformation is placed in a new centralized device, which enables
the collection of data from existing sources and its transformation into discrete ML-ready datasets. The

ML-ready datasets are then exposed to the community and copied by ML researchers with ease.

A second challenge arises in this architecture from the previously identified need
for high-performance data access at the research locations. In this case, the simplest
approach would be to copy the ML dataset to the researcher’s device prior to ML training.
Researchers can utilize temporary HPC storage resources such as the scratch disk to
accommodate this data copy. However, with the expected growth of ML datasets in
fusion, the size of an individual dataset might require a very long time to copy. To avoid
creating copies of ML datasets, one approach is to centralize the ML research itself at the

same location to where the ML dataset is stored (Figure 3.5). This architecture reduces

Plasma Device Facility ML Data Platform Same-Device ML Research

Experimental B I N Raw Data to Feature Vector Feature Vector J ML Model
Data ! Transformation T.1 Dataset D.1 / Training M.1.1
Simulation HPC Cluster ; i /
H— ___|..__/ RawData to Feature Vector Feature Vector ML Model
H / Transformation T.2 Dataset D.2 / Training M.2.1 /L
Simulation

Data

ML Researcher

ML Researcher

CPU/GPU Compute Tr:ilrl;ir:\:lgol\(jleé 2
/

ML Researcher

Figure 3.5: By further centralizing the ML research process, the training process can also be placed
on the central data platform device, enabling direct high-throughput access to the ML datasets, and

removing the need for ML dataset duplication.

the need to transfer and store copies of ML feature data, however it introduces the need
for suitable CPU/GPU compute power for ML research to be available as a part of the ML
Data Platform. Without any additional components, this approach would also prevent

external researchers who do not have access to the ML Data Platform from performing
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ML research on the available datasets. One possible solution to this is to introduce a
metadata layer, that captures and shares the underlying transformation pipeline that

created the datasets.

3.4 Introducing a Metadata Layer

The architectures discussed in Section 3.3 primarily discuss the designation of storage
and compute resources across physical devices. However, by extending these primitives
through metadata and cataloging, it is possible to leverage a combination of these archi-
tectures, and create a more flexible system.

In order to facilitate ML-ready datasets as a widely available and reusable data
product, it is important to provide researchers with a centralized portal for data discovery.
Such an portal would serve as a catalog of available datasets, and should ideally enable
searching and filtering data, as well as allow for data versioning and unique references.
A metadata record can represent a centralized persistent dataset, it can represent an
external dataset provided by a source data facility, it can even represent a code workflow
or query for materializing data on-demand. Since all that is being changed is the addition
of a new, lightweight, component to the system, it does not impede existing benefits such
as the ability to centralize ML data and compute to the same device, however it enables
external producers and consumers of data to be integrated into the same central discovery

system.

ML Data Platform Metadata Catalog ML Research

Plasma Device Facility

Experimental - - Raw Data to Feature Vector Feature Vector ML Model
Data | Transformation T.1 Dataset D.1 Training M.1.1

ML Researcher

D.1 Dataset

Metadata
Simulation HPC Cluster

Simulation 7”3 77777 ...|..../ Raw Data to Feature Vector Feature Vector ML Model
Data Transformation T.2 Dataset D.2 Training M.1.2

ML Researcher

D.2 Dataset
Metadata

Plasma Device Facility ML Research Device

Experimental Raw Data to Feature Vector Feature Vector N e Feature Vector ML Model
Data Transformation T.3 Dataset D.3 Dataset D.3 Copy Training M.3.1

ML Researcher

D.3 Dataset
Metadata

Figure 3.6: Through the use of a metadata layer, data from various sources can be cataloged and
discovered in a central location. In this example it is showcased how local and remote persisted datasets
can be accessed by both local and remote researchers. Additionally, the catalog could include a variety

of sources including the previously discussed query endpoints.
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A central device would house the metadata repository, which would enable the
cataloging of both locally produced datasets, external datasets, or any other sources of
data compatible with the chosen metadata record format. These ML-ready datasets could
then be analyzed locally (for local datasets), or downloaded as needed (Figure 3.6).

The ability to create a ML-ready data catalog introduces the additional need to
reliably generate and record metadata, as well as the need for interfaces to enable metadata
record browsing and discovery.

This section introduced two approaches to creating a data platform: the query-based
approach, and the persisted dataset approach, along with the introduction of a central
metadata catalog for aggregating heterogeneous ML data sources. To further evaluate
the feasibility of the metadata-enabled architecture, a case-study was performed to create
a proof-of-concept data platform. This platform is based on a limited implementation of
the metadata-enable architecture, demonstrating primarily its usability as a centralized
data platform. The creation and evaluation of this platform is described in the following

section.



4. Case Study: Proof-of-Concept
Data Platform

In this case-study section, a proof-of-concept implementation of a data platform specifi-
cally designed for the fusion research community is presented. The proof-of-concept plat-
form is based on the metadata-enabled approach outlined in Section 3.4. The development
of this platform aims to address the unique challenges and requirements inherent to the
field of fusion research, which demands a robust, scalable, and efficient data management
infrastructure which can easily integrate with existing domain-specific tooling.

This objective is pursued through an evaluation of available open-source tooling,
combined with the practical deployment of selected solutions. The deployed system is then
evaluated in collaboration with domain-expert fusion researchers. This approach ensures
that the developed platform remains not only theoretically robust, but also practically
viable and relevant to the needs of the end-users within the fusion research community:.
The proof-of-concept data platform presented in this case-study is designed to serve as a
blueprint for future development.

In the subsequent sections, the methodology employed in the development of the
proof-of-concept data platform will be outlined, detailing the open-source tooling utilized,
the software deployment process, and the evaluation strategy. Additionally, the insights
and findings will be discussed, highlighting the ways in which the platform addresses
the unique challenges and requirements of the fusion research community. Section 4.1
describes the functional requirements for the proof-of-concept platform and Section 4.2
outlines the resources available for this case study. Together these two sections outline
the basis on which the platform is designed. Section 4.3 describes the main components of
the platform and Section 4.4 discusses selected open-source tools for the implementation.
Section 4.5 goes into the details of the deployment of the platform and the development
of custom tool extensions. Finally, Section 4.6 presents the evaluation of the platform,

the end-to-end trial, encountered challenges, and platform resource requirements.

22



23 CHAPTER 4. CASE STUDY: PROOF-OF-CONCEPT DATA PLATFORM

4.1 Establishing MVP Criteria

Based on the challenges defined in Sections 2.1, 2.2, and derived high-level goals defined
in Section 2.3, a list of feature requirements is defined for the Minimum Viable Product
(MVP) of a proof-of-concept data platform. The platform is also designed to emulate the
metadata-enabled architecture outlined in Section 3.4.

The goal of this platform is to enable the publishing and sharing of ML-ready
datasets in a centralized location. To satisfy the need for referenceability, the platform
should include unique references for individual datasets. As the datasets may be subject
to changes over time due to source data re-calibration or changes in the data transforma-
tion script, it is necessary to accommodate the possibility of different dataset versions.
Different versions should also be uniquely referenceable to enable accurate provenance
down the line.

To record provenance of the datasets, information about features and source data
used in the dataset should be recorded alongside the dataset records. This metadata
currently does not have a standard format so the constraint is somewhat flexible, however
there should exist a method of recording relevant information about the utilized source
data.

As the chosen approach is based on a centralized data platform, data collection and
transformation scripts form the basis of the available datasets. There is an effective 1:1
mapping from each data transformation code to a task-specific dataset. We can label this
approach as a datasets-as-workflows approach. The data platform should therefore include
a standardized method for workflow creation, such that workflows become a maintainable
and reusable asset.

The platform should also aim to handle source data changes by notifying researchers
and/or auto-generating new versions of the dataset based on updated source data. To
enable this, the platform needs to support either push based (e.g., via. API, event-driven)
or pull-based (periodic checks) triggers for handling such events.

The platform should be easy to adopt, as research experts should not be expected
to spend large amounts of effort on adopting the platform. There is no simple way to
measure the difficulty of using a platform, however the goal should be to minimize the
amount of changes to the researchers’ existing workloads.

The platform should be possible to deploy on HPC or vendor-agnostic cloud re-
sources. Tools designed for use on commercial cloud resources such as AWS, GCP, or
Azure are not suitable in this context. Additionally, the chosen open-source tools should
be mature and consistently maintained, such that their use does not pose a risk of near-
term obsolescence.

The refined list of requirements for the data platform is shown in Table 4.1.
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Table 4.1: Fusion ML Data Platform Minimum Viable Produce Requirements

Requirement

Description

Unique Data

References

Datasets present in the platform should have unique reference
identifiers (URIs) which can be used in ML research and pub-

lications to easily trace the original data

Data Versioning

Source data, data processing workflows, and dataset scope are
all subject to change. Therefore, it is imperative that multiple
versions of a single dataset can exist within the platform, such
that each version can be individually referenced, and individual

references remain immutable.

Provenance Metadata

Exact details of what raw data is being processed in the cre-
ation of the dataset should be embedded in an accessible and

interoperable format alongside the dataset records.

Reusable Data
Collection Workflows

The centralized platform should have a standard way of defin-
ing data collection and transformation workflows so that they

may be re-used (e.g., in the event of data re-calibration).

Automated Handling
of Source Data

Re-calibration

In the event of source data changes, provenance information
should be used to determine which datasets are affected. The
platform should be able to trigger tasks based on these events,
such as notifying researchers or generating new versions of the
affected datasets.

Independence from
Public Cloud

The chosen tools should not force the user to rely on com-
mercial cloud services. It must be possible to deploy the
tools on common infrastructure such as Docker, Kuber-

netes/OpenShift, HPC resources, or bare-metal.

Easy to Adopt

Since the platform is intended as a proof-of-concept, it should
be easy for users to understand and quickly integrate with

existing workflows for testing.

Tools with Strong and

Active Development

The chosen tooling should be under active development with
a rich ecosystem of users. This makes adoption and debugging

a lot easier through existing community resources.
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4.2 Available Resources for Platform Deployment

This section introduces the computational resources available for the deployment and
evaluation of the proof-of-concept fusion data platform. Both computational and storage
resources were necessary to facilitate the evaluation of chosen tools. In addition, example
data was also needed to evaluate the end-to-end workflows of the platform.

The primary set of resources available for this research was provided by CSC*. The

following resources were primarily considered for the data platform:

« CSC Puhti/Mahti [30] - HPC compute clusters running SLURM
o CSC Rahti [31] - A container orchestration platform based on OKD

« CSC Allas [32] - A CEPH-based object storage / data lake service

For this case study, the full scale deployment of the platform was performed using
CSC Rahti, the OKD Kubernetes service. This allowed for more accurate evaluation of
how end users would work with the platform.

The data used for evaluating the platform was a dataset used in recent ML-driven
research paper[15]. This dataset allowed for a full end-to-end trial of the platform, as well
as practical feedback from the original author. The example consisted of a data-wrangling
Python script, and a resulting data set containing clean NumPy[33] array data for a large

number of plasma pulses sourced from the JET tokamak[34].

4.3 Case-Study Data Platform Components

In this section, the metadata-enabled architecture defined in Section 3.4 is further defined
in terms of available software tooling categories while adhering to the MVP requirements

outlined in the prior Section 4.1.

4.3.1 Metadata Platform

The primary tool that has been identified as a key enabler for collaboration and ac-
celeration of dataset creation and usage is a comprehensive and feature-rich metadata
catalog, hereby referred to as a data discovery portal. Unlike existing current interfaces
designed to preview calibrated data of individual pulses, the goal is to create a single
interface for discovering existing ML-ready datasets. This interface would also serve as

the ideal location for publishing reference datasets. This component would include the

*CSC Project #2005083
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storage of metadata records associated with datasets, providing provenance information,
as well as unique resource identifiers (URIs) that can be used to reference the dataset
in later results. The goal of the metadata platform is to enable unique data references
and versioning, while extending it with an intuitive user interface for dataset search and
discovery.

Metadata cataloging tools are not a clear cut category. Depending on the context,
different tools can be employed to manage the indexing and discoverability of resources
(e.g., data). The main interest in this case study are tools which are used to document
data, datasets, and workflows. Additionally, tools used to document provenance are also
an important consideration. From a general perspective, many of these tool are designed
to integrate into the public cloud computing ecosystem. However, that is not a compatible
approach to the desired system which is designed to fit into the existing fusion landscape
of HPC and proprietary tooling.

A sub-category of data cataloging tools are data management platforms[35] (DMPs),
also sometimes referred to as research data management[36] (RDM) tools. These are
platforms which aim to address the need for data cataloging and publishing in academic
environments, and could provide a better fit to the needs of the case study platform.
Zenodo [29], a popular open platform used for dataset sharing, is an example from this
category. The challenge remains to identify suitable general purpose metadata cataloging
tools which remain under active development and meet the defined needs of the case

study.

4.3.2 Workflow Orchestration

In addition to a data discovery portal, the platform should enable the re-use of data
processing codes used to create the published datasets. A tooling category which enables
the creation and execution of workflow resources are workflow orchestration managers.
By enabling workflow re-usability it becomes possible to automate the propagation of
source data changes by generating new dataset versions. Workflow orchestration has been
identified as a potential solution for tackling data provenance, as standardized workflows
and their execution can automatically produce valuable metadata for establishing data
provenance. The standardization of data processing workflows can provide additional
benefits in re-usability and longevity of previously one-off data processing codes. Workflow
orchestration platforms often require additional configuration in addition to the regular
code, however they can provide a rich set of features for managing the codes execution
and monitoring, as well as provide the necessary interfaces for event-driven execution of
workflows for example to automatically re-generate datasets in the event of source data

changes.
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4.3.3 Component Architecture

A mapping can be made from the architecture defined in Section 3.4 to the proposed

metadata catalog and workflow orchestration components (Figure 4.1).
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Figure 4.1: The figure demonstrates how the identified components are mapped to the architecture
outlined in Section 3.4. The workflow orchestrator manages the data transformations and publishes
resulting metadata and clean ML data to the metadata cataloging and bulk data storage components

respectively.

The belief behind this platform is that these challenges can be addressed through
two major improvements. Firstly, the data wrangling workflows currently performed by
ML researchers in fusion are a valuable asset which can be re-used to generate data long
after the individual research project has concluded. And secondly, the clean data used
to train ML models should be published and catalogued in a central (or per-facility)
location coupled with a rich interface to enable discovery of existing data. This catalog
would also serve as the ideal location of recommended datasets, as well as a source of

unique references for citing source datasets in derived results.

4.4 Evaluating Existing Open-Source Data Tooling

In this section, a set of open-source tooling for metadata cataloging and workflow orches-
tration are identified and evaluated in the context of the MVP requirements identified in

Section 4.1. These components were previously introduced in Section 4.3.
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4.4.1 Metadata Platform

A set of core characteristics is defined for evaluating potential metadata in regards to their
ability to address the needs of fusion ML research (Table 4.2). A graphical user interface
(GUI) is required to enable a clear overview of available ML datasets allowing fusion re-
searchers to quickly identify relevant data and potential recommended datasets. Due to
the possibility of data re-calibration or changes to the data transformation scripts, result-
ing datasets may evolve over time. To address the support for both clear data provenance
as well as evolving datasets, versioning is necessary along with uniquely referenceable
dataset versions. To adhere to FAIR and Open Data goals, records should adopt common
metadata formats. One of the simplest of these formats is Dublin-core[37], a basic set
of metadata fields for describing digital or physical resources. To enable faster discovery,
and a more scalable platform, the system should include full search capabilities, ideally
through the use of a dedicated search engine. To support integration between tools, it is
important to note what approaches to metadata collection (push vs. pull) are supported
by the platform. Finally, some of these tools may also include their own dedicated bulk
data storage layer, however the scalability limits and supported data formats can limit

their usability.

Table 4.2: Data Catalog Features

Feature Description

F.1 Browsing Interface A complete overview of available data is available
through a GUI.

F.2 Versioned Records Multiple versions of a record are supported and are

uniquely referenceable.
F.3 Dublin-core Metadata  Record metadata adopts the Dublin-core standard.
F.4 Search Engine Records can be searched via a dedicated search engine.

F.5 Push-based Ingestion Record information can be submitted from external

sources to the platform.

F.6 Pull-based Ingestion Record information can be queried from external sources

by the platform.
F.7 Bulk Data Storage Bulk storage is included as a part of the platform and

Layer can be used to store data alongside metadata records.

CKAN][38], InvenioRDM[39], Dspace[40], and Dataverse[41] DMP/RDM solutions
been selected as possible candidates from existing surveys[35, 36]. Additionally, more

generic open-source solutions OpenLineage[42] /Marquez[43] (Marquez is a reference meta-
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data platform implementation on the OpenLineage standard) and DataHub|[44] have been
selected from the Linux Foundation for AI & Data Landscape[45].

Table 4.3: Data Catalog Comparison

Software F.1 F.2 F.3 F.4 F.5 F.6 F.7
OpenLienage/Marquez v v

DataHub v v v v v
InvenioRDM v v v v v v
CKAN v v v v v v
Dspace v v v v v
Dataverse v v v v v v

In addition to these tools, the Fair4Fusion[10] central metadata services can also be
considered as a viable candidate for ML dataset metadata recording, as the goals of the
platforms are closely aligned on data discovery, search, and recording better metadata
(e.g., provenance). For this case study however, the selection was limited to the readily
available open source candidates.

InvenioRDM was selected among the available DMP/RDM tools for it’s modern
Ul, extensibility, native support for record versioning, and focus on academic records.
Another favorable factor is that InvenioRDM is intended to be the future backbone for
Zenodo[29], one of the most prominent academic data repositories, providing a case for
long term maintenance and a sustained development effort. It is also used as the base
for several other institutional repositories (e.g., CaltechDATA [46], TU Wien Research

Data[47]) showcasing its usability in production environments.

4.4.2 Workflow Orchestration

Likewise, a set of characteristics is defined for evaluating workflow orchestration platform
(Table 4.4). Script-based workflow definition allows domain experts to more easily convert
their existing codes into reusable workflows. Presenting a GUI for workflow management
lowers the technical complexity of monitoring workflow execution and managing avail-
able workflows. Scalability is an added concern for fusion workloads which may require
processing high volumes of complex data. The project-based nature of academic work,
including fusion research, benefits from multi-tenancy as projects can receive independent
scope without interfering with other’s work. Finally, HPC-native execution is an added
bonus, however not many workflow orchestrators exist for that purpose today [48].

Several open-source workflow orchestration tools have been selected as potential
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Table 4.4: Workflow Orchestrator Features

Feature Description

F.1 Script-based Workflows Workflows can be defined in-line with the data processing

code (via classes or function decorators).

F.2 Workflow Management A GUI is available for monitoring and managing available
GUI workflows.

F.3 Scalability Workflow execution is horizontally scalable across cloud

or HPC resources.

F.4 Multi-Tenancy The platform supports independently scoped workflow

projects.

F.5 HPC-native Execution =~ Workflows are executed using HPC resources (e.g., via
SLURM).

candidates for the case study data platform and evaluated against the criteria (Table
4.5). An existing comprehensive review of available workflow orchestration tools[49] was
used to select Apache Airflow[50] and Flyte[51] as potential candidates. Both of these
tools are also highly adopted in the industry, however they have limited usability on
HPC resources. StreamFlow[52] was also considered as a candidate as it is based on the
CWLI[53] workflow standard, an academic vendor-agnostic workflow definition language,

and supports execution across HPC and cloud resources.

Table 4.5: Workflow Orchestrator Comparison

Software F.1 F.2 F.3 F.4 F.5
Apache Airflow v v v

Flyte v v v v

StreamFlow v N

Apache Airflow was selected as the proof-of-concept platform workflow orchestrator
despite the lack of out-of-the-box multi-tenancy and HPC support. Several factors played
a role in this decision. Airflow is a Python-first workflow orchestrator, aligning well with
the existing Python-heavy ML workloads in fusion, especially for the end-to-end trial
which is based on existing Python code. It is a very mature tool, released in 2015, with
large adoption in the industry providing a large base of available knowledge, community
support, and guides. It is also a very extensible platform, with support for implementing

custom Operators and Hooks, explained in more details later, via simple drop-in Python
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files. The robust architecture, extensibility, and mature ecosystem make Airflow the tool

of choice for evaluating the core principles of workflow orchestration in this study.

4.5 Development and Deployment of the Data Plat-

form

This section details the hands-on process of developing the proof-of-concept data platform.
It covers the deployment process, encountered challenges, and development of custom

tooling.

4.5.1 Selected Tooling Details

InvenioRDM

The InvenioRDM architecture (Figure 4.2) consists of several key components in order
to be deployed. The core of InvenioRDM is deployed as a web app consisting of an
independent backend APT and static frontend component served via nginx[54]. The API
backend is dependent on an array of supporting services: an HAProxy[55] instance for
load balancing, a filesystem or S3 backend for file storage, an SQL database for structured
metadata records, a Redis[56] cache, and a RabbitMQ[57] and Celery[58] based task queue
(used for indexing, setup, and other asynchronous tasks such as sending out account

activation emails).

] Shared Volume: Services
Nginx + - Record Attached Data

HAProxy > InvenioRDM (Small Files)

Static Frontend

T InvenioRDM ) S - ______________ ps Celery
API GlusterFS Worker Nodes
Exposed Web Shared Volume

Route

Y i i A 4

SQL Database ElasticSearch RabbitMQ Redis

SQL Database:
- Record Metadata

Figure 4.2: Core InvenioRDM Services Deployed on CSC Rahti

All required services are open-sourced, and the core web API and frontend can be

compiled and deployed freely in any desired configuration. To assist with the setup, a
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Kubernetes Helm[59] chart, utilized in this deployment, and a Docker Compose CLI setup
tool are available. The Helm chart provides the ability to quickly provision resources and
deploy all necessary services on top of Kubernetes. The InvenioRDM frontend and API
are contained within the same Kubernetes pod, and are horizontally scalable (enabled via
the load balancer). Likewise, the number of Celery worker nodes is also scalable. In this

deployment, all scalable services exist in two instances.

Apache Airflow

The architecture of Apache Airflow (Figure 4.3) is based on three main components. A
frontend webserver, a scheduler, and and a set of worker nodes make up the core of the sys-
tem. The webserver provides a Web GUI for managing workflows, the scheduler provides
an API for scheduling and monitoring workflow execution, and the worker nodes are used
to execute workflow tasks. These worker nodes are implemented as a Celery cluster with
two worker nodes in the proof-of-concept deployment. Additionally, an SQL database
used for storing operational data, and a shared filesystem containing the workflow codes,

plugins, and logs have to be available from all of the core nodes.

Exposed Web

Route —> Jupyter < Shared Volume: SQL Database:
' - DAG Source Code - Operational Metadata
- Plugins
Exposed Web |
P — > Airflow Frontend |«
Route
; GlusterFs SQL Database
Shared Volume
l ----- A
Airflow Scheduler |«
| Services ‘ : ¢ \ 4
: Celery L Celery .
| Persistent Data ‘ Worker Nodes h Flower Node Redis

Figure 4.3: Core Apache Airflow Services Deployed on CSC Rahti

Airflow is centered around the directed acyclic graph (DAG) structure for it’s work-
flows and task planning. Fach Airflow DAG can be comprised of one or more tasks, with
a defined order of execution. DAGs and Tasks can be defined through Python code using
Airflow’s classes or through a newer simpler method called TaskFlow, which allows using
decorators to turn existing functions into Tasks. Airflow is also designed to be highly

extensible, with a wide range of integrations with other tools through or re-usable APIs
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(Hooks) that are typically used to interact with external services (e.g., SQL connection),
and predefined input-driven tasks (Operators) which can use available Hooks (e.g., exe-
cuting an SQL query). There is strong user support for developing custom Hooks and
Operators, allowing for simple creation of support tools to aid fusion workloads. These

concepts are relevant for the later platform modifications (Subsection 4.5.4)

CSC Allas

The final component of the proof-of-concept platform is a managed object storage service
provided by CSC, Allas. CSC Allas is based on CEPH [60], an open-source and highly
scalable[61] object storage system which enables the storage of arbitrary binary data
objects. Relying on an object store for bulk data storage allows for great flexibility in
the stored data formats, however it limits the ability to query data based on structured
features. Modern solutions such as the Lakehouse[62] architecture can be deployed in
hand with object stores to enable structured data and querying features if desired. In the
case of the proof-of-concept implementation, Allas is used to store clean ML-ready data

and to provide access to researchers aiming to use this data.

4.5.2 Deployment Process

The infrastructure layer in this implementation is based on available services from CSC
outlined in Section 4.2. An OKD Kubernetes cluster "CSC Rahti" is the main backbone
on which this proof-of-concept platform is deployed. The OpenShift instance was used
to deploy the InvenioRDM and Apache Airlow applications along with their supporting
services. Additionally, the bulk storage layer for processed datasets is an S3-compatible
data lake service "Allas".

Following the initial architecture planning and tool selection, work began on deploy-
ing the desired tools onto CSC Rahti / OKD cluster. The deployment for Airflow and
InvenioRDM were handled as independent projects, with public routes used for connec-
tions between the two systems.

For Apache Airflow, a deployment template [63] was available from the CSC Rahti
service. This template was used in combination with a custom Docker image containing
any extensions and custom tooling developed for this case study. The template allows
for a simple user configuration to be converted into a deployment of the specified Airflow
image for the frontend, scheduler, and worker containers, along with a supporting SQL
database, and a Redis + Celery task queue. Additional configuration is available for
configuring credentials, environment variables, and other minor properties.

InvenioRDM was more challenging to deploy, as there was no readily available de-
ployment method compatible with CSC Rahti’s OKD instance. What was hoped to be a
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simple solution, a readily available Kubernetes/OpenShift Helm chart, did not work with

the available cluster. The following changes to the available Helm chart were necessary:

o The differences between schema strictness between the available OKD Kubernetes
version on CSC Rahti, and the Kubernetes and OpenShift versions for which the
Helm chart was designed made the Helm chart incompatible for deployment on CSC
Rahti. With minor changes to the schema, the Helm chart could be successfully used

to deploy the bulk of the services.

o By default, the Helm chart deploys an OpenSearch instance to handle full search
capabilities of the InvenioRDM platform. However, the available OpenSearch con-
tainer image is not designed to work with non-privileged containers available on
CSC Rahti. Due to this issue, OpenSearch was replaced by ElasticSearch, which is
also natively supported by InvenioRDM v11.0

After these changes there was one remaining missing feature for automated initial
setup, so those commands had to be executed manually through the CLI of a worker node.
The InvenioRDM Helm chart also supports the use of a custom Docker image for the core
services, which was utilized to enable platform customization. After these modifications,
InvenioRDM was successfully deployed along with all of it’s supporting services.

Both the custom Airflow and InvenioRDM Docker images are generated directly
from the project’s git repository through a CI/CD pipeline triggered on each new code
commit, to enable faster iteration when developing custom tooling and platform exten-

sions.

4.5.3 Deployment Architecture

The architecture for the case study deployment closely follows the metadata-enabled ar-
chitecture outlined in Section 3.4 and developed for this proof-of-concept implementation
in Section 4.3. In the final deployment Apache Airflow is used as the workflow orchestra-
tion platform, and InvenioRDM is used as the Research Data Platform. A clear mapping
can be made from the metadata-enabled architecture to the selected tools (Figure 4.4).
At this stage, most of the MVP criteria are satisfied, with the exception of ease-
of-use, and ad-hoc provenance metadata collection. InvenioRDM provides unique and
references for the records. Provenance metadata can be attached in any desired file
format to the InvenioRDM records, however the lack of standardization in this aspect
does not provide a significant improvement over the current approach. Airflow introduces
a common format for data workflows and the ability to handle data re-calibrations both
via API triggers or through a scheduled checkup routine. Finally, both InvenioRDM and

Airflow satisfy the need for deployment independent from public cloud vendors, and are
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Figure 4.4: From the component architecture shown in Section 4.3, the workflow component is now
represented by Apache Airflow, and the metadata catalog is represented by InvenioRDM, both hosted
on CSC Rahti. Additionally, the CSC Allas object store is used as the bulk storage component. The
resulting data can be efficiently accessed from an HPC environment using CSC Puhti/Mahti.

under active development for the foreseeable future. To address the need for improved
ease-of-use, and to establish more standardized provenance and metadata propagation,

additional tooling was developed to support the fusion data workflows.

4.5.4 Extending Selected Tools for Fusion Workloads

Both InvenioRDM and Apache Airflow are highly customizable platforms, which is one of
the key reasons for their selection. The focus on enabling ease of use for end users has led
to the development of custom Apache Airflow Hooks to enable simple integration with
fusion data ingestion, the automation of metadata generation, and a one-line publishing
function for submitting results to InvenioRDM.

The goal of these extensions is to greatly reduce the effort required by the researcher
to utilize the platform in their existing workflows, and to establish a standardized method
for provenance metadata to be propagated to the InvenioRDM platform. The provided
tools enable simple Python functions to be imported into the existing code for the following
tasks:

o Ingesting source data - Adding a custom function for source data access in the

workflow allows for automating the metadata collection process.

o Outputting resulting data - Since the platform introduces it’s own bulk data layer,

a simplified abstraction can be provided to the researchers for storing results. In
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this case the abstraction also provides a way to organize the resulting data based

on the unique InvenioRDM record version.

o Publishing a metadata record - To avoid the need for manual submission or using
generic Python API interactions, a custom functions allows metadata records to be
automatically published based on metadata collected from the data ingestion hook,
along with additional generic information (Dataset Author, Title, and Description)

provided by the researcher.

In-situ Metadata Generation

One of the core features of the trialed system is the generation of metadata. Providing
high-quality metadata both for data querying, filtering, and analysis, as well as prove-
nance, is a repeatedly identified challenge [11, 18, 10]. The different push and pull ap-
proaches to metadata collection have already been discussed in the Fair4Fusion report [10],
noting that push-based metadata ingestion is likely the better choice in situations where
it is possible as it allows the data producers to have greater control over how data and
metadata is submitted into the system. This is especially relevant in the administratively
complex landscape of fusion research facilities.

For this purpose, custom tooling has been developed to extend the capabilities of
Apache Airflow. Namely, an Airflow Hook has been defined which collects metadata
throughout the data transformation workflow. The tool is structured as a middleware
between the data transformation code and the source data access layer. By including
custom metadata-collecting code in this segment, researchers automatically have reliable
metadata recorded during the source data fetching stage. This collected metadata can be
used to annotate the provenance of the output result and to provide additional context

to the output dataset.

Dataset Publishing

To facilitate the easier output of clean ML-ready data, another middleware-like Airflow
Hook was developed around the S3 protocol used to upload data to CSC Allas, the
object storage platform used for bulk data storage in this proof-of-concept platform. The
Hook serves two purposes, primarily it enables a simplified data output process for the
researcher, and secondly, it allows data to be stored according to the InvenioRDM record
ID, which is automatically incorporated into the data path. This approach simplifies the
data organization within the object store by mapping dedicated paths to each InvenioRDM
record (and version).

By default InvenioRDM records are designed to be versioned, with individual ver-

sions being immutable once recorded. To enable a more streamlined metadata publishing
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process, a custom integration was developed once again as an Airflow Hook. This hook
allows researchers to easily upload metadata for a new version of the dataset, which in-
cludes metadata collected from the previously outlined metadata generation hook used for
source data access in combination with a title, description, and author details provided
by the researcher. By using this hook, researchers can rely on a simple Python function
to handle the metadata submission process, as opposed to manually interacting with the
InvenioRDM API.

4.6 Proof-of-Concept Data Platform Evaluation

4.6.1 End-to-end Evaluation

The user experience of the platform was evaluated through a real-world fusion research
example [15]. In this example raw data from the JET tokamak was processed into an ML-
ready format. Originally, this process was performed in isolation from any existing fusion
research infrastructure, and the middle-stage artifacts such as the data transformation
and cleaned dataset remained unshared. By adopting the proof-of-concept platform into
the workflow, the hope is to demonstrate how artifacts which already existed within
the workflow, namely the data processing script and resulting clean data, can be easily

standardized, made re-usable, published, and discovered by other researchers.

Data Production Flow

The following steps are needed to convert an existing ML data transformation script into

a dataset registered in the proof-of-concept data platform:

1. The researcher creates a draft record using the InvenioRDM web platform. The
draft provides the researcher with a unique ID for referencing the root record from

the data generating workflow code.

2. The existing Python data transformation code is converted to an Airflow DAG via

the following modifications:

o The existing data loading mechanism is replaced with the provided data inges-
tion hook which allows the user to retrieve desired diagnostics from a list of

specific JET pulses as a collection.

o The data transformation code is wrapped with functions representing the Air-

flow DAG, and a single Airflow Task using the TaskFlow decorators

e The existing data output mechanism is replaced with the provided data output
hook
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e An additional call is added to the metadata publishing function with specified

metadata for the dataset title, description, and author information

3. The root record ID is passed to the Airflow Hook used for publishing metadata.
Once specified, this ID is used to populate the InvenioRDM record, and to publish

additional versions if the workflow is re-run.
4. The code is uploaded to the platform using the Jupyter Web GUI.
5. The workflow is executed using the Airflow GUI or API (Figure 4.5).

6. The workflow automatically outputs the final data into a unique path in CSC Al-
las, and publishes a respective record to InvenioRDM (Figure 4.6) embedded with
provenance metadata and data access instructions. The published dataset can im-

mediately be discovered and used by other researchers with sufficient access.

Data Discovery Flow

The following steps make up the process of discovering existing datasets and using them

for new ML research efforts:

1. Researchers use the browsing and search GUI of InvenioRDM to locate existing

datasets.

2. The chosen dataset is inspected in the GUI where instructions are provided on how
to access the bulk data.

3. The complete dataset is loaded directly from CSC Allas into the ML research envi-

ronment.

4. When publishing results, the record of the used dataset version, which includes
provenance information describing exact details of contained source data, can be

uniquely referenced.

The presented workflow has been successfully demonstrated by onboarding the pro-
vided ML workflow example [15].

Figure 4.5 displays how Apache Airflow and InvenioRDM interact on a higher level
and includes screenshots of the live deployed instances. A final preview of the resulting

record is show in Figure 4.6, taken from the live proof-of-concept deployment.
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4.6.2 Challenges

The following challenges have been encountered during the development, deployment, and
end-to-end evaluation of the proof-of-concept platform.

The design of the case study platform has evolved over the course of this project
due to issues with selected tools, or the discovery of more suitable solutions later in the
process. This was a result of the limited project resources, time frame, and the volume
of available tools. Initially, trials were performed with DataHub, and then with Marquez,
as the metadata platform. Neither of these application was a great fit for this project
due to the lack of a public-facing discovery portal, as well as limited support for open
data standards. Finally, InvenioRDM was selected and integrated as the core metadata
component, satisfying the core metadata cataloging needs.

Another encountered challenge with the chosen tools has been the difficulty to per-
form local testing of Airflow DAGs without introducing significant additional work by the
researcher. Airflow does not offer a comprehensive remote development solution, nor an
easily testable workflow code. This presented a challenge to the development pace, as
it required constant manual updates to the Airflow DAGs, and led to a trial-and-error
approach to debugging. Suggestions for addressing this challenge in future efforts are

outlined in Section 5.1.

4.6.3 Resource Estimation and Scalability

The proof-of-concept platform was deployed on top of OKD Kubernetes, and the con-
sumed resources are spread across the various Kubernetes pods (smallest Kubernetes
units with defined compute and memory resources). In the case of this case study the
provisioned resources are based on the provided Apache Airflow template provided by
CSC, and the Helm chart provided by InvenioRDM developers. There has not been sig-
nificant effort dedicated to optimizing the resource use, so the following estimates (Table
4.6 and 4.7) are considered conservative.

The case study solution minimizes resource usage by abstracting away from the bulk
computation and storage layer. The core of the platform consists of services which can
run on very limited resources. In a production setting however, many of these services
such as the SQL databases, cache, or worker nodes would be scaled up, according to the
operational demands. Despite the scaling changes to a production setting, the majority
of these services remain light on resource usage compared to the bulk data processing and
storage elements.

The main data processing cluster in the proof-of-concept deployment is made up
from Celery worker nodes (as seen in Table 4.7, and previously introduced in Figure 4.3).

The number and resources of these nodes can be scaled up for processing production grade
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Table 4.6: InvenioRDM Deployment Resource Utilization

Service CPU (in 2.4 GHz Cores) RAM (in GB)
nginx™® (InvenioRDM 0.25 0.5
Frontend + Proxy)

InvenioRDM APT* 1 1
HAProxy 0.25 0.5
PostgreSQL 2 8
Redis 2 8
ElasticSearch 2 1
RabbitMQ 1 2
Worker* 1 1
Worker Beat 2 0.5
Total 11.5 22.5
Persistent Storage 10 GB

*These services are horizontally scalable, in the proof-of-concept deployment

there are two instances of each.

Table 4.7: Apache Airflow Deployment Resource Utilization

Service CPU (in 2.4 GHz Cores) RAM (in GB)
Web UI 1 2
Scheduler 1 2
Worker* 2 8
Celery Flower 2 8

Redis 2 1
PostgreSQL 2 1
Jupyter 2 8

Total 12 30
Persistent Storage 14 GB

*These services are horizontally scalable, in the proof-of-concept deployment

there are two instances of each.
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data transformation workflows. Since the Celery worker nodes are provisioned from the
CSC Rahti Kubernetes layer, the proof-of-concept system in this deployment is relying
on cloud, rather than HPC resources, to execute the data processing workloads. As the
resulting datasets are persisted, these workflows do not need to run often, which lowers
the need for fast execution. Despite the low impact of data workflow execution speed in
the context of persisted datasets, it is recommended to consider alternative deployment
approaches which better utilize HPC resources to execute the data processing workloads
(discussed in more details later in Section 5.4).

In addition to the Apache Airflow and InvenioRDM instances, the CSC Allas object
store was used for persisting the resulting datasets. For persisting the trial dataset, which
primarily consists of low dimensional data, only 0.5GB of CSC Allas storage was used.
Despite very limited resources used for the trial evaluation, the scalable bulk storage layer
CSC Allas, and scalable Celery worker cluster utilized by Apache Airflow allow the system

to easily scale up to meet the growing demands of fusion data workloads.



5. Discussion

The following sections compile and interpret the findings from the survey of fusion ML
research and the case study ML data platform implementation. The chapter is divided
into three sections, the first section discusses the choices and insights from the case study,
the second section discusses possible actions that can be taken to improve ML workflows
in fusion today, and finally the last section discusses the opportunities for future work on

the topic of ML infrastructure in fusion.

5.1 Reflection on Case-Study Decisions

The challenges encountered with the selected tools, outlined in Section 4.6.2, suggest
further evaluation of available tools. Several alternatives can be suggested for further
evaluation.

To address the challenge of the development experience, and the ability to quickly
test and iterate on workflow design, there is a need to expand on the proof-of-concept
implementation. It is possible to deploy a local instance of Airflow for running DAGs
locally. There is also a supported method to synchronize DAGs from a git[64] repository.
Both of these Airflow-specific approaches could assist in addressing this issue in the future.
Beyond Airflow, one of the other evaluated workflow orchestrators, Flyte, promises better
code portability, which can in theory enable easier re-use of the same code across differ-
ent infrastructure ranging from local Python environments for testing to big data-scale
cloud resources in production. Evaluating the development experience and code testing
capabilities should be included as a significant consideration for similar future studies.

Another option is to rely on the Common Workflow Language (CWL)[53], an aca-
demic open-source workflow standard. CWL establishes a vendor-agnostic specification
for defining computational workflows. CWL workflows can be executed by several open-
source implementations, the most comprehensive being StreamFlow[52], which enables
execution of CWL workflows across both cloud and HPC resources. Alongside the LLNL
stack of workflow tooling [25], they present promising solutions in the very limited tooling
for HPC-native workflow management.

Finally, a feature which was not explored in the context of the proof-of-concept

43
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implementation is the management of workflow source code. For this purpose the recom-
mendation is to rely on git[64]-based code repositories such as GitLab or GitHub, as they

provide the necessary versioning and referenceability of unique code versions.

5.2 Applicability Limitations of the Case-Study Re-

sults

The content of this thesis does not address the administrative challenges of fusion research.
Data access policy, privacy, and security pose significant factors which can change the
constraints of possible data architectures. Currently, various fusion research facilities
require authentication and authorization of researchers in order to provide access to their
data. The additional regulatory constraints posed by the risk associated with nuclear
research limit the openness of the fusion data and research ecosystem to the general
public.

Addressing these limitations in detail is beyond the scope of this thesis. Thus,
with the assumption that sufficient data sharing regulations can be achieved, a number
of applicable suggestions and proposed topics for future research are derived from this

case-study in the subsequent sections.

5.3 Derived Suggestions for Fusion ML Infrastruc-

ture

A central research dataset repository is a common solution in different academic settings
and could be integrated into a fusion research community. Allowing duplicate data stor-
age for ML-ready data (e.g. recommended datasets) should be considered, as it provides
a simple solution to avoid the previously lacking data access layer in ML applications. A
baseline one-size-fits-all solution can be achieved by using a data lake along with a compre-
hensive data catalog. The flexibility of relying primarily on metadata for dataset records,
agnostic of the bulk storage layer, allows future datasets to be stored in more optimized
storage systems, once such storage systems are developed. Before more distributed ap-
proaches such as the dataset-as-query architecture are developed, a dataset-as-workflow
approach, which standardizes the data-generating code as a re-usable workflow, could
provide a significant improvement over static one-off datasets. Research should be done
on which code standardization approaches are best suited for existing fusion research
infrastructure.

Developing and deploying a full scale ML data platform for fusion research requires
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a significant investment into manpower, especially experts in platform engineering, HPC
systems, and fusion ML approaches. Only through a tight collaboration between infras-
tructure experts and end users can it be possible to develop a system which is practical,
robust, and resource efficient.

In addition to developing a data platform, it is necessary to address the challenges
of adoption. The initially empty data platform requires effort to populate with existing
datasets, and support for onboarding future ML research projects to the platform. For
this purpose, it would be highly beneficial to appoint an onboarding officer for the purpose
of migrating existing and future datasets onto the platform until a critical mass is reached.
A similar approach as been shown effective in stimulating the adoption of Duqtools[65],
a tool for dynamic uncertainty quantification in fusion simulations.

Furthermore, this research should not be done in isolation from other topically
adjacent efforts within the fusion community. Projects such as Fair4Fusion[10], which
focuses on wider-scope FAIR data and encompasses metadata cataloging, could easily
result in a platform which can be suitable as the ML data cataloging component of the
considered ML data platform architecture, which was implemented through InvenioRDM
in this study. Other projects focusing on ML data processing such as the disruption
database tooling[66] should also be considered as possible integrated components of the
platform.

In addition to these suggestions, there remain several open questions for the devel-
opment of a data platform based on this centralized metadata-enabled approach. These

questions are presented as future research opportunities in the following section.

5.4 Future Work

Additional work is required to explore the cost and benefit of persisting ML-ready datasets
in a central repository (Subsection 3.3.2) versus developing complex ML data query sys-
tems (Subsection 3.3.1), in the context of available infrastructure for fusion research.

In the proof-of-concept platform, the data transformation workflows were defined us-
ing Apache Airflow and executed via a Celery cluster. This approach relied on Kubernetes-
native cloud resources. More commonly, fusion research relies on HPC resources. There-
fore, further work is also necessary to identify satisfactory HPC-native counterparts for
workflow processing. While Apache Airflow, Flyte, and many other mature workflow or-
chestration tools exist for running workflows on top of cloud resources, there is a lack of
support for HPC execution in mainstream solutions. Several HPC-compatible possibilities
have been suggested in previous sections such as CWL[53] via StreamFlow, and LLNL’s
own workflow tooling [25]. By offloading the bulk computation to HPC resources, the

cloud resources necessary for maintaining a scalable data platform would be significantly
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lowered.

In terms of platform architecture, the explore approach focuses on a centralized data
platform, which enables collecting data across the heterogeneous sources, and processing
it into ML-ready workflows which are persisted in a new location for easy access by
ML researchers. This approach has scalability limitations associated with the volume of
datasets. While low-dimensional data can produce manageable scale datasets, projected
video data volume such as the 2.2PB/day estimate for ITER[13] may require pass-through
access directly to source storage facilities. Thus, consideration should be given in future
research on how to best to accommodate heterogeneous datasets which combine processed
ML-ready low-dimensional data and more heavy source data such as video into a single
dataset.

In addition to providing infrastructure for ML workloads, there is a need for stan-
dardization of ML tooling within the fusion community due to the extent of the available
options. Deciding on a recommended set of ML tools can provide ground for easier stan-
dardization and interoperability of research codes and results. Having a standardized
set of tools also simplifies the decision making process for later infrastructure expansion.
This suggestion is also based on existing efforts from other domains such as the Pangeo|[67]
ecosystem which introduces a recommended set of tools for data-driven research in geo-

sciences.



6. Conclusion

In this thesis, it was established that categories of data tooling such as metadata catalogs
and workflow orchestrators can potentially be used to address the challenges of standard-
izing the source to ML data transformations, and the publishing of resulting datasets.
These improvements can be used to break up the monolithic ML research process, and re-
duce the duplicate work currently performed by researchers. By adopting these tools into
the ML research workflow, a common base of ML-ready datasets can also be established,
providing grounds for improved provenance, reproducibility, and model benchmarking.

Challenges in data-driven research stem from the highly heterogeneous and geo-
graphically scattered source data landscape and the monolithic ML research process.
Experimental source data is organized in complex tree-like structures which are useful for
recording detailed information about individual pulses, however these structures pose a
challenge to bulk data processing and require further transformation to clean ML-ready
data. Curating data for ML research is currently estimated to take up to 70% of the
research effort [11]. In addition to the difficult data curation, ML processes are often
performed as a monolithic effort, leading to additional challenges such as duplicate work,
lack of collaboration, and often unshared data transformations and cleaned data artifacts
which are present in every ML research workflow.

To address these challenges, several possible architectures for the organization of a
fusion ML data platform have been explored. The research process was separated into a
framework of four components representing the source data, source -> ML data transfor-
mation, ML feature data, and the ML training process. These four high-level components
are present in every fusion ML workflow, and their distribution across real-world hardware
outlines the possible high-level architectures for fusion ML data. Two different approaches
can be identified: a query-based approach where ML data can be queried on-demand, with
data cleaning and preprocessing performed at the source location, and a persisted dataset
approach where data is collected and cleaned through a centralized workflow, with the
resulting ML feature data stored as a discrete readily-available dataset. The query-based
approach offers higher flexibility for what data can be retrieved, however it requires adding
considerable improvements in querying functionality as well as source data access speeds

to the current storage systems. On the other hand, the persisted dataset approach, evalu-
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ated in the case study, is limited to select curated datasets and requires additional storage
resources for storing the clean datasets. However, it does not require significant changes to
existing infrastructure, and it enables the creation of reference datasets. Finally, through
a comprehensive metadata catalog, data from both of these approaches could be indexed
and made discoverable and referenceable.

The metadata-enabled architecture (Section 3.4) was the basis of a proof-of-concept
case-study data platform. Two principal components of this architecture are identified:
a metadata catalog to index and provide a dashboard for discovering ML-ready datasets,
and a workflow orchestration platform to manage the data collection workflows. The case-
study proof-of-concept data platform based on these two components was implemented
using available cloud resources and readily-available open-source tools. The proof-of-
concept platform consisting of an InvenioRDM instance as the metadata catalog, and
an Apache Airflow instance as the workflow orchestrator, was deployed using an OKD
Kubernetes cluster (CSC Rahti), while a CEPH-based object store (CSC Allas) was used
as the data lake for storing processed datasets. Additionally, extending the chosen tools
with deeper integrations and automation of standard tasks, such as metadata collection,
significantly improved ease-of-use.

The evaluation of the proof-of-concept platform was based on a real fusion ML re-
search example [15], which was onboarded onto the platform. The end-to-end process
allowed for the identification of practical challenges such as enabling a practical develop-
ment environment, workflow testing, and the need for simplified layer for user interactions
with the infrastructure through custom tooling. Overall, the platform demonstrates that
it is possible to transform elements of existing ML workloads into reusable data-generating
workflows, and that the clean ML data from existing research can be published and cata-
loged with ease when researchers are supplied with the relevant infrastructure and tooling.

For future efforts on developing a fusion data platform, open questions such as the
feasibility of dedicated ML-data storage systems, and the pursuit for HPC-compatible
workflow orchestrators, remain to be addressed. Additional focus should also be directed
towards ensuring a user-friendly platform interface, such that domain experts do not need
to spend considerable efforts on adopting the platform. Finally, a general recommendation
can be made for introducing of a metadata catalog capable of indexing datasets across a
heterogeneous set of sources, while providing a central interface for ML data publishing

and discovery.
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