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Abstract

BACKGROUND: The upcoming Laser Interferometer Space Antenna (LISA) mission will initi-
ate a new era in gravitational wave astronomy, observing a signal-dominated regime characterized
by tens of thousands of overlapping sources. Simultaneously identifying, separating, and char-
acterizing these signals requires a complex, modular Bayesian inference pipeline known as the
Global Fit. However, traditional Markov Chain Monte Carlo (MCMC) methods in this pipeline
are heavily bottlenecked by millions of computationally expensive, physics-based likelihood eval-
uations, presenting significant performance limitations even when executed on modern supercom-
puting infrastructures like the Deucalion High-Performance Computer (HPC).

OBJECTIVE: This thesis designs and evaluates a prototype machine learning surrogate model
to accelerate these evaluations for a single Galactic Binary (GB) in a localized 2.95–3.00 mHz
frequency band.

METHODS: The core of the work involves developing a dual-branch feed-forward neural net-
work that maps physical waveform parameters and pre-processed frequency-domain data directly
to predicted log-likelihood values. To ensure the model generalizes effectively, we systematically
analyze different data generation and dataset balancing strategies. To validate performance, the
trained surrogate was integrated as a prototype into an active ensemble MCMC sampler.

RESULTS: Our results show that high structural diversity in simulated signal backgrounds is
essential to prevent the network from memorizing individual noise realizations. Standalone test-
ing demonstrates a clear computational speedup over the analytical baseline, though end-to-end
integration reveals system-level overheads typical of mixed-framework pipelines.

CONCLUSIONS: Ultimately, this prototype successfully establishes the feasibility of neural sur-
rogates for accelerating the LISA Global Fit, while defining a clear, practical path for future GPU-
bound scaling.

Keywords: MCMC • LISA • Machine Learning • Galactic Binary • Gravitational-Waves
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UN Sustainable Development Goals

Traditional Bayesian inference frameworks, such as the Markov Chain Monte Carlo (MCMC)
algorithms used for the Laser Interferometer Space Antenna (LISA) Global Fit are highly energy-
intensive, requiring millions of repetitive, expensive physics-based likelihood evaluations. This
thesis directly addresses this challenge by introducing portable, lightweight machine learning sur-
rogate models to substitute these expensive analytical calculations.

By optimizing the software architecture and leveraging GPU-accelerated frameworks, this re-
search significantly reduces the overall core-hours and energy required to process complex astro-
physical datasets. Consequently, this work directly contributes to global sustainability targets in
energy efficiency and technological innovation.

The specific Sustainable Development Goals mentioned have the following names:

SDG 9 Build resilient infrastructure, promote inclusive and sustainable industrialization and fos-
ter innovation

SDG 12 Ensure sustainable consumption and production patterns

SDG 13 Take urgent action to combat climate change and its impacts

SDG Target Contribution Performance Indicators and Metrics

9 9.5 Upgrading the technological capa-
bilities of scientific research infras-
tructures by creating a portable,
highly parallelizable, and scalable
machine learning framework.

- High scaling efficiency across diverse
HPC partitions.

12 12.2 Maximizing computational re-
source efficiency by ensuring that
expensive public supercomputing
nodes are not wasted on slow,
analytical loop evaluations.

- Reduction in CPU/GPU core-hours
spent on idle or slow processes.

13 13.3 Mitigating the carbon footprint as-
sociated with data center electricity
draw by reducing the computational
complexity and total execution time
of the Global Fit pipeline.

- Reduction in estimated carbon foot-
print (CO2 equivalent) per data analy-
sis run.
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“A man cannot step into the same river twice, because it is not the same river, and he is not the
same man.”

“Δεν μπορείς να μπεις στο ίδιο ποτάμι δύο φορές, γιατί δεν είναι το ίδιο ποτάμι και δεν είσαι ο
ίδιος άνθρωπος.“

Heraclitus
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Chapter 1

Introduction

1.1 Context

The Laser Interferometer Space Antenna (LISA) is a groundbreaking mission as the sole space-

based gravitational wave observatory. LISA will be launched in 2035 as a European Space Agency

(ESA) project. LISA will reveal a whole new window to the Universe by detecting low-frequency

Gravitational Wave (GW)s, subtle ripples in spacetime as predicted by Einstein’s general theory

of relativity. This will enable scientists to trace the growth and development of cosmic structures

over time and explore fundamental physics in unprecedented ways [11, 13]. LISA is not just one

spacecraft but a constellation of three. They will trail Earth in its orbit around the Sun, forming

an exquisitely accurate equilateral triangle in space. Each side of the triangle will be 2.5 million

km long (more than six times the Earth-Moon distance), and the spacecraft will exchange laser

beams over this distance. Every component of the project must integrate seamlessly to achieve its

ambitious goals [10].

Figure 1.1: Overview of the mission data analysis concept. Extracted from [7]
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Introduction 2

1.2 Motivation

Driving the research are two key dimensions:

Scientific Opportunity: The LISA mission will open a new window into the universe by ob-

serving low-frequency GWs, revealing mysteries of supermassive black holes, cataclysmic cosmic

events, and Galactic Binaries. Extraction of these findings is entirely dependent on being able to

decouple the coupled signals in the data, and that is what the Global Fit framework aims to do.

Technological Requirement: Global Fit today is a computationally massive method to execute

on expensive supercomputers. This is a major restraint that can delay scientific results. The work

aims to optimize this process through high-performance computing and machine learning to allow

the mission to produce timely results, and to save energy [28].

1.3 Problem

Gap in Engineering: The prototype lacks the robust engineering that will support production de-

ployment. Given the lack of documentation, standardized interfaces, and fault tolerance, it cannot

be safely incorporated into the distributed data processing system. The project integrates European

Cooperation for Space Standardisation (ECSS)[12] and ESA coding standards in the prototype de-

velopment.

• Performance Limitations: The current implementation exhibits significant performance

constraints, characterized by excessive execution times and high memory consumption.

These limitations render the software computationally prohibitive and incompatible with

the operational throughput required for the mission.

• Issues in Integration with High-Performance Computer (HPC): The system is not tuned

to performance for the Deucalion supercomputer environment. Scheduling jobs, parallel

processing, and data administration problems reduce operational efficiency.

• Algorithmic Bottlenecks: Traditional log-likelihood computation methods are computa-

tionally expensive, creating a major bottleneck in the analysis pipeline for data.

• Markov Chain Monte Carlo (MCMC): Traditional MCMC algorithms take a majority of

the execution time to converge to the true parameters.

1.4 Research questions

• Optimization of Bottlenecks: Which components of the pipeline have higher priority for

optimization, and evaluating the feasibility of their optimization.

• Computational Performance Characterization: What are the results of computational

bottlenecks in the current Global Fit implementation when executed on realistic LISA data
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simulations, and how do they change with increasing source complexity and observation

time?

• Machine Learning Acceleration: To what extent can machine learning models (Multi-

Layer Perceptron (MLP), Convolutional Neural Network (CNN)), numerically approximate

the log-likelihood function in the Global Fit setting, and what potential acceleration of the

overall MCMC computation results in the required scientific accuracy?

• Optimization Validation: How does the computational efficiency and scientific accuracy

of the optimized Global Fit framework compare to the original prototype when applied to

benchmark data sets with known source parameters?

1.5 Contributions

The primary goal of this dissertation is to design, develop, and evaluate a portable machine learn-

ing surrogate to accelerate likelihood evaluations in the LISA Global Fit pipeline. To this end, the

main contributions of this work are:

• High-Diversity Dataset Generation: The development and execution of an automated data

generation pipeline on the Deucalion HPC cluster, resulting in a novel dataset of 200,000

samples configured with various signal-to-parameter ratios to study the effects of signal

diversity on surrogate generalization.

• Dual-Branch Neural Surrogate Architecture: The design and implementation of a cus-

tom dual-branch feed-forward neural network that successfully fuses low-dimensional phys-

ical wave parameters with high-dimensional frequency-domain instrument representations.

• Target-Based Resampling Analysis: A systematic evaluation of data-balancing and resam-

pling techniques (downsampling, oversampling, and stratified binning) to manage highly

skewed log-likelihood spaces near the noise floor.

1.6 Structure of the Document

The remainder of this dissertation is organized as follows:

• Chapter 1 (this chapter) provides the context, motivation, engineering gaps, and research

questions guiding the thesis.

• Chapter 2 (Background) reviews the fundamental concepts of Bayesian inference, MCMC

methods, gravitational-wave source types, and deep learning techniques relevant to the sur-

rogate model.
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• Chapter 3 (State of the Art) examines related work in machine learning acceleration for

gravitational-wave data analysis, focusing on neural surrogates, autoencoders, Normalizing

Flows and HPC execution environments.

• Chapter 4 (Methodology) details the design of the dual-branch neural network, the dataset

creation pipeline on the Deucalion HPC, feature extraction steps, and the target-based re-

sampling strategies.

• Chapter 5 (Results and Discussion) evaluates the surrogate model’s approximation accu-

racy, analyzes dataset diversity and hyperparameter configurations, and discusses the per-

formance speedups and integration on the pipeline.

• Chapter 6 (Conclusions and Future Work) summarizes the key findings, identifies the

primary computational constraints discovered, and outlines future pathways for Graphics

Processing Unit (GPU)-bound optimization.



Chapter 2

Background

2.1 Machine Learning

2.1.1 Conditional Normalizing Flows

A Normalizing Flow transforms a simple base distribution (e.g., a standard Gaussian) into a com-

plex target density through a series of invertible, differentiable mappings. A conditional flow

extends this by making the transformations depend on a conditioning variable, like the parameters

θ of a Galactic Binary (GB) and the Fast Fourier Transform (FFT) of the GW. Thus, a Conditional

Normalizing Flow defines a parametric family qφ (x | θ) that can be trained to approximate the true

log-likelihood p(x | θ). Once trained, evaluating the log-likelihood for any (x,θ) pair is fast and

differentiable.

2.1.2 Autoencoder Architectures

• The Encoder (Eψ ): A deep neural network that projects the high-dimensional input data

x (e.g., the concatenated A and E Time-Delay Interferometry (TDI) channels or an FFT)

into a lower-dimensional latent space vector z = Eψ(x). For example, an input dimension of

14,400 can be compressed to a latent vector of size 128.

• The Decoder (Dξ ): A symmetric network that attempts to reconstruct the original input

from the latent vector, producing an output y = Dξ (z).

2.1.3 Model Evaluation Functions

Loss functions quantify the discrepancy between the true physical log-likelihoods and the surro-

gate model predictions.

2.1.3.1 Mean Squared Error (MSE)

Mean Squared Error (MSE) measures the average squared difference between the predicted values

and the actual values. It is highly sensitive to outliers:

5
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MSE =
1
n

n

∑
i=1

(yi − ŷi)
2 (2.1)

where:

• yi is the actual physical log-likelihood for the i-th observation,

• ŷi is the predicted log-likelihood generated by the surrogate model for the i-th observation,

• n is the total number of observations

2.1.3.2 Mean Absolute Error (MAE)

Mean Absolute Error (MAE) measures the average difference between the predicted values and

the actual values. It is more robust dealing with outliers than MSE:

MAE =
1
n

n

∑
i=1

|yi − ŷi| (2.2)

2.1.3.3 Coefficient of Determination (R2)

The Coefficient of Determination, denoted as R2, measures the proportion of variance in the target

variable that is predictable from the surrogate model’s predictions. Unlike absolute error metrics

like MSE or MAE, R2 is a dimensionless, relative metric that evaluates the model’s performance

against a simple baseline that constantly predicts the mean of the actual values:

R2 = 1− ∑
n
i=1(yi − ŷi)

2

∑
n
i=1(yi − ȳ)2 (2.3)

where:

• ȳ is the mean of the actual physical log-likelihoods.

An R2 value of 1.0 indicates that the model perfectly predicts the actual values, whereas a

value of 0.0 indicates that the model’s predictions are no better than simply guessing the mean (ȳ).

Negative R2 values are also possible, indicating that the surrogate model performs worse than this

simple baseline mean.

2.2 The Frequency Domain and the Fast Fourier Transform

While a time-domain representation tracks how a signal’s amplitude changes over time, a frequency-

domain representation decomposes that same signal into its individual spectral components [29].

This shift in perspective reveals which frequencies are present in the signal and at what strengths.
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Mathematically, a discrete time-domain signal x[n] of length N is mapped to the frequency

domain using the Discrete Fourier Transform (DFT):

X [k] =
N−1

∑
n=0

x[n]e−i 2π

N nk (2.4)

Evaluating this equation directly is computationally demanding, requiring O(N2) arithmetic op-

erations. The FFT is simply a highly efficient algorithm designed to compute the exact same

DFT, reducing the computational complexity to O(N logN). This logarithmic scaling makes high-

throughput spectral analysis practical for modern data processing pipelines.

2.3 Gravitational Wave Source Types

The modular global-fit pipeline handles two main source populations [10]:

• Galactic Binaries (GBs): Millions of compact binaries in the Milky Way. Their signals

are quasi-monochromatic (nearly constant frequency) and persist for the entire mission.

They are analysed exclusively in the frequency domain, where each source appears as a

narrow peak, each GB is described by eight parameters as seen in Table 4.1. Most GBs are

unresolved and form a stochastic foreground.

• Massive Black Hole Binaries (MBHBs): Merging supermassive black hole systems. Their

signals are transient (hours to weeks) and broadband. Detection uses frequency-domain

methods, but parameter estimation is performed in the time domain using heterodyning.

Massive Black Hole Binary (MBHB)s are the loudest sources and are subtracted early to

avoid contaminating the analysis of fainter signals, each MBHB is described with eleven

parameters [21].

2.4 LISA Data Challenges and the "Sangria" Dataset

To facilitate the development, benchmarking, and collaborative validation of data analysis pipelines,

the LISA Consortium’s LISA Data Challenge working group organizes standardized mock data

challenges [3]. These challenges provide simulated time-series and frequency-domain datasets

of increasing complexity, integrating realistic instrumental noise with overlapping signals from

various astrophysical populations.

The second major iteration of these challenges, codenamed LISA Data Challenge "Sangria", is

specifically designed to simulate a "mild source confusion" regime [3]. The Sangria dataset com-

prises Gaussian instrumental noise superimposed with simulated waveforms from over 30 million

Galactic white dwarf binaries (GBs), verification binaries, and several loud merging MBHBs [3].

Because LISA Data Challenge Sangria represents the consensus baseline for evaluating the

modular Global Fit pipeline, the data generation pipeline designed in this thesis (Section 4.3.2) is
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intentionally configured to mimic the exact signal mixing, TDI specifications, and noise charac-

teristics of the Sangria dataset.

2.5 Computational Infrastructure: Deucalion HPC

The computational experiments in this work are conducted on Deucalion, a petascale supercom-

puter hosted at the Minho Advanced Computing Center in Portugal. As part of the EuroHPC

Joint Undertaking, Deucalion provides a theoretical peak performance of 10 PetaFLOPS through

a unique heterogeneous architecture that integrates ARM, x86, and GPU-accelerated technologies.

2.5.1 Compute Node Architectures

Deucalion is organized into three distinct partitions designed to accommodate diverse computa-

tional requirements:

• ARM Partition: The primary component consists of 1,632 nodes equipped with Fujitsu

A64FX 48-core processors. These nodes utilize 32 GB of High Bandwidth Memory (HBM2)

and are optimized for energy-efficient, vector-parallel workloads, similar to the architecture

used in the Fugaku supercomputer.

• x86 Partition: For general-purpose high-throughput computing, the system offers 500

nodes, each featuring dual AMD EPYC 7742 64-core processors (128 cores per node)

and 256 GB of RAM, providing a robust environment for standard Central Processing

Unit (CPU)-bound simulations.

• Accelerated GPU Partition: This partition comprises 33 nodes designed for Artificial In-

telligence and massively parallel tasks. Each node is equipped with two AMD EPYC 7742

CPUs and four NVIDIA A100 Tensor Core GPUs (interconnected via NVLink), providing

high-density floating-point performance and accelerated memory throughput.

2.5.2 Workload Management

Resource allocation and job execution are managed via the Slurm (Simple Linux Utility for Re-

source Management) workload manager. Slurm ensures efficient distribution of tasks across the

heterogeneous partitions, allowing for precise control over CPU affinity, GPU allocation, and

multi-node communication over the high-speed InfiniBand HDR network. This environment pro-

vides the scalability required for the intensive machine learning models and to run the Global Fit

pipeline in this study.



Chapter 3

State of the Art

3.1 Literature Review

This literature review adopts a semi-systematic approach, balancing methodological rigor with

the flexibility required for emerging, interdisciplinary fields like AI-driven code optimization for

HPC.

Beginning with exploratory seed papers and broad queries, the search was progressively re-

fined through structured database queries, specific eligibility criteria, and AI-assisted retrieval

tools. This process successfully identified a diverse range of literature, spanning specialized opti-

mizations from CNNs and gravitational wave detection to broader HPC code improvements.

3.1.1 Initial Research Methodology

The review process was iterative, combining supervised seed guidance, search engine queries, and

reference-based expansion, it included both manual screening and AI-assisted querying (Gemini

Deep Research), the queries were refined over time based on the findings in early-stage papers.

The final set of papers reflects the diversity in model architecture, bias source, and methodological

contribution.

Filters were applied later on to decrease the amount of results and to increase the quality of

the results, publication date, and Web of Science.

3.1.2 Search Strategy

Initial seed papers were recommended by the dissertation supervisor and reviewed in depth after

consulting the references of those papers. After those steps, 10 important papers were found.

General search queries were run on IEEE Xplore, web of science and ACM Digital Library

sorted by Relevance.

9
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3.1.3 Results of the queries with filters applied

Each database has its own filters, which can help greatly in reducing irrelevant results without

losing the relevant results. The following filters were used in the search engines:

• IEEE Xplore There were not many results from this database, so we will not apply filters.

• Web of Science The search target was changed for Title, abstract, keyword plus, and author

keywords. For the first query, a temporal filter was added to show articles from 2021 and

newer for the first query, on the third query, a temporal filter of 2016 and newer was used.

• ACM Digital Library A temporal filter was added for the first query to show articles newer

than 2021.

Table 3.1: Number of Results per query, without website filters

IEEE Xplore ACM Digital Library Web of Science Total
Number of Papers 4 30 98 132

3.1.3.1 Screening and Selection Criteria

Following the collection of 132 records from the databases, a two-stage screening process, mod-

elled on the PRISMA guidelines, was applied to identify relevant, high-quality studies. By adding

the 10 recommended papers and books and by removing 4 duplicates papers using EndNote’s au-

tomated feature, 138 unique articles are left. Subsequent filters were then applied to further refine

the dataset, as detailed below:

• Title and Abstract Screening: The titles of the remaining 138 articles were screened for

relevance. This led to the exclusion of 72 articles, resulting in 66 for the next stage.

• Full-Text Availability: We then confirmed that the full text was accessible for all articles.

As all were available, no papers were excluded at this stage.

The remaining parts of the selection, involve reviewing the initial image, abstract, introduction,

along with the Content Assessment and Analysis and State of the Art chapters. The entire process

that resulted in these final eligible articles can be seen in Figure 3.1.
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Figure 3.1: Flow chart showcasing the Literature review process
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3.2 The Classical LISA Global Fit Framework (Analytical Baseline)

The data analysis requirements for the LISA mission present a unique computational challenge.

Unlike ground-based detectors, the data stream is signal-dominated, containing thousands of over-

lapping signals from different astrophysical populations (e.g., GB, MBHB) and non-stationary in-

strument noise [22]. Consequently, the state of the art in data processing has shifted from isolated

signal extraction to complex, hierarchical Bayesian inference pipelines that require significant

HPC resources.

3.2.1 Global Fit Pipeline Architecture

One of the current architectural standards for analysing data is the Global Fit Wheel, implemented

in pipelines such as Erebor. This architecture employs a Blocked Gibbs Sampling approach, where

the global parameter space is partitioned into blocks corresponding to specific source types (e.g.,

GB, MBHB, Noise). These blocks update iteratively, exchanging data residuals to condition the

inference of other blocks [10].

From a software engineering perspective, this modularity is critical for resource management.

It allows different hardware backends to be targeted for different source types; for instance, GB

blocks, which involve analysing thousands of sources simultaneously, benefit significantly from

massive parallelization on GPUs [22].

The analysis of LISA data represents a signal-processing challenge of unprecedented scale.

Unlike ground-based detectors, LISA’s data stream is signal-dominated, containing tens of thou-

sands of overlapping GW sources. The "Global Fit" is the process of simultaneously identifying,

separating, and characterizing every resolvable source in the data. The current architectural stan-

dard for this task is a modular, iterative framework often implemented as the "Global Fit Wheel".

3.2.1.1 Iterative Strategy: The "Wheel of Fortune"

Because the total number of sources is unknown and signals are deeply covariant, the pipeline

employs a cyclic, iterative strategy known as the Wheel of Fortune mechanism [22]. The functional

workflow of this architecture is illustrated in Figure 3.2 that contain the main components:

1. Kick-off Phase: As seen at the top of Figure 3.2, the process begins by ingesting raw

TDI data to perform preliminary detections. High-Signal-to-Noise Ratio (SNR) candi-

dates, primarily MBHBs and bright Verification Binaries, are identified using maximum-

log-likelihood searches. These preliminary reconstructions serve as the starting point for

the Global Fit.

2. Parallel Source Blocks: Within the main Iteration cycle (pink box), the pipeline spawns

dedicated modules for different source classes. The MBHB Block (green) and GB Block
(blue) operate in parallel to perform Bayesian inference. These blocks do not act on the raw

data directly but on residuals, effectively exchanging data so that each block sees the TDI

stream minus the current best-fit templates from all other known sources.
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3. Live Catalogues: Each source block maintains a Live Catalogue (yellow stacks). These are

dynamic data structures that store the current best-fit parameters for every identified binary.

As the MCMC samplers in the blocks progress, they continuously update these catalogues

to refine the global solution.

4. Noise Characterization and Feedback: The residuals from the updated source catalogues

are fed into the Noise Block. This module characterizes the Noise Model, accounting for

both instrumental effects and the unresolvable Galactic foreground. As indicated by the

circular arrow in Figure 3.2, this updated noise model is then fed back into the source blocks,

allowing for a more accurate likelihood evaluation in the subsequent iteration.

Figure 3.2: Architecture of the modular global-fit pipeline [10].

3.2.2 Bayesian Inference and Sampling Algorithms, MCMC Methods

The core computational engine of the Global Fit is MCMC sampling. A simple MCMC algorithm,

such as the Metropolis-Hastings sampler, generates samples from a target probability distribution

p(θ | d) by constructing a Markov chain.
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Starting from an initial parameter vector θ0, the algorithm proposes a new state θ ∗ from a

proposal distribution q(θ ∗ | θi). The proposed state is accepted with probability

α = min
(

1,
p(θ ∗ | d)q(θi | θ ∗)

p(θi | d)q(θ ∗ | θi)

)
.

If accepted, the chain moves to θ ∗; otherwise it remains at θi as is represented in Figure 3.3. Under

mild conditions, this procedure guarantees that the chain’s stationary distribution is the target

posterior. In practice, an initial burn-in period is discarded to reduce sensitivity to the starting

point, and the remaining samples are used to approximate posterior expectations. However, when

the posterior contains multiple well-separated modes or strong parameter degeneracies, a single

Metropolis-Hastings chain can become trapped, leading to extremely long autocorrelation times

and unreliable estimates.

Figure 3.3: Illustration of a MCMC walker [18]

3.2.2.1 The Two phases of MCMC Burn-in and the Stationary phases

Distinguishing the difference between the transient burn-in phase and the stationary phase is

crucial to ensure that the MCMC posterior distribution is unbiased, the MCMC chains are highly

influenced by the starting point of the chains rather than the distribution, to mitigate the influence

of the starting point on the result, the job of the burn-in is to take out the bias from the starting

point of the chain [15]. The chain runs until the burn-in phase is complete, after which it discards

the initial biased samples and begins building the posterior afresh.

3.2.2.2 Parallel Tempering

To prevent chains from becoming trapped in local optima, Parallel Tempering (PT) is employed.

This involves running multiple chains at different temperatures to smooth the likelihood surface,

allowing high-temperature chains to explore the global space while low-temperature chains refine

local fits [1, 25]. However, standard PT can suffer from diffusive behaviour where chains linger

at specific temperature levels. Recent advancements suggest the use of Non-Reversible Parallel
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Tempering (NRPT), which enforces a deterministic flow of chains between temperatures, thereby

increasing the round trip rate and improving convergence efficiency by orders of magnitude com-

pared to reversible methods [39].

3.2.2.3 Ensemble Sampling

State-of-the-art pipelines, such as those utilizing the Eryn software package, utilize Ensemble

MCMC methods [25]. By maintaining a population of “walkers” rather than a single chain, the

sampler can leverage the internal structure of the ensemble to generate affine-invariant propos-

als. This approach is particularly advantageous for HPC implementations because the likelihood

evaluations for the multiple walkers in the ensemble can be vectorized and executed in parallel on

GPUs, significantly increasing computational throughput [20, 21].

3.2.2.4 Reversible Jump Markov Chain Monte Carlo

MCMC methods assume a fixed number of parameters. For LISA GBs, this would require know-

ing the exact number of resolvable sources a priori, which is not possible. Reversible Jump

MCMC (RJ-MCMC) extends the classical algorithm to sample from parameter spaces of vary-

ing dimensionality [14].

In RJ-MCMC, the chain can propose jumps that increase or decrease the dimension of the state

vector. For GBs, this corresponds to adding a new source (with its eight parameters) or removing

an existing source. The acceptance ratio is modified to include a Jacobian term that accounts for

the change in volume between spaces of different dimensions, ensuring detailed balance [14].

The sampler uses three types of proposals:

• Update: This is the standard Metropolis-Hastings move. The number of sources k stays the

same; the chain proposes a new parameter vector for one existing source (e.g., perturbing

its frequency or amplitude of the GBs). The dimensionality is unchanged.

• Birth: The chain proposes to increase k by one. It generates a new set of parameters for an

additional source and appends them to the current state. The reverse move is a death. The

acceptance ratio includes a Jacobian term and the probability of the reverse death move.

• Death: The chain proposes to decrease k by one. It selects one of the current sources at

random and removes its parameters. This allows the sampler to discard sources.

The chain cycles through these moves, allowing it to automatically determine the most plausible

number of sources while simultaneously estimating their parameters.

3.3 Deep Learning in Gravitational Waves

To address the limitations of traditional MCMC, deep learning techniques are increasingly inte-

grated into gravitational wave analysis to serve as fast approximations or feature extractors.
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3.3.1 Neural Surrogate Modeling

Applying Neural Surrogate Modeling involves replacing the expensive mathematical likelihood

calculation with a neural network approximation during the initial burn-in or search phases [6,

25].

3.3.2 Normalizing Flows

A Normalizing Flow is a sequence of invertible neural layers that maps a simple base distribu-

tion (e.g., a Gaussian) to a complex target distribution, enabling efficient density estimation and

sampling [24]. In the LISA Global Fit, flows can be used to accelerate Bayesian inference by pro-

viding better proposal distributions or approximate posteriors. Their application differs between

GB and MBHBs only in the input representation: GBs operate on frequency-domain data (narrow

spectral peaks), while MBHBs require time-series processing, often preceded by a 1D-CNN or

autoencoder for dimensionality reduction [26]. The flow architecture itself remains generic, but

the front-end feature extractor must be tailored to each data domain.

3.3.3 Preprocessing of the Frequency-Domain Data

When processing a discrete, real-valued time-series signal x[n] of length N using the FFT, the

output is a sequence of complex coefficients X [k] = Xre[k] + iXim[k]. Rather than feeding the

FFT Cartesian complex numbers directly into a neural network, we extract magnitude and phase

features as described below.

3.3.3.1 The Srinivasan et al. Compression Scheme

To reduce the dimensionality of the LISA frequency series (∼ 6×106 complex points), Srinivasan

et al. [37] first retained the log-absolute value and the real part of each complex data point, and

then subsequently rebinned the series by averaging over 10 consecutive frequencies, followed by

subdivision into 1024 logarithmically spaced bins. Within each bin, they performed a linear fit of

the values as a function of frequency, storing the slope and intercept. The standard deviation of the

residuals captured the bin’s dispersion, while the L2 norm of outliers (residuals > 3σ ) quantified

the contribution of loud, resolvable sources. This yielded four features per bin per component

(log10 |D| and ℜ(D)), compressing the original data by a factor of ∼ 1.5× 103 into an 8× 1024

summary.

3.3.3.2 Magnitude and Phase Extraction

To facilitate stable neural network training, the Cartesian complex coefficients representing the

FFT of the input data—are transformed into polar coordinates (magnitude and phase):

A[k] =
√

Xre[k]2 +Xim[k]2, φ [k] = atan2
(
Xim[k],Xre[k]

)
.
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While this coordinate transformation preserves the number of parameters per frequency bin (re-

taining two real values). This change of representation does not compress the data, but it signifi-

cantly improves gradient flow and model convergence, as demonstrated in [45].

3.3.4 Compression of the Frequency-Domain Data

While Normalizing Flows provide a framework for bypassing expensive analytic likelihoods, they

struggle when applied directly to high-dimensional raw data. The TDI channels (A, E, and T) used

in LISA data analysis are time-series containing thousands of data points [26]. Training density

estimators directly on such high-dimensional vectors is computationally infeasible and prone to

overfitting. To mitigate the curse of dimensionality, feature extractors are employed to compress

raw data into low-dimensional summary statistics.

3.3.4.1 1D-CNNs

Unlike the 2D CNNs typically used in computer vision for image classification, such as the archi-

tectures presented in [16] and [35], gravitational wave analysis requires the processing of sequen-

tial time-series or FFT data. Consequently, 1D-CNNs are used.

A 1D-CNN applies a set of learnable filters (kernels) that slide across the temporal dimension

of the input strain data. This operation allows the network to detect local features such as merger

peaks (MBHB), or ringdown oscillations (GB) regardless of their position in the time series [26].

However, standard 1D-CNNs face fundamental limitations when applied to LISA data anal-

ysis. First, their receptive field is inherently local, each convolutional layer only captures infor-

mation within a fixed window size, requiring many stacked layers to model long-range temporal

dependencies. For LISA’s months-long observations containing thousands of overlapping GB

signals, these long-range correlations are precisely what encode the frequency evolution ( ḟ ) and

phase relationships that distinguish individual sources. Second, CNNs lack an explicit mecha-

nism for learning which parts of the input are most relevant for a given prediction task. The same

learned filters are applied uniformly across the entire time series. This brittleness is particularly

problematic for LISA, where the final detector configuration, noise characteristics, and waveform

models continue to evolve during the mission’s development.

3.3.4.2 Autoencoder Architectures: From 1D-CNNs to GraviBERT

Within LISA Global Fit pipelines, CNNs are often used inside an autoencoder framework for

non-linear dimensionality reduction. The encoder compresses the input (e.g. TDI channels) into

a latent vector, and the decoder reconstructs the original signal. A denoising variant forces the

network to learn noise-invariant features [26].

GraviBERT [4] improves upon plain 1D-CNN autoencoders by combining a multi-scale CNN

feature extractor with a Transformer encoder and a BERT-style self-supervised pretraining phase.

The CNN captures local patterns at different time scales, while the Transformer’s self-attention
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models long-range dependencies across the entire sequence. Pretraining on a masked reconstruc-

tion task learns general-purpose GW representations without labels.

GraviBERT is particularly well-suited for the LISA Global Fit pipeline. Its self-attention

mechanism captures long-range temporal dependencies across months-long observations, which

is essential for accurately estimating parameters such as the frequency derivative ḟ . The pretrained

representations enable efficient transfer learning: models adapted to new detector noise profiles

or waveform approximants require minimal fine-tuning, reducing retraining overhead as mission

specifications evolve. Moreover, LISA will observe GWs across a wide frequency range; the self-

supervised pretraining phase allows the model to learn general frequency-domain features from

unlabeled data, significantly reducing the amount of labeled training data required for downstream

inference tasks. The masked pretraining objective also helps separate coherent gravitational wave

signals from the confusion noise that dominates LISA’s data stream. Finally, GraviBERT operates

directly on raw time-domain TDI channels, preserving phase information that frequency-domain

methods often discard. Additionally, Monte Carlo Dropout, a technique that keeps dropout active

during inference and performs multiple stochastic forward passes through the network, each with

different randomly dropped neurons, can be applied to quantify predictive uncertainty, providing

a measure of confidence [4]. With the given drawbacks of GraviBERT for LISA:

• Computational cost of training: While inference is fast, the self-supervised pretraining

phase requires large amounts of unlabeled data and significant GPU resources (e.g., multiple

days on high-end GPUs), which may be expensive or time-consuming before deployment.

• Memory footprint: Transformers have high memory requirements due to the self-attention

mechanism, which scales quadratically with sequence length. LISA’s long-duration time-

series may require sequence truncation or efficient attention variants, potentially losing some

long-range information.

• Black-box nature and interpretability: As a deep learning model, GraviBERT offers little

insight into why it makes certain predictions. In a high-stakes scientific mission like LISA,

this lack of interpretability may hinder validation and trust from the astrophysics commu-

nity.

• Risk of bias or systematic error: If the training data does not fully cover the true parameter

space or waveform variations, the model may introduce biases that propagate through the

Global Fit, potentially affecting scientific conclusions.

• Generalization to unseen source populations: The model is trained on simulated wave-

forms with specific priors. If the true LISA data contains unexpected source types or noise

artifacts, the pretrained model may fail gracefully, requiring fallback mechanisms.

• Overhead of uncertainty calibration: While MC Dropout (different from MCMC) pro-

vides uncertainty estimates, these need to be properly calibrated, otherwise, the model may

be overconfident or underconfident, undermining hybrid surrogate-MCMC schemes.
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Consequently, GraviBERT offers a transferable and computationally efficient foundation for

accelerating the Global Fit pipeline, and its integration represents a promising direction for future

work.

3.3.4.3 Denoising Autoencoders

A significant engineering challenge in GW detection is distinguishing weak signals from instru-

mental noise. Standard autoencoders may learn to reconstruct the noise profiles rather than the

underlying physical signal. To address this, Denoising Autoencoders are employed [26].

In this approach, the network is trained on pairs of data where the input x̃ is a noisy waveform

(Signal + Noise), but the reconstruction target is the clean, noise-free waveform. This forces the

encoder Eψ to learn robust, noise-invariant features of the gravitational wave signal, effectively

acting as a learned non-linear filter [26].

3.4 Optimizing Bayesian Inference via Deep Learning

The primary computational bottleneck in Bayesian inference for gravitational wave detection is

the MCMC burn-in phase. During this stage, the sampler performs a computationally expensive

random walk through low-likelihood parameter spaces before converging on the high-likelihood

mode. To mitigate this, contemporary research focuses on replacing physical likelihood evalua-

tions with Machine Learning (ML) approximations and utilizing deep learning to provide informed

initializations [8, 19].

3.4.1 Surrogate-Assisted Burn-in with MLPs

A direct engineering optimization involves the deployment of Surrogate Models to intercept calls

to expensive physics-based waveform generators and use a machine learning model such as MLPs

as lightweight proxies for the likelihood function L(θ).

Experimental results depicted in [25] using LISA-like datasets have demonstrated that using

an MLP surrogate low-likelihood as a substitute of the full physics computation proposals can

yield up to a 2.92× speedup in total convergence time by short-circuiting the "Brute Force" search

state.

In another architecture [6], the ML model is implemented and trained "online" using a manager-

worker pattern. As parallel MCMC replicas explore the parameter space, the manager collects

(θ ,L) pairs to retrain a global surrogate model at fixed intervals. To ensure robustness against the

sparse data typical of early-stage sampling, architectures often employ high dropout rates (e.g.,

0.4) to prevent overfitting.

3.4.2 Search-to-Proposal via Dimensionality Reduction

Raw LISA data, which may exceed 14,000 dimensions for the MBHB, is unsuitable for direct

MLP processing [26]. State-of-the-art pipelines utilize Denoising Autoencoders to compress this
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data into a compact latent representation z. By coupling this latent vector with a Normalizing Flow,

such as a Masked Autoregressive Flow (MAF), the system can generate a rough approximation

of the posterior p(θ |z). Sampling from this neural posterior provides the MCMC walkers with

starting coordinates already situated within the high-likelihood region, effectively reducing the

required burn-in length to nearly zero [26].

3.4.3 Algorithmic Tuning and Reasoning via LLMs

While traditional ML models handle the numerical heavy lifting, Large Language Model (LLM)s

are emerging as "Reasoning Agents" for algorithmic design and meta-parameter tuning. Recent

frameworks, such as Evo-MCTS, utilize LLMs to act as mutation operators within an evolutionary

search tree, automatically discovering and optimizing signal processing code [42].

In the context of MCMC optimization, LLMs can be employed to dynamically tune the Tem-

perature Ladder in Parallel Tempering schemes. By analyzing swap acceptance rates between

chains in real-time, an LLM-based agent can rewrite the temperature schedule or propose new

proposal distribution widths, automating the heuristic tuning processes that previously required

significant human expertise [42].

3.4.4 Sequential Neural Likelihood (SNL)

Sequential Neural Likelihood [26] is a method for learning a surrogate model of an intractable

likelihood function p(x | θ) when only simulations from the model are possible. Unlike a standard

regression network that directly outputs log p(xo | θ) for a single observed dataset xo, Sequential

Neural Likelihood learns a conditional density estimator that can approximate the likelihood for

any x. This is achieved using a Conditional Normalizing Flow.

3.4.5 Amortized Population Inference via Simulation-Based Inference (SBI)

A recent and significant paradigm shift in gravitational wave data analysis is the move toward

Simulation-Based Inference, also referred to as likelihood-free inference. While the traditional

LISA Global Fit is designed for source-level characterization, it faces extreme scaling challenges

when applied to population-level studies. Srinivasan et al. [37] proposed a method to bypass

the Global Fit entirely, inferring astrophysical population parameters directly from the frequency-

domain strain data. While completely bypassing the Global Fit using amortized population infer-

ence simplifies the data pipeline, it requires significantly larger training sets to resolve degenera-

cies.

3.4.5.1 Amortization and Computational Efficiency

The primary engineering advantage of the Simulation-Based Inference approach is its amortized

nature. In traditional MCMC approaches, the computational cost is incurred during the inference
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phase for every new dataset. In contrast, Simulation-Based Inference shifts the burden to a one-

time training phase. Once the neural network (typically a Normalizing Flow) is trained on a

large suite of simulations, the inference on real LISA data can be performed in seconds. This

is particularly relevant for the operational requirements of the mission, where rapid updates to

astrophysical models may be required as data accumulates. However, this architecture suffers

from high training data requirements and substantial GPU computational overhead during the

training phase.

3.4.5.2 HPC-Accelerated Forward Modeling

The scalability of Simulation-Based Inference is tied directly to the performance of the forward

simulator. Srinivasan et al. [37] demonstrated a GPU-accelerated implementation using CuPy

and Numba (JIT compilation), achieving a three-order-of-magnitude speedup over previous CPU-

based population synthesis codes. For an engineer, this highlights a critical design pattern [9, 37]:

by optimizing the forward pass to run in under a minute for millions of GB sources, it becomes

feasible to generate the millions of realizations required to train deep density estimators. This

aligns with the objectives of this thesis regarding the utilization of the Deucalion HPC environment

for high-throughput astrophysical simulations.

3.5 Hardware Acceleration and Profiling Tools

Deploying machine learning models and data pipelines requires fast hardware and careful perfor-

mance tracking. This section covers current methods for accelerating calculations using GPUs and

managing data movement between processors. It also introduces the standard performance metrics

and profiling tools used to find and fix speed bottlenecks in supercomputing environments.

3.5.1 Heterogeneous Architectures (CPU-GPU Scheduling)

The computational cost of waveform generation, particularly for the thousands of GBs, has neces-

sitated a transition from CPU-centric to GPU-accelerated architectures.

3.5.1.1 GPU Kernel Optimization

Modern pipelines leverage GPUs to perform massive batches of likelihood calculations. For ex-

ample, the gbgpu package allows for the parallel computation of GB waveforms, achieving signif-

icant speedups over CPU implementations [25]. However, maximizing GPU utilization requires

minimizing non-computation overheads, such as kernel launching and memory transfers. Tech-

niques such as “monolithic” kernel fusion have been proposed to merge multiple operations (e.g.,

neural network layers or mathematical operations) into single kernels, reducing context switching

and optimizing on-chip resource usage [46]. Furthermore, automated tuning of kernel parameters

(e.g., block sizes and tiling) via algorithms like dual annealing is essential to adapt code to specific

hardware architectures (e.g., NVIDIA A100 vs. consumer cards) [33].
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3.5.1.2 Memory and Scheduling

Efficiently managing data movement between host CPU and device GPU is critical. Architec-

tures such as FusionFlow demonstrate that decoupling data preprocessing from model training

and utilizing idle CPU cycles for data preparation can prevent GPU starvation [23]. In the context

of LISA, memory management strategies involve storing pre-computed waveform components in

GPU buffers to avoid redundant calculations, necessitating careful management of Video Ran-

dom Access Memory (VRAM) to prevent overflows during transdimensional (Reversible Jump)

updates [22].

3.5.2 Benchmarking Metrics and Profiling Tools

To rigorously evaluate the computational efficiency of the pipeline, it is essential to define stan-

dardized performance metrics and utilize specialized profiling tools that can identify bottlenecks

across heterogeneous (CPU and GPU) hardware.

3.5.2.1 Performance Metrics

The evaluation of HPC and deep learning applications relies on several key metrics to quantify

efficiency and scalability:

• Speedup and Scalability: Speedup measures the ratio of execution time between a baseline

(often a single CPU core or serial implementation) and the accelerated parallel implementa-

tion [17]. Strong scaling evaluates performance as the number of processors increases while

the total problem size remains fixed, whereas weak scaling measures performance as the

problem size increases proportionally with the number of processors [41].

• Throughput and Latency: For inference and data processing tasks, throughput (measured

in samples per second or TFLOPS) indicates the rate at which data is processed [2]. Latency

measures the time required to process a single unit of data [43], which is critical for real-

time applications. Tail latency (e.g., P90, P95) is often analyzed to understand performance

variability under load [46].

• Hardware Utilization: This metric, often expressed as a percentage, indicates how ef-

fectively the compute resources (e.g., CUDA cores or Tensor Cores) are occupied. Low

utilization (e.g., < 50%) often signals bottlenecks in memory bandwidth or data loading

rather than compute capacity [2]. Occupancy specifically refers to the ratio of active warps

on a GPU relative to the maximum number of warps supported, serving as a key indicator

of latency hiding capability [40].

3.5.2.2 Profiling and Tuning Tools

Identifying specific computational bottlenecks requires advanced profiling tools that can visualize

the execution timeline and memory hierarchy usage.
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• Intel Profiling Tools: For CPU-bound operations, Intel Advisor is a primary tool used

to perform Roofline analysis, which visualizes the trade-off between floating-point perfor-

mance and memory bandwidth. It helps determine if a kernel is compute-bound or memory-

bound on CPU architectures. Additionally, Intel Parallel Studio provides a suite of tools for

analyzing threading design and vectorization efficiency on Intel Xeon processors [38].

• NVIDIA Nsight Systems (nsys): This is a system-wide profiling tool used to visualize the

timeline of CPU-GPU interactions. It is essential for identifying non-computation over-

heads, such as kernel launch latencies, API calls, and memory transfers (H2D/D2H) that

cause GPU idle time. It is also used to capture peak memory footprints during execution [2,

44].

• NVIDIA Nsight Compute (ncu): For granular kernel analysis, ncu provides detailed met-

rics on GPU instruction execution. It is used to generate Roofline models for GPU kernels,

calculating arithmetic intensity (Floating-Point Operations/byte) to pinpoint whether spe-

cific CUDA kernels are limited by Dynamic Random Access Memory (DRAM) bandwidth

or compute capability.

• TensorBoard: TensorBoard is used to monitor training dynamics, visualize computational

graphs, and track loss metrics over time, often in conjunction with TensorFlow or PyTorch

profilers Sim, Shin, and Lee [34].

3.6 Research Gaps and Thesis Focus

A critical gap in existing literature is the lack of research that trains a log-likelihood predicting

surrogate model and successfully integrates it directly within an active, operational LISA Global

Fit pipeline (detailed in Section 3.2).

To address this, our approach trains the surrogate without detector noise (as detailed in the

simplified setup in Section 4.2.3), focusing instead on various overlapping background signal con-

figurations (discussed in Section 5.2). This prevents the model from memorizing specific noise

patterns, forcing it to learn the physical parameters of the target waveform (as designed in Sec-

tion 4.5). This thesis shows that even though the model is trained on noise-free data, it can still

successfully predict likelihoods when integrated into the real pipeline where noise is present.
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Methodology

This chapter explains the methodology for the solution to the limitations identified in the State

of the Art regarding the computational efficiency of the LISA Global Fit. The goal is to move

away from computationally expensive likelihood evaluations by implementing specific Machine

Learning accelerators.

Crucially, while the Deucalion HPC infrastructure will be used as the development testbed,

this methodology prioritizes algorithmic portability over hardware-specific micro-optimization.

The focus is on identifying architectural bottlenecks and resolving them with ML surrogates that

can be deployed across various supercomputing clusters, rather than tuning kernels specifically for

the A64FX or A100 architectures.

4.1 Research Methodology

This research follows the Design Science Research Methodology (DSRM) proposed by Peffers et

al. [31], which provides a process model for conducting design science research. The methodology

consists of six activities that are represented in Figure A.1, which are mapped to this thesis:

• 1. Problem identification and motivation: As outlined in Chapter 3, prototype implemen-

tations of the LISA Global Fit pipeline present significant computational challenges due to

the scale of the required sampling, which involves mathematically expensive, physics-based

likelihood evaluations that must be computed throughout the MCMC process to resolve

thousands of overlapping signals. This high computational overhead limits the pipeline’s

efficiency in processing massive data streams and increases the resource demands on high-

performance computing infrastructures.

• 2. Define Objectives for a Solution: Our objective is to design a portable ML accelerator

capable of numerically approximating the GB likelihood function. The target objectives

defined in Section 4.2.3 require that the ML-based surrogate model achieves a convergence

speedup of ≥ 2× during the initial MCMC search phase while preserving astrophysical

parameter estimation accuracy comparable to the original jaxified physical pipeline.

24
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• 3. Design and Development: This phase focuses on creating the design artifacts. We

develop a dual-branch neural network architecture (detailed in Section 4.5) that maps an

8-dimensional physical parameter space θ ∈ [0,1]8 and a 1,556-dimensional pre-processed

TDI data vector D to predict log-likelihood values logL̂ (θ | D).

• 4. Demonstration: We demonstrate the neural surrogate by wrapping the PyTorch model

inside a wrapper (Section 5.6) and integrating it into the production-level pipeline. End-to-

end sampler functionality is demonstrated using a simulated GB source within the narrow-

band frequency spectrum (Section 5.7).

• 5. Evaluation: The surrogate is evaluated quantitatively across both physical and com-

putational dimensions in Chapter 5. We assess test-set accuracy across different dataset

diversity regimes (Section 5.2), evaluate model accuracy above critical sampling thresholds

(Section 5.5), and compare estimated parameter posteriors to the physical baseline (Sec-

tion 5.7.1). Lastly, pipeline execution speeds and integration bottlenecks are profiled in

Section 5.7.2.

• 6. Communication: The design, performance characteristics, and unresolved integration

constraints of this hybrid deep learning architecture are communicated and documented

throughout this Master’s thesis (Chapter 6).

The entry point for this DSR project is problem-centered, as the research originated from the

observation of a concrete performance bottleneck in an existing system, rather than from a pre-

existing solution seeking a problem or a client-initiated request.

Following vom Brocke et al. [5], evaluation is conducted concurrently throughout the process:

problem validity is assessed in Phase 1, design feasibility in Phase 2, artifact correctness in Phase

3, and solution effectiveness in Phase 4. This formative evaluation approach allows for iterative

refinement and risk mitigation.

4.2 Galactic Binary (GB) Block

Only a small fraction (approximately 10,000) will be individually resolvable; the rest form a

stochastic foreground that must be jointly modelled with the resolvable signals [37]. The data

analysis challenge is therefore not to detect a single source in isolation, but to perform a Global

Fit that simultaneously identifies, separates, and characterizes the parameters of all resolvable GBs

while accounting for the unresolved background and other source classes.

4.2.1 GB Signal Model and Parameter Space

For the purpose of LISA data processing, a GB signal is described by a waveform model that

depends on eight parameters (see Table 4.1) [37].
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Table 4.1: The eight parameters describing a GB waveform.

Parameter Symbol
Amplitude A

Inclination ι

Initial Phase φ0

Polarisation Angle ψ

Frequency f

Frequency Derivative ḟ

Ecliptic Longitude λ

Ecliptic Latitude β

4.2.2 Key Challenges for the GB Block

From a software engineering perspective, the GB block imposes several constraints that make

direct, full-scale global fitting difficult:

• High dimensionality and source overlap Even a single GB has an 8-dimensional param-

eter space. When 10–20 resolvable sources occupy the same frequency band and signal

overlap creates strong parameter degeneracies.

• Unknown number of sources The pipeline must simultaneously infer how many resolvable

GBs are present (model selection) and their parameters, typically using trans-dimensional

MCMC.

• Computational cost of likelihood evaluation Evaluating the likelihood for a single can-

didate GB requires generating its waveform and computing inner products over the entire

time-series (millions of samples). This operation is called millions of times during MCMC.

• Prototype codebase The current GB analysis block is still a research prototype and the

interfaces are evolving, documentation is incomplete, and fault tolerance is not yet imple-

mented making optimisation and integration challenging.

Figure 4.1 illustrates a key aspect of these challenges: even with only six injected GB signals,

the observed time-series (black) contains a superposition of their waveforms plus noise. The true

combined magnitude of the GBs alone is overlaid in other colours, showing how strongly the

signals overlap and how easily they are masked by noise. This makes disentangling individual

sources and recovering their parameters difficult in practice.
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Figure 4.1: Magnitude of the synthetic time-series (black) with six injected GB signals. The true
combined magnitude of the GBs alone is overlaid with other colours. Strong overlap and the
presence of noise make it difficult to identify individual sources or recover their parameters.

4.2.3 Scope and Simplification: The Single-Source Narrow-Band Sub-Problem

Solving the full LISA GB parameter estimation challenge which requires simultaneously identify-

ing and fitting tens of thousands of deeply covariant, overlapping sources across the entire sensitive

frequency spectrum remains a major open problem in gravitational wave astronomy. Designing a

single machine learning architecture capable of resolving this global, trans-dimensional problem

directly from raw data is computationally and conceptually intractable.

To make the problem amenable to neural surrogate acceleration, this thesis focuses on a highly

targeted, localized sub-problem. Rather than attempting a full-band, multi-source Global Fit, we

isolate a narrow frequency window between 2.95 mHz and 3.0 mHz. Within this band, we simplify

the inference task to a single-source parameter estimation problem: the surrogate is trained to

predict the log-likelihood of a single target GB, evaluated against a synthetic data stream that has a

small, overlapping background of 5 to 10 additional injected GBs to simulate a realistic confusion

foreground. This localized, single-source focus is highly aligned with the modular architecture of
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state-of-the-art LISA pipelines like Erebor [37]. In these pipelines, the Global Fit is decomposed

into a Blocked Gibbs Sampling scheme, where individual sources or small clusters are updated

iteratively while keeping the residuals of all other source types fixed.

4.3 Data Generation for the Surrogate Model

The surrogate model is trained to predict the log-likelihood of a single GB from a short, fixed

frequency band of LISA data. The data generation pipeline follows an amortized approach: we

pre-compute a large set of parameter data log-likelihood triplets and reuse them across multiple

training runs.

4.3.1 Parameter sampling.

Each training example corresponds to a single GB with eight parameters, drawn from prior ranges

summarized in Table 4.2. Unlike a full-band simulation, we restrict the frequency to a narrow

band between 2.95mHz and 3.0mHz. This ensures that at most one resolvable binary falls inside

the band, which simplifies the surrogate task.

Table 4.2: Prior ranges for GB parameters used in data generation. The frequency is constrained
to a narrow band (2.95–3.00mHz).

Parameter Symbol Sampling distribution
Frequency f Uniform in [2.95×10−3, 3.00×10−3] Hz

Frequency derivative ḟ Uniform in [10−16, 10−14] Hz/s

Amplitude A Log-uniform in [10−23, 10−21]

Ecliptic Latitude β arcsin(Uniform(−1,1))

Ecliptic Longitude λ Uniform in [0, 2π]

Inclination ι arccos(Uniform(−1,1))

Polarisation ψ Uniform in [0, π]

Initial phase φ0 Uniform in [0, 2π]

After sampling, the parameters are converted to Hypercube coordinates ∈ [0,1]8. This trans-

formation is required because the MCMC chain used in the Global Fit expects all parameters to

be defined on a unit hypercube. Converting to hypercube coordinates also acts as a preprocessing

step that balances the dynamic range of the parameters, improving the stability and convergence

of the neural network models that are trained on these values.

4.3.2 Signal and log-likelihood sampling

For each data realisation, we first generate a synthetic LISA observation over 90 days with a

5-second cadence. To mimic the confusion foreground present in a realistic LISA data stream,

we inject between 5 and 10 additional Galactic Binaries (with the parameters sampled from Table
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4.2) and then the function make_sangria_like_tdi() is used to generate the TDI, to prevent

the machine learning model from overfitting to specific noise realizations, no noise is added to the

signal, only the 5 to 10 GBs.

The time-domain data are transformed to the frequency domain via an FFT function already

included in the Global Fit prototype used, and the log-likelihood of the target binary is computed

using a baseline likelihood function that operates on the A and E TDI channels. This implemen-

tation leverages automatic differentiation and just-in-time compilation, allowing efficient batch

evaluation on GPUs. The output log-likelihood values range from approximately −80000 to

−1000 (see Figure 4.2). The key statistical properties of this target log-likelihood distribution

are summarized in Table 4.3.

Statistic Value

Minimum (ymin) −79,712.00

Maximum (ymax) −1,484.30

Mean (µ) −9,342.54

Standard Deviation (σ ) 7,538.05

Table 4.3: Statistical distribution of the target log-likelihood values within the generated training
dataset.

Figure 4.2: Histogram with the values of the log-likelihood for a training dataset with 200,000
samples and 15 samples per signal (13,334 signals)

4.3.3 Dataset Generation

The generation of the dataset is controlled by two parameters: num_samples (total number of

training examples) and samples_per_signal (the number of different target parameter vectors

that are evaluated against the signal generated). For each generated signal (i.e., each fixed noise

and background configuration), we repeatedly sample new target parameters and compute their

log-likelihoods. Multiple training batches were made with samples_per_signal values of

15, 50, 100, and 350. The resulting (θ ,D, logL ) triplets are stored as compressed .npz files,
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enabling fast reloading for later training runs. The generated data comprises three independent

subsets: a training set of 200,000 samples, a validation set of 24,000 samples, and a testing set

of 24,000 samples (≈ 80% for training, ≈ 10% for testing, ≈ 10% for validation). Figure 4.3

illustrates the complete generation pipeline, from parameter sampling to cached feature vectors.

Figure 4.3: Data Generation Pipeline in detail.

4.3.4 Deucalion Data Generation

The data generation pipeline was executed on the Deucalion supercomputer (see Section 2.5) using

its x86 partition. Multiple adapted scripts were submitted as independent Slurm jobs, each running
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on a single node. Although only one node was used per job, the script took full advantage of the

many available cores and the plentiful Random Access Memory (RAM) on the HPC node.

A single generation script required ≈ 35 hours to complete for each dataset a runtime that

would be impossible on a local workstation due to the large memory footprint (the dataset gen-

eration requires holding multiple TDI realisations and log-likelihood evaluations in RAM). In

total, three datasets were generated, with the following configurations: 200,000 with 5, 15 and

100 samples per signal, each accompanied by the corresponding validation datasets. The resulting

triplets were cached as compressed files on the shared file system for subsequent training. The

model training itself was not performed on Deucalion because its training was relatively fast, the

computationally expensive and resource-intensive part was the dataset creation.

4.4 Feature Extraction and Preprocessing

The raw frequency-domain TDI data are high-dimensional: each channel contains approximately

777,601 complex points for a 90-day observation at 5s cadence. To reduce this dimensionality, we

apply band selection:

1. Band selection: We extract only the frequency band from 2.95mHz to 3.0mHz. This yields

1,556 real numbers, formed by concatenating the real and imaginary parts of the ATDI and

ETDI channels (389 frequency bins × 4 components). Figure 4.4 shows an example of the

raw (real/imag) representation.

Figure 4.4: Raw FFT of simulated LISA data containing only GBs.
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2. Magnitude and phase conversion: The function convert_raw_to_mag_features

transforms the complex data into magnitude and phase (as previously discussed in Sec-

tion 3.3.3.2). For each channel, it computes:

amp = |Achan|, phase = angle(Achan),

and similarly for the E channel. This conversion does not change the dimensionality (still

1,556 numbers), but it compresses the dynamic range of the signal (which spans several

orders of magnitude) and isolates the phase information. The resulting feature vector D
contains [|A|, ̸ A, |E|, ̸ E]. Figure 4.5 shows the same data after this conversion.

Figure 4.5: Magnitude and phase components extracted from the raw FFT (A and E channels).

After conversion, the magnitude components are standardized (zero mean, unit variance) using

StandardScaler from sklearn, fitted only on the training set. The phase components are left

unscaled because they already lie in [−π,π]. Figure 4.6 illustrates the effect of this standardisation.

This step is crucial for stable neural network training, as it brings all input features onto a similar

scale.
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Figure 4.6: Standardized magnitude and original phase features after applying
StandardScaler.

4.5 Machine Learning Model

The core of our computational acceleration strategy is a neural surrogate model designed to predict

the log-likelihood of a single GB given its physical parameters and the pre-processed TDI data

segment. The model is a feed-forward regression network with a two-branch architecture, as

illustrated in Figure 4.7.

The dual-branch design is chosen to handle the multi-modal nature of the inputs: the physical

parameters θ occupy a bounded, low-dimensional continuous space, whereas the pre-processed

data segment D is a high-dimensional representation of the instrument’s output. Processing these

inputs through distinct pathways allows the network to extract independent latent features before

fusing them for the final regression task.

GB Parameters Branch (θ ) This branch ingests the 8-dimensional physical parameter vector

θ ∈ [0,1]8, represented in unit hypercube coordinates. The vector is mapped through a series of

three fully connected layers containing 256, 512, and 256 hidden units, respectively. Each linear

transformation is followed by batch normalisation and a Rectified Linear Unit (ReLU) activation.

The primary objective of this pathway is to project the low-dimensional parameter coordinate

space into a rich, 256-dimensional latent representation hθ ∈ R256 that captures non-linear param-

eter dependencies.
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Signal Encoder Branch (D) This pathway processes the high-dimensional instrument repre-

sentation D ∈ R1556, containing the concatenated magnitude and phase features of the A and E

channels. Given the dimensionality of this input relative to the parameter vector, a three-layer bot-

tleneck architecture with 256, 128, and 64 hidden units is employed. This sequential compression

forces the network to isolate the most salient physical features of the signal, outputting a compact

latent feature vector hD ∈ R64.

Fusion and Regression Trunk To fuse the extracted representations, the latent outputs of both

branches are concatenated to form a joint latent vector:

hconcat = [hθ ∥hD] ∈ R320 (4.1)

This 320-dimensional joint vector is then passed directly into the shared regression trunk for the

final mapping.

The trunk consists of three dense layers with dimensions 320 → 256 → 256 → 128. To ensure

stable training and mitigate overfitting, each layer incorporates batch normalisation, a dropout rate

of 0.4, and ReLU activations.

To facilitate gradient flow through the deep regressor, a linear skip connection is introduced.

Because the dimension of the concatenated vector (320) differs from the output of the third trunk

layer (128), a learnable linear projection matrix Wproj ∈ R128×320 is applied to the shortcut con-

nection:

hout = ReLU
(
htrunk3 +Wprojhconcat

)
(4.2)

This residual pathway allows the network to retain direct access to the initial fused features,

mitigating vanishing gradients during backpropagation and allowing the model to learn identity

mappings where additional depth is redundant [30].

The final linear layer maps the 128-dimensional representation down to a single continuous

scalar, outputting the predicted log-likelihood value logL̂ (θ | D). This balanced distribution of

capacity between feature extraction and joint regression allows the surrogate to map the complex,

highly non-linear log-likelihood topology of overlapping GBs with high fidelity.
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Figure 4.7: Architecture of the Machine learning model used to predict the log-likelihood the
data_dim is 1556 for the frequency range 2.95-3mHz (AI-generated image)

4.6 Training and Optimization Strategies

Optimizing deep neural networks to serve as likelihood surrogates in gravitational wave data anal-

ysis introduces distinct numerical challenges. The target log-likelihood values logL (θ | D) com-

puted via the forward pipeline exhibit an exceptionally wide dynamic range, typically spanning

from extreme noise floors near −80,000 to physical signal peaks around −1,500 (as analyzed in

Section 4.3.2). Training a feed-forward regressor across such a skewed distribution requires care-

ful formulation of the objective function and rigorous dataset balancing strategies to ensure stable
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convergence.

To select the most effective objective function for training, we initially considered three can-

didate loss functions: MSE, MAE, and Huber loss. During preliminary exploratory training runs,

MSE delivered the best performance in resolving the sharp likelihood peaks, as its quadratic

penalty naturally prioritized high-likelihood boundary accuracy. Based on these exploratory find-

ings, MSE was selected as the sole objective function for all subsequent evaluations and hyperpa-

rameter sweeps presented in this work.

4.6.1 Addressing Dataset Imbalance in Log-Likelihood Spaces

Sampling the 8-dimensional parameters θ uniformly from the prior distribution p(θ) (defined

in Table 4.2) introduces a severe dataset imbalance. Because the true signal source occupies an

extremely narrow volume of the prior parameter space, the overwhelming majority (> 90%) of

randomly generated configurations yield a skewed log-likelihood that might show bias after the

training as shown in Figure 4.2.

If the neural regressor is trained directly on this raw, heavily skewed simulation dataset, the

optimization process is dominated by the flat, uninformative low-likelihood region. Consequently,

the network converges to a trivial local minimum that accurately predicts the noise floor but fails to

resolve the narrow, high-likelihood peaks necessary for parameter estimation. To bypass this bot-

tleneck and ensure that the model allocates sufficient capacity to the physically relevant regimes,

we implement and compare four target-based resampling strategies.

4.6.1.1 Imbalance Handling via Downsampling of Low-Likelihood Regions

The first balancing strategy aims to reduce the density of uninformative prior configurations. Using

our custom downsampling algorithm, we partition the dataset based on a target quantile threshold

q. For a threshold qthresh = 0.7, we separate the high-likelihood minority region (≥ q0.7) from the

low-likelihood majority region (< q0.7).

We then randomly discard a fraction of the majority samples according to a sampling ratio

γ . The balanced target training set Ybalanced is formed by combining all preserved high-likelihood

samples with the downsampled low-likelihood subset. This reduction in background noise density

prevents the shared regression trunk from underfitting the peak by reducing the gradients generated

by flat parameter spaces, resulting in the balanced training distribution shown in Figure 5.3.

4.6.1.2 Imbalance Handling via Oversampling of High-Likelihood Regions

Conversely, the oversampling strategy increases the representation of the physically relevant pa-

rameters. High-likelihood samples lying above the target quantile threshold qthresh = 0.7 are iden-

tified and repeatedly sampled with replacement to match the cardinal size of the low-likelihood

subset.

By duplicate-sampling these sparse regions, we artificially amplify their loss contribution dur-

ing mini-batch backpropagation. This forces the optimization algorithm to heavily penalize errors
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on parameter configurations that lie near the true injection parameters, thereby sharpening the

surrogate’s accuracy around the likelihood peaks, resulting in the balanced training distribution

shown in Figures 5.4 and 5.3.

4.6.1.3 Stratified Binning Sampling for Uniform Likelihood Coverage

To establish a uniform representation across the entire likelihood range, we implement a stratified

sampling strategy based on target binning. The continuous log-likelihood space Y is digitized into

N equal-width bins:

Bi = [ymin +(i−1)∆y, ymin + i∆y) for i ∈ {1, . . . ,N} (4.3)

where ∆y = (ymax − ymin)/N. For each bin Bi, we draw a fixed number of samples K without

replacement. If a bin contains fewer than K available simulation configurations, we apply random

oversampling with replacement to satisfy the bin capacity.

This transformation converts the highly skewed target distribution into a uniform distribution

across all likelihood scales. Ensuring that each likelihood interval is equally represented prevents

the model from developing structural biases toward any specific log-likelihood magnitude, align-

ing with classical stratified sampling theories designed to map complex physical surfaces [27],

resulting in the balanced training distribution shown in Figure 5.5.

4.7 Hyperparameter Tuning

To optimize the surrogate model’s capacity and prevent overfitting, we execute an empirical hy-

perparameter optimization sweep. The feed-forward model’s performance is highly sensitive to

the interaction between the gradient update scale and the mini-batch stochasticity.

4.7.1 Grid Sweep Setup (Learning Rates and Batch Sizes)

We construct a multi-dimensional grid search to evaluate the optimization trajectory across the

following hyperparameter spaces:

• Batch Sizes (B): B ∈ {128,256,512}

• Learning Rates (η): η ∈ {10−4,5×10−4,10−3}

The batch size dictates the stochastic variance of our gradient estimate per step, while the

learning rate scales the step size taken along the resulting loss landscape. Consistent with empirical

deep learning scaling heuristics [36], selecting a batch size that is too small introduces excessive

noise, which can cause the parameters to oscillate around local minima. Conversely, excessively

large batch sizes reduce the stochastic regularization effect, often causing the model to get trapped

in suboptimal local minima. The results of this grid sweep, evaluating both training convergence

speeds and test set generalization, are detailed in Section 5.3.1.
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4.7.2 Validation Metrics and Early Stopping Criteria

The validation partition is monitored at the end of every epoch.

To prevent unnecessary computational overhead, we implement an early stopping regulariza-

tion mechanism [32]. Training is terminated if the validation loss fails to decrease by a minimum

threshold of ∆min = 10−4 over a continuous window of P = 100 epochs (the patience parameter).

Upon termination, the model weights corresponding to the absolute minimum validation loss are

restored, guaranteeing that the deployed surrogate represents the optimal balance between repre-

sentation capacity and generalization stability.

4.8 Outlier-Aware Evaluation Metrics (p90 and p95)

To rigorously evaluate and compare different hyperparameter configurations and dataset strategies

during our sweeps, relying solely on average metrics ( MSE, MAE or R2) is insufficient. These

global averages can easily mask poor behaviour on a small number of critical errors. In MCMC

sampling, worst-case prediction errors can disrupt the sampler’s trajectory.

Therefore, our hyperparameter and dataset evaluation pipeline explicitly tracks performance

on the tail of the error distribution using two specialized subset metrics:

• The p90 Subset (Worst 10%): For any evaluated configuration, we compute the absolute

residual errors (the absolute difference between the true log-likelihood and the model’s pre-

diction) across the independent test set. The p90 subset isolates the 10% of samples with the

largest prediction errors. Tracking this subset allows us to evaluate how the model behaves

when restricted exclusively to its poorest predictions.

• The p95 Subset (Worst 5% / Extreme Outliers): This metric isolates the 5% of test sam-

ples with the absolute largest prediction errors. It acts as a strict stress-test, representing the

most extreme outlier errors generated by a given hyperparameter configuration.

By evaluating both global performance and these high-error p90 and p95 subsets dur ing our

sweeps, we can select the best configuration that minimizes not only average error but also the

frequency and severity of extreme prediction outliers.
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Results and Discussion

This chapter presents the empirical results of our deep learning surrogate acceleration architecture

designed for the LISA Global Fit. The performance of the developed models is evaluated across

several distinct axes: statistical validation of the synthetic dataset, comparative analysis of bal-

anced sampling methodologies, optimization trajectories across our hyperparameter grid search,

and accuracy within the scientifically critical high-likelihood regimes. Finally, we profile the

computational latency of our neural network against the baseline physical likelihood simulator to

quantify the overall speedup achieved.

5.1 Dataset Analysis and Validation Checks

Before training our machine learning models, we perform a rigorous statistical validation of our

generated training, validation, and testing datasets. This diagnostic step is essential to characterize

the underlying distribution of the target variables, identify parameter degeneracies, and understand

the geometric structure of the likelihood surface that the neural network must approximate.

5.1.1 Parameter Correlation Analysis with Log-Likelihood

To understand the spatial structure of the likelihood surface, we compute both the linear Pearson

correlation coefficient (r) and the non-parametric Spearman rank correlation coefficient (ρ) be-

tween each of the eight physical parameters and the target log-likelihood. The empirical results of

this correlation analysis are summarized in Table 5.1.

39
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Parameter Name Pearson r Spearman ρ p-value (Pearson)
Amplitude (A) −0.1711 −0.2165 0.0000×100

Ecliptic Latitude (β ) 0.0013 0.0005 7.7641×10−1

Ecliptic Longitude (λ ) 0.0047 0.0046 2.8823×10−1

Frequency ( f ) −0.0019 0.0007 6.7660×10−1

Frequency derivative ( ḟ ) 0.0134 0.0125 2.6377×10−1

Inclination (ι) 0.0013 −0.0008 7.7149×10−1

Initial Phase (φ0) −0.0012 0.0015 7.8406×10−1

Polarisation (ψ) −0.0033 −0.0012 4.6677×10−1

Table 5.1: Pearson and Spearman correlation coefficients between the rescaled physical parameters
of a GB and the target log-likelihood (logL ).

The empirical correlation coefficients presented in Table 5.1 reveal a striking structural char-

acteristic of the log-likelihood surface: the global linear and rank correlations of almost all param-

eters with the log-likelihood are statistically indistinguishable from zero.

As detailed in Table 5.1, Amplitude (A) is the sole parameter showing a statistically significant

and mild negative correlation, indicating that larger signal templates globally scale the baseline

residuals. Conversely, the remaining parameters demonstrate no meaningful global relationships:

Ecliptic Latitude (β ) and Inclination (ι) exhibit negligible global correlation, remaining statisti-

cally indistinguishable from zero; Ecliptic Longitude (λ ) and the Frequency derivative ( ḟ ) display

weak positive statistical fluctuations; while Frequency ( f ), Initial Phase (φ0), and Polarisation

(ψ) exhibit minor, insignificant negative trends. This flat global profile across these coordinates

confirms the “needle-in-a-haystack” nature of the search space, where parameter sensitivities only

emerge when templates are nearly perfectly matched.

Consequently, this sparse, highly non-linear target landscape confirms that standard linear,

shallow, or simple kernel-based regression models are mathematically incapable of approximating

this function without over-smoothing the peak. This behaviour highlights the practical necessity of

utilizing a deep, multi-branch neural network. In this setup, the two independent branches isolate

and extract distinct feature representations, while the residual skip connections maintain gradi-

ent flow through the deep layers when mapping the extremely sharp, high-frequency transition

boundaries of this complex optimization landscape.

5.2 Dataset Diversity vs. Likelihood Imbalance

An essential finding of this research is that the primary factor governing the surrogate model’s gen-

eralization capacity is not the skewness of the log-likelihood target space, but rather the structural

diversity of the training signals (TDI channel configurations).

To analyze this, we designed three separate simulation datasets, each containing a total of

200,000 training samples, but structured with varying ratios of target parameter evaluations (θ )

per unique background signal realization (D):
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1. 200,000_100: 100 target parameter evaluations computed against 2,000 unique simulated

TDI background channels.

2. 200,000_15: 15 target parameter evaluations computed against approximately 13,334

unique simulated TDI background channels.

3. 200,000_5: 5 target parameter evaluations computed against 40,000 unique simulated

TDI background channels.

During our preliminary testing phase, we evaluated higher ratios of 1000 and 350 samples

per unique signal. We observed that under these high-ratio, low-diversity regimes, the neural net-

work’s signal Encoder Branch (D) easily memorized the specific, unresolvable background con-

figurations instead of learning generalizable, phase-invariant wave features. On predicted-vs-true

scatter plots, this failure mode was highly visible: the predictions for distinct background realiza-

tions clustered into clearly separated, discrete bands rather than aligning along the diagonal target

line. Nonetheless, within each discrete band, the predictions remain highly correlated with the

true log-likelihood, preserving the correct relative scaling and slope. This suggests that while the

memorized background introduces a constant systematic offset, the model still captures parameter-

dependent variations. In practice, this systematic bias could potentially be mitigated by computing

a simple corrective offset using a small number of true analytical likelihood evaluations, thereby

restoring a significant portion of the surrogate’s accuracy.

Figure 5.1: Scatter plot of test set predictions under a low-diversity training regime (350 samples
per unique signal). The horizontal stratification and distinct clustering reveal that the signal en-
coder branch has memorized individual background realizations rather than generalizing physical
waveform features.

To force the network to learn generalized representations, we systematically increased the

signal diversity by reducing the evaluation ratio. Table 5.2 compares the test set performance

across these three training configurations. To ensure a fair and consistent comparison, the inde-

pendent test set was standardized with a fixed ratio of 50 evaluations per unique signal, providing

an unbiased benchmark to evaluate each model’s generalization capability on unseen background

realizations.
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Table 5.2: Model evaluation metrics on the independent test set (N = 24,000) across training
datasets of 200,000 total samples with varying signal-to-parameter ratios.

Dataset Configuration Evaluation Subset Test set MSE Test set R2 Subset Size (N)
200,000_100 Full Test Set 4.42×106 0.91 24,000

(Low Diversity) Top 10% (≥ p90) 3.03×107 0.55 2,400

Top 5% (≥ p95) 4.40×107 0.36 1,200

200,000_15 Full Test Set 1.87×106 0.96 24,000

(Medium Diversity) Top 10% (≥ p90) 1.14×107 0.82 2,400

Top 5% (≥ p95) 1.57×107 0.71 1,200

200,000_5 Full Test Set 1.48×106 0.97 24,000

(High Diversity) Top 10% (≥ p90) 9.39×106 0.87 2,400

p95% (≥ p95) 1.35×107 0.82 1,200

The empirical results in Table 5.2 demonstrate a clear correlation: decreasing the samples-

per-signal ratio (increasing signal diversity) consistently improves prediction accuracy across all

regimes.

When the diversity is low (200,000_100), the model struggles to resolve the outliers, yield-

ing a poor R2 of 0.36 on the top 5% subset. However, when the unique signal count is increased

tenfold (200,000_5), the peak R2 rises to 0.82, and the global MSE is reduced by a factor of

three.

Because the MSE objective function heavily penalizes outliers during backpropagation, the

network is forced to minimize large errors globally. When trained on a highly diverse set of

backgrounds, the signal encoder branch is unable to memorize individual templates. Instead, it is

forced to learn robust, a wide diversity of signal features.

Consequently, in this highly diverse training regime, custom target balancing techniques (such

as downsampling or stratified binning) show negligible marginal utility compared to simply en-

suring sufficient signal diversity.

5.3 Hyperparameter Sweep Evaluation

To identify the optimal optimization parameters for our two-branch neural architecture, we per-

form a grid sweep over learning rates (η) and batch sizes (B). The sweep is evaluated across all

dataset configurations to identify the most stable training path.

5.3.1 Loss Convergence Curves for Variable Batch Sizes

The batch size controls both training throughput and gradient stochasticity during backpropaga-

tion. We evaluate batch sizes B ∈ {128,256,512} with early stopping configured with a patience

of 110 epochs. The training and validation loss trajectories are tracked across all configurations,

and the final test metrics are summarized in Table 5.3.
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Figure 5.2 visualizes the empirical performance of our grid sweep, showing the target R2

scores across the different learning rates and batch sizes.
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Figure 5.2: Plot comparing the test set R2 scores of our hyperparameter grid search. The optimal
balance is achieved by pairing the highest batch size (512) with our highest learning rate (0.001).

Table 5.3: Loss metrics and generalization performance for different hyperparameter configura-
tions evaluated on the baseline unbalanced dataset (200,000 total samples, 5 samples per signal).

Learning Rate (η) Batch Size (B) Validation Loss Test MSE Test MAE
0.0001 256 1.95×106 1.44×106 791.57

0.001 256 1.97×106 1.59×106 837.31

0.0005 256 2.08×106 1.49×106 789.72

0.0001 512 2.14×106 1.50×106 838.99

0.0010 512 1.98×106 1.30×106 759.24
0.0005 512 2.04×106 1.42×106 796.05

0.0001 128 2.08×106 1.47×106 785.87

0.0010 128 2.19×106 1.51×106 746.90

0.0005 128 2.16×106 1.56×106 813.79

We observe distinct convergence and generalization properties based on batch size:

• Batch Size B = 128: Introduces high stochastic variance into the mini-batch gradient up-

dates. While this high stochasticity can help the optimizer escape shallow local minima

allowing the model at η = 0.001 to achieve our lowest absolute MAE of 746.90, it results
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in a higher validation loss of 2.19× 106. The elevated gradient noise hinders stable con-

vergence on the smooth quadratic regions of the global likelihood peak, leading to slightly

worse test MSE results overall.

• Batch Size B = 512: Provides highly smoothed gradient estimates per step, significantly

stabilizing the validation loss trajectory. By pairing this large batch size with a high learning

rate (η = 0.001), the model achieves the lowest test MSE of our entire grid search (1.30×
106) and an outstanding global R2 score of 0.9746.

• Batch Size B = 256: Serves as a robust intermediate baseline. At a lower learning rate

(η = 0.0001), it achieves a highly competitive test MSE of 1.44× 106 and a global R2 of

0.9720, confirming that the network can generalize safely across different scales of batch

stochasticity.

5.3.2 Learning Rate Sensitivity and Optimization Stability

The learning rate is the most sensitive hyperparameter governing our two-branch architecture’s

training trajectory. Our empirical results reveal a clear relationship between the learning rate and

the batch size:

• High Learning Rate (η = 0.001): Under a small batch size (B = 128), this rate reaches

validation limits quickly but flatlines at a high validation loss of 2.19× 106, as the coarse

optimizer steps are too large to settle into the narrow likelihood structures. However, under

a larger batch size (B = 512), the low gradient noise allows the network to utilize this high

learning rate stably. This combination reaches the global minimum of the loss surface,

achieving our best test MSE.

• Low Learning Rate (η = 0.0001): Guarantees steady, monotonic loss decay across all

batch sizes. At B = 256, it converges smoothly to a validation loss of 1.95× 106, show-

ing that a conservative step size is highly effective when paired with standard mini-batch

smoothing.

• Moderate Learning Rate (η = 0.0005): Represents a balanced compromise. Under B =

512, it converges to a low test MSE of 1.42× 106 and an R2 of 0.9723, confirming the

robustness of this intermediate optimization step.

5.3.3 Selection of the Optimal Surrogate Configuration

Based on the empirical grid sweeps logged in Table 5.3, our champion model configuration is

defined by the following parameters:

• Loss Function: MSE (selected after empirical evaluations against MAE and Huber loss

showed that MSE delivered the best performance, as its quadratic penalty on large errors

forced the network to better resolve outliers).
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• Batch Size (B): 512

• Learning Rate (η): 0.001 (using the Adam optimizer)

This optimal configuration successfully minimizes our test MSE to 1.30×106 and achieves a

global R2 score of 0.9746 before triggering early stopping, representing our most computationally

efficient and accurate neural surrogate.

5.4 Analysis of Sampling Strategies on Fused Latent Spaces

To evaluate whether target-based resampling provides generalization benefits over the raw con-

figuration, we evaluated our surrogate architecture using three balanced variations of the high-

diversity 200,000_5 parent dataset. Crucially, these resampling strategies were applied only to

the training data, while the test dataset remained completely untouched and unbalanced to ensure

an unbiased evaluation of the model’s performance. All evaluations were conducted using our op-

timized baseline hyperparameters (η = 0.001,B = 512) to isolate the impact of dataset balancing

on model performance.

5.4.1 Downsampling and Oversampling Performance

Figure 5.3: Downsampled distribution. Figure 5.4: Oversampled distribution.

We benchmarked target-based downsampling and oversampling strategies against our raw baseline

to assess how altering the representation of high- and low-likelihood configurations affects training

stability.

Downsampling Evaluation Reducing the training size to 78,000 samples (preserving 60,000

high-likelihood configurations and downsampling the low-likelihood background to 18,000 sam-

ples) resulted in a substantial degradation of accuracy. On the test set, the downsampled model

converged to a global MSE of 2.7392× 106. This stands in contrast to our raw baseline perfor-

mance (MSE ≈ 2.0524×106). Discarding the low-likelihood background samples appears to strip
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away critical signal diversity, limiting the network’s ability to map the transitions around the noise

floor.

Oversampling Evaluation Intuitively, because our high-likelihood regions already contain a

substantial number of samples, oversampling them even further might seem redundant. However,

we leverage oversampling here as a targeted importance-weighting strategy. By artificially ampli-

fying the density of these crucial high-likelihood regions, we heavily penalize prediction errors on

physical parameter configurations during backpropagation.

While this oversampling approach achieved a test set MSE of 2.91× 106 falling short of the

raw baseline due to minor overfitting on the background realizations, it successfully forced the

network’s signal encoder to focus its representational capacity on the complex fine-structure of

the physical peaks, validating it as a mechanism for prioritizing peak prediction accuracy, even

though it didn’t improve the performance.

5.4.2 Stratified Binning Performance

Figure 5.5: Stratified binned distribution.

The stratified binning approach enforced uniform representation by drawing 5,000 samples from

each of the 20 equal-width log-likelihood bins, producing a training set of 100,000 samples (illus-

trated in Figure 5.5).

When evaluated on the test set, the stratified model achieved steady performance across the

intermediate likelihood boundaries (−40,000 to −15,000), but exhibited diminished accuracy on

the physically critical peaks. This decline is highlighted by a global MSE of ≈ 3.4678× 106

(R2 ≈ 0.9324), with the prediction errors rising to an MSE of ≈ 2.3585× 107 on the p90 subset

and peaking at an MSE of ≈ 3.6214×107 on the p95 subset.

These results indicate that flattening the training distribution underrepresents the highly sen-

sitive, narrow physical peaks. This is highlighted by the drop in the p95 R2 score from 0.8208 on
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the raw dataset to 0.5604 on the stratified binned dataset. Within this regression framework, opti-

mizing for signal diversity on the raw, unbalanced prior distribution allows the model to naturally

resolve the steep physical parameter peaks.

5.4.3 Summary of Resampling Outcomes

In summary, none of the target-based resampling strategies outperformed the raw, unbalanced

baseline configuration. While altering the training distribution was intended to improve peak res-

olution, it either stripped away vital background diversity (in downsampling), caused minor over-

fitting (in oversampling), or diluted the representation of the narrow physical peaks (in stratified

binning). These outcomes suggest that the dual-branch surrogate is best optimized by retaining

the raw, unbalanced prior distribution, where natural background diversity prevents pattern mem-

orization while keeping enough high-likelihood samples to resolve target peaks.

5.5 Approximation Performance in High-Likelihood Regimes

During active MCMC parameter estimation, the sampler spends almost all of its execution time

exploring parameter spaces that are highly close to the true physical values. Therefore, the surro-

gate’s accuracy on these high-likelihood peaks is the primary metric for successful deployment.

5.5.1 Error Analysis and Residual Distributions on Test Sets

We evaluate our champion model, trained on the highly diverse 200,000_5 dataset, on the inde-

pendent test set.

Figure 5.6: Predicted vs. True Log-Likelihood scatter plot (left) and residual distribution his-
togram (right) of the champion surrogate model trained on the highly diverse 200,000_5 dataset.

As shown in Figure 5.6, the residual distribution is highly centered around zero with minimal

variance, confirming that the model has learned an unbiased mapping across the vast majority of

the target space. By utilizing a high-diversity training set, the two-branch architecture successfully

resolves the steep, localized gradient spikes of these high-fidelity waveforms without introducing

systemic biases.
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5.5.2 Performance Analysis on Critical Thresholds log-likelihood > -20,000

In a practical MCMC sampling context, proposed parameter sets yielding a log-likelihood below

a certain threshold are rejected by the sampler of the MCMC criteria. Therefore, the surrogate’s

accuracy above this critical threshold is the key metric for successful deployment.

We perform a targeted evaluation of our champion surrogate model on the test set, analyzing

both global performance metrics and critical boundary behaviours on log-likelihoods > -20,000.

The empirical results of this evaluation are summarized in Figure 5.7: the "Full" metrics character-

ize performance across the test set, whereas the p90 and p95 metrics isolate the worst-performing

samples situated in the top 10% and 5% of the absolute residual error distribution, respectively:

Full p90 p95
0

5

10

1

5.8

8.25

M
ea

n
Sq

ua
re

d
E

rr
or

MSE (×106)

Full p90 p95

1,000

2,000

3,000

711

2,302

2,778

M
ea

n
A

bs
ol

ut
e

E
rr

or

MAE

Full p90 p95
0

0.5

1 0.95

0.67

0.37

C
oe

ffi
ci

en
to

fD
et

er
m

in
at

io
n

R2 Score

Figure 5.7: Performance metrics comparisons across the test set log-likelihood > -20,000 (N =
22,003), the p90 subset (N = 2,201), and the p95 subset (N = 1,101). Groups are plotted across
MSE, MAE, and R2 scores to illustrate high-likelihood regime dynamics.

This analysis reveals promising generalization characteristics: the champion model trained on

the unbalanced dataset retains a respectable R2 score of 0.67 on the top 10% of worst predictions,

as shown in Figure 5.7. This indicates that the model successfully resolves the broader structural

features of the peak. Crucially, the surrogate’s predictive accuracy is superior within these critical

high-likelihood regimes compared to the low-likelihood regions near the noise floor, as demon-

strated by the lower mean absolute error and tighter residual clustering. The surrogate model

shows prominent results, demonstrating that it can not only accelerate the initial burn-in search

phase, but can also assist during the stationary sampling phase of the MCMC using ground-truth

corrections or online learning, thereby minimizing the overall reliance on the computationally

expensive physical simulator.
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Figure 5.8: Predicted vs. True Log-Likelihood scatter plot (left) and residual distribution his-
togram (right) for the champion surrogate model, restricted to the critical high-likelihood test
subset (log-likelihood > -20,000).

5.6 Pipeline Integration and JAX Callbacks

To deploy our trained neural surrogate within the production-level LISA data analysis pipelines

(such as Mojito-light), we developed a specialized wrapper class, GBSurrogateLik, which

extends the baseline GBLogLik class. This integration must preserve JAX compatibility, as the

Global Fit pipeline uses vectorized operations and automatic differentiation.

Because JAX operations are fundamentally tracing-based, integrating a non-JAX compiled

PyTorch model requires a bridge between JAX’s tracing engine and PyTorch’s execution device.

We achieve this by wrapping the PyTorch inference step inside a jax.pure_callback:

Listing 5.1: Integration of PyTorch surrogate model within JAX-based pipeline using pure call-

backs.

1 def loglik(self, pars, noise_term=False):

2 result_shape = jax.ShapeDtypeStruct((), jnp.float64)

3 val = jax.pure_callback(

4 self._loglik_pytorch,

5 result_shape,

6 pars,

7 vmap_method=’expand_dims’ # Batch mapping on CUDA device

8 )

9 return val

As shown in this implementation, the vmap_method=’expand_dims’ parameter allows

JAX’s vectorization engine (jax.vmap) to automatically parallelize multiple parameter evalu-

ations. It passes batched parameters directly to PyTorch as a unified tensor, bypassing single-

threaded Python execution loops and exploiting GPU-accelerated parallel matrix multiplications.
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This hybrid architecture maintains the comparable accuracy of the MCMC sampler while bypass-

ing the expensive physical simulator, establishing a portable and highly scalable framework for

real-time LISA Global Fit analyses [10].

5.7 End-to-End MCMC Sampling Validation and Pipeline Bench-
marks

To validate the physical and computational performance of our trained neural surrogate in a pro-

duction environment, we integrated the GBSurrogateLik class into the Global Fit pipeline

using generated artificial data. We performed an end-to-end parameter estimation on a single,

isolated GB source.

5.7.1 Experimental Setup and Sampler Configuration

The validation is executed on a simulated GW signal containing a single injected GB with an SNR

of 40.97 embedded in stationary instrument noise. The signal is simulated over a 6-month duration

(6× 30× 24× 3600 seconds) at a 5-second cadence, restricted to the 2.95–3.00 mHz frequency

band.

We configure the sampling run using the JexploreSampler, an ensemble-based sampler

natively integrated into Global Fit. The sampler is configured with the following parameters:

• Number of Walkers (nwalkers): 100 active walkers.

• Walkers per Dimension (walkers_per_dim): 2 walkers per dimension across the 8-

dimensional physical parameter space (resulting in 16 active walkers per temperature level).

• Temperature Ladder: 10 geometrically spaced temperatures ranging from T = 1.0 to T =

10.0 to facilitate global exploration.

• Chain Length: 200 burn-in iterations followed by 200 production iterations, yielding a

total of 40,000 active samples.

To verify that the surrogate model preserves the physical integrity of the posterior, we compare

the resulting corner plots of the estimated 8 parameters between our surrogate model and the

baseline physical likelihood simulator.
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Figure 5.9: Posterior parameter distributions (corner plots) for the target GB. Estimation utilizing
the baseline ANN-surrogate log-likelihood calculator.
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Figure 5.10: Posterior parameter distributions (corner plots) for the target GB. Estimation utilizing
the baseline physical likelihood calculator.

The resulting posterior parameter distributions obtained via the neural surrogate (Figure 5.9)

demonstrate reasonable global alignment with the physical baseline (Figure 5.10). However, local-

ized systematic discrepancies remain visible. Specifically, the surrogate model introduces minor

biases in the estimation of inclination (ι), initial phase (φ0), and amplitude (A).

Additionally, the narrower posterior for the frequency derivative ( ḟ ) under the surrogate does

not represent superior parameter resolution. Because the physical baseline defines the ground-

truth posterior, this reduced variance is a localized uncertainty underestimation artifact, a common

overconfidence characteristic in neural surrogates.

The resulting predicted GBs are highlighted using the baseline log-likelihood Figure 5.12 com-

pared to using the surrogate model in Figure 5.11.
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Figure 5.11: The result from the MCMC algorithm using the Surrogate log-likelihood model

Figure 5.12: The result from the MCMC algorithm using the baseline log-likelihood
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These results suggest that the surrogate offers a viable trade-off, providing substantial accel-

eration while maintaining the global structure of the physical posterior in some parameters.

5.7.2 Critical Performance Evaluation and Bottlenecks

During the active sampling run, our surrogate-accelerated pipeline demonstrated an empirical

speedup of approximately 2× in execution time compared to the baseline physical likelihood

sampler.

While a 2× speedup represents a substantial reduction in the overall data-processing timeline,

it falls short of the theoretical 5× speedup measured during isolated model inference from 0.01

(baseline log-likelihood) to 0.002 (ML surrogate) seconds. A critical analysis of the pipeline

identifies several structural bottlenecks that limit computational efficiency:

1. Overhead of JAX Pure Callbacks: Calling a PyTorch CUDA model from within a JAX

sampling block via jax.pure_callback introduces significant serialization and deseri-

alization overhead. JAX must transition the parameter arrays out of its compiled graph back

into the Python interpreter before passing them to PyTorch, creating a massive serialization

bottleneck.

2. Host-to-Device Memory Transfers: For every likelihood evaluation, parameter arrays

must be copied from host RAM (managed by JAX on CPU) to the GPU’s VRAM (man-

aged by PyTorch), incurring latency that dominates the fast, microsecond-scale inference

times of the model.

3. Suboptimal Sampler Hosting: The MCMC sampler’s outer proposal loop is hosted in

Python rather than being compiled natively into JAX or C++/CUDA. This prevents the

pipeline from executing fully on-device, leading to constant context-switching between

CPU-bound sampler logic and GPU-bound surrogate evaluation.



Chapter 6

Conclusions and Future Work

This chapter concludes the thesis by summarizing the primary findings and technical contribu-

tions of this research, followed by a detailed roadmap of future optimizations and architectural

enhancements.

6.1 Conclusion

This thesis presents a lightweight deep learning surrogate designed to accelerate likelihood eval-

uations for GB within the modular Global Fit pipeline. By deploying a dual-branch neural

network architecture optimized on highly diverse but narrow band (2.95mHz to 3mHz), synthetic

frequency-domain data, we demonstrated that feed-forward regression networks can successfully

approximate the highly non-linear likelihood spaces of overlapping gravitational wave signals.

A key finding of our research is that dataset structural diversity is the primary driver of model

generalization. While target-based resampling strategies (such as downsampling or stratified bin-

ning) stabilized intermediate error boundaries, they often degraded accuracy on the physically

critical peaks by underrepresenting the steep gradient transitions of high-fidelity waveforms. Con-

sequently, prioritizing high signal diversity in the raw, unbalanced prior distribution yielded the

most robust baseline.

Furthermore, the performance of the neural surrogate remains closely coupled with the rig-

orous data preprocessing pipeline and the architectural design of the generated datasets. Gener-

ating the three independent data splits involved a significant computational footprint, requiring

approximately 35 hours of execution time per dataset on the Deucalion x86 compute partition.

The raw time-domain TDI streams were transformed to the frequency domain to isolate a 1,556-

dimensional representation within the targeted 2.95–3.00 mHz bandwidth. By extracting polar

magnitude and phase components and applying standardized scaling to the magnitudes, the fea-

ture pipeline successfully compressed the signal’s multi-scale dynamic range while preserving

sensitive phase alignments. Structuring the training sets with varying signal-to-parameter ratios

(ranging from 5 to 100 samples per unique background realization) proved essential; this diversity-

centric approach prevented the signal encoder branch from memorizing static noise realizations

55
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and allowed the network to resolve the exceptionally sharp, "needle-in-a-haystack" coordinate

transitions of the target GB template.

On a standalone level, the optimized surrogate achieved a processing time of 0.002 seconds

per evaluation, yielding a theoretical 5× acceleration over the baseline (0.01 seconds). To validate

its physical integrity, the surrogate was integrated into an active ensemble MCMC sampler using

jax.pure_callback wrappers. While the resulting posterior distributions successfully main-

tained physical consistency without introducing systemic biases, the end-to-end pipeline valida-

tion demonstrated an empirical speedup of approximately 2×. This lower-than-expected runtime

enhancement highlights critical engineering bottlenecks: namely, serialization overhead between

JAX and PyTorch execution engines, host-to-device memory transfer latencies, and CPU-bound

sampler scheduling loops.

Ultimately, this work serves as a successful proof-of-concept for neural surrogate integra-

tion within the LISA Global Fit framework. It establishes a portable architectural template while

clearly delineating the software and hardware integration boundaries that must be resolved to

achieve full operational throughput.

6.2 Future Work

6.2.1 Future MCMC Optimizations

To bridge the gap between isolated model inference speed and end-to-end pipeline execution time,

future developments must focus on optimizing the technical interface between the sampler and the

deep learning framework:

• Native JAX/XLA Compilation: The primary computational bottleneck in the current pro-

totype is the serialization overhead introduced by calling PyTorch through jax.pure_callback.

Translating the PyTorch surrogate architecture into a native JAX framework, such as Equinox

or Flax will allow the model’s forward pass to be fused directly into the sampler’s JIT-

compiled XLA execution graph, completely eliminating python-interpreter roundtrips.

• On-Device MCMC Loops: Currently, the outer proposal loop of the JexploreSampler

is executed on the CPU, causing constant context-switching and host-to-device memory

latencies for each walker’s evaluation. Porting the sampler’s logic entirely to the GPU will

allow both the parameter proposal step and the surrogate evaluation step to occur natively

on-device, drastically reducing state-update latency.

6.2.2 Optimized Surrogate Training Strategies

The extreme "needle-in-a-haystack" geometry of the GB parameter space demands highly special-

ized training methodologies to prevent regional biases and improve accuracy:

• Targeted Simulation and Active Learning: Rather than training exclusively on static,

pre-computed datasets, future iterations should adopt an active learning strategy. Following
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sequential simulation-based inference paradigms [7], the surrogate can be trained in two

iterative phases: first on a broad, global prior space, and subsequently on targeted simula-

tions generated dynamically from high-probability regions discovered by the active MCMC

chains. This ensures high density representation exactly where the sampler converges.

• Fine-Tuning a ML model: A promising avenue is to train a highly generalized base model

using massive, globally diverse datasets on high-performance infrastructure, and subse-

quently fine-tune it locally using low-resource, targeted datasets. This can leverage a hybrid

loss function combining simulated waveforms with true analytical likelihood computations

to stabilize boundary predictions.

6.2.3 Alternative Architectures and Pre-training

While the feed-forward regression network successfully approximated the narrow-band target, ex-

ploring alternative neural architectures presents significant opportunities for pipeline acceleration:

• 1D-CNN with Dynamic and Fixed Windows: Operating directly on raw frequency-domain

data can be enhanced by deploying 1D-CNNs. Benchmarking a 1D-CNN on a fixed fre-

quency window against a dynamic, signal-tracking window (following approaches similar

to [37]) will provide valuable insights into structural transferability. This network could

serve as a front-end feature extractor to map shifting Doppler modulations over months-

long observation baselines.

• FFT-Tailored Autoencoders vs. Time-Domain Models: While architectures like GraviB-

ERT [4] have shown success in modeling transient, time-domain signals such as MBHB,

they are less suited for the high-density, overlapping monochromatic signals that character-

ize GBs in the frequency domain. Future work should focus on developing self-supervised

autoencoders specifically optimized for FFT features [45] to compress multi-channel TDI

data prior to likelihood estimation.

• Integration with Normalizing Flows and F-Statistics: Combining the fast evaluation of

our surrogate with Conditional Normalizing Flow [24] could bypass standard MCMC burn-

in phases altogether. Furthermore, integrating classical search techniques like the coherent

F -statistic can provide high-likelihood coordinates to seed MCMC walkers, drastically re-

ducing overall convergence times.

• Trigonometric Coordinate Encoding for Phase Data: The current model uses raw phase

values directly, which can introduce numerical boundary discontinuities at ±π . Because

standard neural network architectures struggle to generalize periodic or circular topolo-

gies without an intrinsic periodic bias [47], transforming the phase input φ into continuous

[sin(φ),cos(φ)] coordinate projections is a straightforward alternative to improve boundary-

regime stability.
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6.2.4 Feasibility of Naive Likelihood Substitution

A comparative analysis of execution times illustrates the profound optimization potential of a fully

native surrogate. Evaluating the baseline analytical likelihood function requires approximately

0.01 seconds per step. In comparison, our optimized neural surrogate completes a single inference

pass in 0.002 seconds, achieving a theoretical 5× acceleration.

If the technical bottlenecks detailed in Section 6.2.1 are resolved, replacing the analytical cal-

culator with a fully native JAX surrogate would substantially reduce the total runtime of millions

of MCMC evaluations. This is especially promising for the multi-source Global Fit, where thou-

sands of individual GB templates must be iteratively resolved and subtracted.
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Appendix A

Figures

Figure A.1: DSRM Process Model [5]
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