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Abstract

The identification of mass spectra is key to proteomics, which is a technology used in a wide range
of biological and medical applications. With the surge of machine learning applications in proteomics,
this data needs to be processed into representations suitable for Al models to learn from. However,
mass spectrum data contains noise from different sources and instrument configurations, which can
reduce its utility in downstream machine learning models. Current approaches, such as the InstaNovo
and Casanovo models, that use encoders to provide these representations in the form of embeddings
are also limited, as they do not fully reduce the impact of noise in the data and originate from models
optimized for the singular task of de novo peptide sequencing. In addition, some of these methods require
supervised learning, which relies on labelled data, yet a large amount of mass spectrum data currently
remains unlabelled. In this study, a diffusion-based encoder is trained using a self-supervised masked
spectrum prediction task to learn robust representations of mass spectra from unlabelled data. The
resulting embeddings should provide general-purpose spectrum representations that can be transferred
to downstream proteomics tasks, reducing reliance on task-specific supervised models and enabling more
effective use of large-scale mass spectrometry datasets. Overall, our model achieves an R? of 0.784 for
precursor m/z at large-scale compared to the baseline (0.923), while learning compact and organised
latent representations. This indicates a trade-off between representation compactness and predictive
accuracy. For classification, the foundation model achieves a precursor charge accuracy of 0.647 on
the full dataset, which is below the majority-class baseline of approximately 0.734 given the strong
class imbalance (charge 2 dominates 73.4% of spectra), while the InstaDeep baseline achieves 0.942,
indicating strong performance far above trivial baselines. For fragmentation type, the model achieves
0.624 compared to a majority-class baseline of 0.547 and a random baseline of 0.250, indicating marginal
but non-trivial performance. Based on the small-scale ablations, the results suggest that the diffusion-
based encoder using masking and the multi-loss objective supports learning organised and compact
latent representations, however, additional mechanisms,such as parameter tuning at scale, are required
to improve predictive performance of the current model, particularly under imbalanced classification
settings and at a large dataset scale. In addition, our findings show that the centroid loss requires
mechanisms, such as AdaLN modulation, to reduce its performance penalty on learned embeddings.
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1. Introduction

1.1 Context and Justification

Mass spectrometry is one of the key technologies in proteomics (Cho, 2007). As a science, proteomics
focuses on the study of proteins and cellular function at large scale (Aebersold and Mann, 2003).
Applications of this technology enable a wide range of biological and medical applications, such as
disease biomarker discovery, and structural biology, which rely on protein identification as the first step
(Eloff et al., 2025). However, the success of proteomics relies on the availability of analytical data, such
as mass spectra, for proteins (Domon and Aebersold, 2006). This is why advances in mass spectrometry,
such as improved peptide ionization methods and the development of more sensitive instrumentation,
have been carried out to improve the availability of proteomics data (Aebersold and Mann, 2003).

The data provided by mass spectrometry is important as it supports downstream proteomic technologies,
including machine learning applications, where it is used to train models for downstream tasks, such as
de novo peptide sequencing in order to decode unknown amino acid sequences directly from observed
spectral peaks (Bittremieux et al., 2026). Machine learning models, such as InstaNovo and Casanovo,
have demonstrated promising results on this sequencing task (Eloff et al., 2025; Yilmaz et al., 2023).
However, these models are still limited by the availability of both large datasets and computational
resources. In terms of datasets, advances in mass spectrometry have led to growth in the volume of
mass spectra—based proteomic data. However, a large portion of this data remains unlabelled, with
studies reporting that an average of 75% of analysed spectra remain unidentified, which limits its use
for tasks requiring labelled data (Griss et al., 2016; Ning et al., 2010). This limitation is especially
evident in de novo peptide sequencing, where models such as InstaNovo must predict peptide sequences
directly from spectra without relying on database matching (Eloff et al., 2025). The scarcity of labelled
training data restricts these supervised models from learning from the growing amount of spectral data
(Chai et al., 2024).

However, the abundance of unlabelled mass spectrometry data presents an opportunity to enhance de
novo peptide sequencing tasks. Even without labels, spectral data contains rich structural and contextual
information that can be exploited as shown by Bushuiev et al. (2025). Specifically, representation learning
and foundation models have demonstrated that large collections of unlabelled data can be used to learn
meaningful embeddings that capture the underlying patterns in the data (Syed, 2025).

Mass spectrum data is, however, affected by various sources of noise, including measurement variability,
instrument configuration, and sample preparation processes (Du et al.,, 2008; Urban and Stys, 2015).
As a result, raw spectral data may contain distortions that introduce undesirable signals for downstream
analysis (Aebersold and Mann, 2003). One solution to this problem, therefore, is to learn robust
representations from this data that account for the present noise. This is where diffusion-based models
show promise for learning such representations (Jiang and Cai, 2025). These models learn through a
process of gradually adding noise and then de-noising data in order to recover the structured signals from
noisy inputs (Hoogeboom et al., 2021). This makes them well suited for refining spectral representations
and generating robust embeddings from noisy data.

In this work, | present the development and evaluation of a diffusion-based foundation model for mass
spectrometry using self-supervised learning on unlabelled data. The model is trained through self-
supervised learning and masked prediction on large collections of unlabelled proteomic spectral data to
learn contextual embeddings that capture the underlying patterns of proteomic spectra. These learned
embeddings aim to improve the quality of spectral representations used in downstream proteomic tasks.
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1.2 Objectives

The main objective of this study is to investigate whether a diffusion-based foundational encoder model
trained through self-supervised learning and masked prediction on unlabelled mass spectrometry data
can learn robust semantic representations that improve downstream proteomic tasks such as de novo
peptide sequencing, retention time prediction, and post-translational modification detection.

The specific objectives are:

1.

To develop a diffusion-based self-supervised framework for learning meaningful representations
from noisy and unlabelled mass spectrometry spectral data.

. To investigate the role of diffusion-based modelling in learning noise-robust and structure-aware

spectral embeddings.

To evaluate the quality and robustness of the learned spectral representations using intrinsic and
extrinsic analysis methods, including clustering structure, and linear probing for downstream tasks.

1.3 Contributions

This study makes the following contributions:

= Automated representation learning for mass spectra using Masked Diffusion and Tokeniza-

tion: The framework used in this work was inspired by ( ), whose framework
focused on automated representation learning on image data in a continuous setting with Gaussian
noise applied in the forward process. In this work, we adapt this framework to mass spectra data
through masked diffusion with spectra represented as sequences of peak tokens rather than image
pixels. ( ) train their model using a single loss objective, Lgsimple. We replace
this loss with a multi-objective function (section 3.3) because Lgimple alone allows the diffusion
model to prioritise reconstruction fidelity without enforcing structure in the learnt representations,
which is a challenge for embeddings intended for general purpose downstream tasks.

Investigation of the impact of centroid-based regularisation on representation learning for
mass spectra: The centroid of the mass spectrum encodes a summary of its global distribution
( : ). In this work, we propose the use of the centroid loss (section 3.3 and 4.2), based
on the spectral centroid, as a physics-informed constraint on the representation learning for mass
spectra, and evaluate its effect on the learned latent space through ablation experiments; Ablation-
10:Full+-CENT and Ablation-11:Full. The results show that adding the centroid loss introduces
a performance penalty across both classification and regression tasks, compared to the multi-loss
objective model(Ablation-9: Full) without it.

Investigation of the impact of multi-loss objectives on representation learning for mass
spectra: We compare single-loss and multi-loss objectives configurations across eleven ablations
(section 3.5.3 and 4.2) and show that the harder multi-loss objectives generally produce more
organised latent representations and stronger downstream linear probe performance than simple
reconstruction objectives. For example, Ablation-9:Full achieves an R? score of 0.880 for precursor
m/z and an accuracy of 0.910 for precursor charge, compared to 0.734 and 0.874 respectively,
for the simplest single-loss reconstruction objective, Ablation-1:DF. We also show that the quality
of the semantic structure of the learned embeddings is mainly driven by the contrastive loss
component (based on Ablation-5:CL-only), although the addition of the variance and contrastive
losses can still reduce the linear predictability of the semantic properties.



Section 1.4. Thesis Outline Page 3

1.4 Thesis Outline

This study is structured into four main chapters: Literature Review (Chapter 2), Methodology (Chapter
3), Results and Discussion (Chapter 4), and Conclusion (Chapter 5). The literature review chapter
provides an overview of mass spectrometry in proteomics, diffusion-based generative models, and repre-
sentation learning approaches, and with emphasis on their application to learning from unlabelled mass
spectra. The methodology chapter describes the proposed diffusion-based self-supervised framework,
including the dataset, preprocessing pipeline, masking strategies, model architecture, and the repre-
sentation learning and embedding extraction process. The results and discussion chapter presents the
evaluation of the model and learned representations, including sanity checks, ablation studies, UMAP
visualisations, and linear probe analysis, as well as a comparison with baseline methods. Finally, the
conclusion chapter summarises the key findings of the study, discusses limitations, and outlines directions
for future work.



2. Literature Review

In this section, the proposed method is reviewed in relation to study domain and existing work. As diffu-
sion models belong to the broader class of deep generative methods, a review of existing Deep Generative
Models (DGM) is necessary to evaluate their suitability for mass spectra prediction and embedding ex-
traction. These methods can be categorised into variational models (Denoising Diffusion Probabilistic
Model(DDPM) and Denoising Diffusion Implicit Model(DDIM)), energy-based models (Score-based dif-
fusion), and normalising flows (Flow matching and categorical flows).

2.1 Study Domain

This section focuses on the key relationships for mass spectrometry data relevant to machine learning
problems. Mass spectrometry data is generated through ionisation, separation, and detection processes
that produce a high dimensional spectrum where ions are represented by their mass-to-charge ratio

(m/z) and corresponding intensities ( : ). Understanding the structural characteristics of
spectral data is important for incorporating prior physical knowledge into machine learning models, for
example through physics-informed regularisation of mass spectra prediction ( , ).

One important property of a mass spectrum is its centroided peaks, denoted by m., which represent
the mean position of spectral peaks. According to ( ), the centroid is defined as:

>imil;
me = & 21.1
‘ >l ( )

where I; denotes the intensity at index ¢, and m; denotes the corresponding mass-to-charge ratio at
index 7. Since the centroid captures the overall mass distribution of a measured peak, it can serve as
a physics-informed constraint as well as evaluation metric during training. In particular, a centroid-
based loss function can be used to assess a model's ability to produce physically consistent spectral
reconstructions, as inspired by ( ).

2.2 QOverview of Deep Generative Models (DGM)

The fundamental aim of a DGM is to optimally learn the distribution of a finite dataset of observations,
x, within polynomial time ( , ). These models operate on the assumption that observations
are sampled from an unknown complex true distribution, pgata, for which no analytical form is known.
The DGM must therefore approximate pgata Using a parametrised model py, where ¢ represents the
learnable weights of a deep neural network. To optimise ps, the model minimises the discrepancy
measure, D(Pdata, Pe):

9" € arg;ninD(pdata,pqs), (2.2.1)

such that pg« () = pdata(x). This discrepancy measure varies by architecture. For instance, standard
variational approaches utilise Kullback—Leibler (KL) divergence, while score-based methods often rely
on Fisher divergence depending on the practical requirements of the modelling task as highlighted by

(2025) and (2025).

According to ( ), to model the true data distribution, the parametric model, P must
constitute a valid probability density function by satisfying the following fundamental conditions:
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» Positivity: py(z) > 0 for all z, often ensured by applying an exponential function to the model's
raw output.

» Normalisation: The integral over the domain is required to be equal to one, which is achieved by
dividing the original function by its integral over the entire space. It is important to make careful
and practical considerations of this normalisation factor because in many methods such as energy
based methods, it can be intractable.

In the context of mass spectral data, the DGM aims to approximate the complex distribution implicitly
represented by the data used during training. Once this distribution has been learned, the model should
be capable of accurately reconstructing peaks from noisy data. Predictions or novel samples can then
be generated by drawing from the learned distribution py, for example through Monte Carlo sampling,
as discussed by ( )-

2.3 Diffusion Models
2.3.1 Denoising Diffusion Probabilistic Models (DDPM)

Similar to Variational Autoencoders (VAEs), which use latent variables to represent data and are op-
timised using the lower bound of the log likelihood, DDPMs are rooted in variational frameworks,but
are distinguished by two distinct stochastic processes ( , : , ). The first
process is a forward process, which can be seen as a fixed encoder that corrupts the original input or
data distribution by progressively adding noise until the distribution becomes a simple prior distribution,
Pprior = N (0,I). At each step, the forward process is governed by the following equation.

g | 2e1) = N (2 V1= Braes, Bil) (23.1)

where x; € RP | D is the dimension of input into the model, ¢ is the diffusion step, ; € (0,1) controls
the noise schedule and ¢t € {1,...,T}, T represents the number of diffusion steps required to reach
Pprior, and I is an identity matrix. According to ( ) and ( ), when the
noising process is applied recursively, the distribution of the noisy samples, x; conditioned on the original
data, zg has the closed-form expression

(@ | wo) = N(xt; Vag g, (1 - o‘ct)I) : (2.3.2)

where a; := [%_;(1 — Bx). Consequently, 2; can be sampled directly from this distribution as:

Tt = \/O_Tt{E() + v 1-— (jét €, (233)

where € ~ N(0,I). According to ( ), the choice for the form of 5; used in above
equations is made such that as a; — 0 then z; asymptotically approaches the standard Gaussian
distribution, pprior.

The second process then involves a neural network (learnable decoder) that reverses the noise corruption
through a parametrised distribution. This component progressively denoises the data representation until
a coherent and meaningful data representation is obtained ( , : , ).
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In practice, the learnable decoder is treated as a parametric model, and is trained to minimise the KL
divergence

Eq(e) [Dre(@(@e-1 | @) || po(@e-1 | 20))] - (2.3.4)

As shown in equation 2.3.4 above, the training objective encourages the reverse process, pg(xi—1 | 2¢)
to approximate the true reverse diffusion dynamics. However, computing the transition distribution,
q(xy—1 | =) directly is often computationally challenging because it involves evaluating an unknown
marginal data distribution. To address this issue, the reverse diffusion process is reformulated by condi-
tioning on the clean data sample z, yielding a tractable posterior distribution (Lai et al., 2025; Nichol
and Dhariwal, 2021):

q(@¢ | m—1) q(z1-1 | 20)

q(zt | o)

As shown by Ho et al. (2020) and Lai et al. (2025), equation 2.3.5 leads to the simplified training
objective

q(xi—1 | x4, 0) = (2.3.5)

Esimple(d)) = ]Et,zo,e [H6¢(33t7t) - 6“3} ) (236)

where €g(x¢,t) is the predicted noise. After training the learnable decoder, sampling for new data is
performed sequentially. In particular, the denoised estimate of the clean sample, xg can be recovered
from the predicted noise, ey (x¢,t) as follows:

Tt — mqu(wt, t)

Jar .
Relating DDPMs to the mass spectra prediction problem, the traditional DDPM is suitable for continuous
spectral data. However, a key limitation of DDPM is that its sampling process is inherently slow (Lai
et al., 2025). According to Nichol and Dhariwal (2021), the diffusion models trained on image generation
task required 4000 steps which led to generating a single sample taking several minutes. In the case of
foundation models, the training data is typically on the order of millions of samples (Sanders et al., 2025).
The direct use of DDPMs is therefore constrained by their slow sampling rate in the mass spectrum
prediction task. Some of the solutions to this limitation explored include reduction of sampling steps
to fewer evenly spaced steps with output quality considerations as well as using Denoising Diffusion
Implicit Models (DDIM) as discussed in the following section 2.3.2.

o = (2.3.7)

2.3.2 Denoising Diffusion Implicit Models (DDIM)

As mentioned,a significant limitation of the DDPM is its inference speed because the Markovian nature
of its process requires numerous steps, leading to costly sampling operations. To address this, DDIM
was proposed to improve the sampling rate in (Song et al., 2022). By utilising a non-Markovian forward
process, DDIM allows for deterministic sampling and fewer steps, making it more practical for large-scale
spectral prediction tasks where computational efficiency is a priority (Lai et al., 2025).

According to Lai et al. (2025), DDIM is an ordinary differential equations (ODE) based solver. To
understand how DDIM works, there is a need to consider the principles of a common framework for
designing numerical solvers using the semi-linear structure for a general drift function, f(z(t),t) :== f(t)z
for f : R — R, which is induces the following Probabilistic Flow ODE (PF ODE):

2
= f(t)x(t) + ;g(t) € (x(t), 1), (2.3.8)
N—— ¢

non-linear part

dx(t)
dt

linear part
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where:

doy doy
/ /
o) = and gl —

¢ dt t dt’

o and oy are diffusion coefficients,

€gx (2(t),t) is the predicted noise.

This linear to non-linear split structure in = provides for accuracy and stability for the model, which
aids in the derivation of the trajectory necessary for step reduction as shown in Fig. 2.1. To achieve
the reduction step approximation using DDIM, two time steps ¢ and s are used where s > ¢ such that
integrand for noise, e4x (27, 7) for all 7 € [t, s] in the trajectory equation is approximated by €, (s, s).
Finally, with the integrand fixed at s, the trajectory becomes an Euler-style update of the form

_ (1 [T
$t—5(s—>t)xs+<2/s i

g

e(r —t) d7‘> €px (Zs,5), (2.3.9)

where the exponential integrator, £(s — t) := exp (fst fu) du). When this equation is simplified and
parametrised with deterministic oracles such that €,x ~ €¢* and z,x ~ x*, a single Euler step yields the
closed-form DDIM update (Lai et al., 2025):

xp = o T (T, 8) + 01 € (Zs, ). (2.3.10)
; is
e
¥ (X 6.6 (X 8) A
m.-‘\‘-"//
Discretization PF-ODE
Error Oracle Trajectory

®
W, (%)

Time 0 t s Time T

Clean Noise

Figure 2.1: lllustration of DDIM as an Euler discretization of the PF-ODE. The true PF-ODE
oracle (grey curve) trajectory evolves from the state, Z; to ¥s_,(Zs), while the DDIM update (orange
curve) maps Z directly to ayz*(Zs, s) + 01€*(Z5, s). The two trajectories have a discrepancy that leads
to a discretization error, and if ¢ is distant from s, then the quality of samples generated drops (Lai
et al., 2025).

While the DDIM helps to mitigate the inference speed limits of DDPM, DDIM from equation 2.3.10
utilises first-order exponential-Euler discretization, which has a global error of O(h), as highlighted
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in (Song et al., 2022; Lai et al,, 2025). While this error can be reduced by considering higher-order
schemes O(h*) with k > 2, such improvements do not necessarily guarantee a reduction in the number
of required sampling steps (Lai et al., 2025). For the mass spectra problem, this highlights a critical
trade-off between the numerical precision of the reconstructed peaks and the computational budget
required for high-throughput spectral analysis.

2.3.3 Score-based Diffusion Methods

Score-based diffusion methods are derived from energy-based methods (EBM), which rely on a probability
distribution based on an energy function, E4(x), that maps lower energy to the most probable data
points (Lai et al., 2025). In particular, the score-based approach is unique in that it solves the problem
of the intractable partition function, Z, inherent in the energy-based model

_ exp (= Ey(2))

2311
e (23.11)

py(z) :

where Z4 := [exp (— Ey(x)) dz. Score-based methods achieve this by introducing the score function
s(z) == Vg logp(x), (2.3.12)

which is defined as the gradient of the log-density of p(z). This is possible because the gradient of the
log-partition function is zero with respect to x. The score function can be modelled directly using a
deep neural network without requiring normalisation. In this way, the scored-based approaches also have
an added advantage of providing a complete representation as they fully characterises the underlying
distribution in the data. In practice, a parametric score-based model, s4(x), is used to approximate this
distribution.

To train s4(x), the score matching technique is used by attempting to approximate the score function,
s(z) = V 10g pdata () for the samples of pyata, by minimising the mean squared error
1 2
L5n(9) = 5 Eanpana | 50(2) = s(2)3] (2.3.13)
However,this equation is intractable due to the unknown true score, s(x) which is the target. According
to Lai et al. (2025), the solution to this problem is a tractable objective function

(0) = Eavgto [Tl + 5 o] 2319

derived through integration by parts. Once the trained score model, s4x () is obtained, it can used to
replace the oracle score in the Langevin dynamics

Tpy1 = Tn + 1 8ex (Tn) + /20 €n, (2.3.15)
where ¢, ~ N(0,I), n =0,1,2,..., initialised at xo and 7 is the step size. This expression can then be

used for sampling the new data , x4 (Lai et al., 2025; Song et al,, 2021).

Applied to mass spectrum prediction, score-based methods are more likely to understand the patterns
in the data compared to DDPM because they particularly directly focus on the “shape” of the data
distribution (Nichol and Dhariwal, 2021; Song and Ermon, 2019). Specifically, the score-based models
directly learn the score function, V, log p(z) which points to regions of high data likelihood. In contrast,
DDPMs reconstruct the data gradually from noisy data without explicitly considering the gradient of
the true distribution leading to less precise restoring. However, score-based methods are also very slow
because they require several evaluations of score network by the numerical solver (Jolicoeur-Martineau
et al., 2021).
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2.3.4 Discrete diffusion and Categorical diffusion

Discrete Diffusion Models are another class of diffusion models intended to address the limitations
of standard diffusion approaches on discrete data tasks such as text generation, molecule design and
categorical data generation. In particular, standard diffusion models and their guiding mechanisms
rely on computing gradients, which is not feasible in a discrete setup (Schiff et al,, 2025). Even
discrete extensions of these models are not ideal for controllable generation. Furthermore, the perplexity
performance of standard diffusion models still lags behind that of autoregressive models (Schiff et al.,
2025; Feng et al., 2025).

Discrete Diffusion Models can be categorised into two primary architectures according to the nature of
the reverse process. The first includes Masked Diffusion Models (MDMs), which begin with masked
sequences, while the second uses a reverse process that starts from sequences of tokens sampled randomly
from a vocabulary or discrete state space (Feng et al., 2025). In this study, the focus is placed on MDMs
because they are more closely related to the masked spectrum prediction problem. It is worth noting
that Discrete Diffusion Models become particularly relevant when binning is applied to mass spectra,
thereby discretizing the spectra into bins (de Jonge et al., 2025).

MDMs can be formulated within the Discrete Denoising Diffusion Probabilistic Models (D3PMs) frame-
work, which defines both forward and reverse processes based on earlier works (Yu et al., 2025; Feng
et al,, 2025). To better understand MDMs, consider a diffusion process over categorical one-hot vectors,
y with K classes such that, y € {0, 1} with Zfil y; = 1 (Schiff et al., 2025; Yu et al., 2025; Li et al.,
2025). The forward process then relies on a time-dependent stochastic transition matrix, Qs € REXK,
whose (i, j)-th entry is the probability of the transition to the i-th state at time ¢, given the j-th state
at time s (Schiff et al., 2025; Yu et al., 2025). A Markov corruption process is induced over this matrix
as follows:

q(yt | ys) = Cat(y; ™ = Qys vs), (2.3.16)

where Cat(-;7) denotes the categorical distribution with probability vector 7 € AKX, and AKX is a
probability simplex such that its categorical space, V = {y € {0,1}X} c AK. Using the D3PM
framework then involves a forward Markov process

T
q(yrr | vo) = H (e | ye—1) (2.3.17)

that gradually corrupts the data into noise, and a parametrised reverse process

N

po(yor) = H (ye—1 | we), (2.3.18)

that learns to denoise the data (Yu et al.,, 2025; Schiff et al., 2025). In order to simplify the processes
in equations 2.3.17 and 2.3.18, a simplified Mask diffusion Model is used in (Yu et al., 2025). In this
approach, the forward process replaces the input tokens with a special ([MASK]) token, and any masked
token remains throughout this process. The forward transition q(y: | yo) for any token, y at each time
step, t can then be defined as shown below.

q(ye | yo) = Cat(ys; aryo + (1 — ag)m), (2.3.19)

where m € {0,1}¥ is the one-hot vector corresponding to the [MASK] token, and a; € [0,1] is the
monotonically decreasing schedule such that ag =~ 1 and ap = 0. The reverse process then aims to
denoise the masked sequence by replacing the [MASK] tokens with predicted ones (Yu et al., 2025). In
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addition, the unmasked tokens also remain unchanged during this reverse process, such that the reverse
posterior at a previous time, s is then conditioned on ¥; and yg as shown below:

Cat(ys; i), if ye #m,
q(ys | yt,y0) = 1- _ (2.3.20)
Cat (ys; 1= es)m + (o at)yo), if yo = m
1-— Ot
According to ( ). when a neural network, fy(y;) is used to predict the original data, g

from the noisy data, w, this transition equation can rewritten as shown below.

Cat(ys; yt), if ye # m,

Polys [9e) =1 (ys; (1— a)m ia;t— at)f(b(yt)), g = (2.3.21)

Using this equation, the training loss, L over the masked tokens can then be written as:

T
L= ZEyo,ylzT [—atl Z: Om(Yen) Yon 10g [ f5(ye)] ] . (2.3.22)

— 1-— Ot

where T is total number of time steps, d,,(y:, n) denotes the indicator function, d,,(y¢, n) = 1, if the
n-th token of y, is a masked token, otherwise, d,,(y:, n) = 0.

For the masked mass spectrum prediction problem, Masked Diffusion Models (MDMs) are suitable
because the data is transformed into a fixed-length representation through binning, which enables token-
based modelling of spectra. For the mass spectrum data, the binning of the spectra is a necessary
preprocessing step because it creates fixed-length vectors that are suitable for machine learning models
( , ). It is important to understand this process in relation to masked diffusion
problem. The typical binning process involves selecting the number of bins, D, which determines the
width of each bin

Mmax — Mmin
A=|—-r——"— 2.3.2
(), (2329

where m; is mass to charge ratio(m/z), mmin and mmax are the minimum and maximum mass-to-charge
ratios respectively. Next, the peaks are assigned to bins, and the corresponding value, x; for each bin
is obtained by aggregating the peaks assigned to it, as shown below:

w= Y I. (2.3.24)

i:m;EB

where zj, is the value for bin k, I; is intensity at m;, and B} denotes the k-th bin interval. From the
above steps, it is clear that the binning process converts each spectrum into a fixed-length representation
z € RP. This representation, therefore, induces a discrete structure over which masked diffusion
models are well-suited, since each bin can be treated as a token in a structured sequence under a
masking-based corruption process. In addition, masking enables the transformer based model to learn
generalizable representations of mass spectra in the presence of missing peak values resultmg from
stochastic instrument sampling and varying peptide concentrations ( , : ,

).
However, the masked discrete diffusion model (MDM) framework, while well-suited for categorical binned
spectra, can be affected by the choice of bin size, which influences the information content of the



Section 2.4. Flow matching and Categorical flow matching Page 11

model input and, in turn, the reconstruction fidelity (Madiona et al., 2019). Additionally, capturing
dependencies across distant bins can be more challenging due to the computational cost of processing
high-dimensional joint distributions, particularly in discrete settings where relationships between elements
must be learned explicitly, similar to diffusion models in other domains such as images and language
(Hayakawa et al., 2025).

2.4 Flow matching and Categorical flow matching

An alternative generative Markov framework to diffusion is Flow Matching (FM), which relies on deter-
ministic dynamics (Patel et al., 2024). Flow Matching offers a regression-based approach to estimate
the underlying vector of a continuous normalising flow directly over the time interval ¢ € [0, 1] (Eijkel-
boom et al,, 2025; Zhao et al., 2026). FM exploits the fact that the true underlying vector, u;, and
the probability path, p; are generally unknown, however, it is possible to compute the gradient using a
conditional flow formulation per example, as shown below.

w(x) = /ut(x | 1) Pz | ‘Zziiata(ml) dzxy = /ut(x | 1) pe(z1|x) dxy (2.4.1)

Compared to diffusion models, FM is simulation-free, making it a more scalable approach for continuous
normalising flows (Lipman et al., 2022). Furthermore, if p;(z1|z) is replaced with a variational distri-
bution qf parametrised by 6, the setup becomes a faster variational flow, as shown in equation 2.4.2
below, which relies on that fact if ¢/(x1 | ) and p¢(z1]x) are identical then v?(x) is equal to us(z)
(Eijkelboom et al., 2025).

vl (z) = /ut(aﬁ | 21) ¢ (21 | ) day (2.4.2)

While traditional flow matching is suitable for continuous data, it is challenged by masked spectrum
prediction task as the task presents discrete categorical data as highlighted in section 2.3.4 above.
According to Eijkelboom et al. (2025), one approach to address it limitation is categorical flow matching
(CatFlow). With CatFlow, the model learns a categorical simplex distribution over the possible outcomes
of each discrete component, rather than regressing directly in a continuous space. The variational
distribution for CatFlow also becomes a categorical distribution:

¢l (x| x) = Cat (m‘ﬂ@f(z)) . (2.4.3)

Each data point also is represented as a one-hot vector on the categorical simplex, and the flow is trained
to map a simple base distribution, ¢/ (z¢ | x) to the target categorical distribution while respecting the
discrete structure:

]
=

T d
Leatrion(6) = ~E s, Izt = k] log i (x) | . (2.4.4)
d=1k=1

where k refers to a specific category, d represents a component of the learned vector field, and K is the
total number of categories, ,uf’k(:c) =Ego (0 10) [H[:L‘Cf = k]} describes the parameters of the categorical
distribution. It is important to note that while FM and CatFlow utilise deterministic paths that result
in faster convergence, they are less resistant to error accumulation compared to diffusion models as a

result of using these deterministic paths (Yuan et al., 2026).



Section 2.5. Diffusion on structured/sequential data Page 12

2.5 Diffusion on structured/sequential data

Diffusion on structured or sequential data is important for tasks working on data with correlated elements
such as time-series or mass spectra (Cao et al., 2025). In this setting, the input data consists of ordered
elements where dependencies exist across positions, and the model is required to capture both local and
global structure.

However, this limitation can be overcome using attention mechanisms. According to \Wang et al. (2025),
using multi-head attention mechanism on spectra enabled a Diffusion Molecule Transformer (DMT) to
capture spatial dependencies in input data. Using attention, the reverse diffusion process can, therefore,
capture both local spectral structure and long-range dependencies, which is important in structured
domains such as mass spectrometry data.

2.6 Representation extraction from Diffusion Models

As mentioned, representation extraction is key to the solution required for masked spectrum prediction.
While representation learning for tandem mass spectrometry has already been explored using methods
like the transformer-based network of Bushuiev et al. (2025), which were pre-trained in a self-supervised
manner on millions of unlabelled spectra, diffusion approaches offer a better way to generate refined
representations. As highlighted by Jiang and Cai (2025), diffusion provides powerful representations and
a theoretical foundation capable of understanding semantic content.

An existing approach for representation extraction is through latent diffusion models, where an encoder—
decoder architecture is used to map the input spectrum z into a latent vector z. The diffusion process
is then applied in this latent space, and the latent variable z serves directly as the embedding, pro-
viding a compact and structured representation of the data (Jiang and Cai, 2025; Chen et al., 2024).
According to Jiang and Cai (2025), a more dynamic representation can be obtained by extending Diffu-
sion Transformers (DiT) to encode a time-step dependent vector, v; for each noise level using a single
neural network, W (xo,t) with parameters n.. This approach enables the compression of multi-level
semantic information at different levels into the directional vectors, v;. These vectors act as explicit
self-conditions that guide the denoising DiT core, assisting it in recovering the data, z directly from
the corrupted state, yielding an estimate, Z; of the original sample, as shown in Fig. 2.2.

q(xl T | XO) Forward Process

» o ::xz ’@
Latent Space

N
Po(X¢|x;, 07)

Figure 2.2: lllustration of the representation learning process (Jiang and Cai, 2025).
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2.7 Comparative Summary of DGMs for Masked Spectrum Prediction

In this section, a comparative summary of generative models in relation to the masked spectrum pre-
diction task is presented. The aim is to guide the rationale for selecting an appropriate DGM for this
study. The key strengths and limitations of each model are summarised in Table 2.1.

Table 2.1: Comparative summary of generative models for masked spectrum prediction

Model Data Type Key Strengths Limitations

DDPM Continuous ~ Strong generative capability Slow sampling (requires many steps)
(Song et al., 2022; Lai et al., (Song et al., 2022; Lai et al., 2025).
2025); Good for continuous
spectra

DDIM Continuous  Faster inference than DDPM First-order discretisation (accuracy vs

Score-Based Diffu- Continuous
sion

(Song et al., 2022).

Captures data distribution gra-
dients which is good for masked
spectrum restoration(Lai et al.,

step trade-off (Lai et al,, 2025).

Step size tuning required; sampling
still costly (Jolicoeur-Martineau et al.,
2021; Lai et al., 2025).

2025).

MDM Discrete Handles binned/categorical Sequence error rate lags behind au-
spectra suitable for masked toregressive models (Feng et al,
spectrum (Schiff et al.,, 2025); 2025);
More robust to noise/ missing
data than CatFlow (Yuan
et al., 2026).

FM Continuous  Very fast training and sampling Requires careful parametrisation; Not
(Lipman et al., 2022). suitable for discrete data (Gat et al,,

2024).
CatFlow Discrete Efficient discrete data mod- Can suffer error accumulation due to

elling; Converges faster than
FM (Eijkelboom et al., 2025).

deterministic paths.
2026)

(Yuan et al,

Based on the comparison of methods, Masked Discrete Diffusion Model (MDM) is the most ap-
propriate choice for the masked spectrum prediction problem due to its direct compatibility with the
discretised representation of binned MS/MS spectra. In particular, MDM naturally operates on categor-
ical or token-based inputs, making it well-suited for modelling structured peak sequences under masking
and reconstruction objectives. Furthermore, this kind of model provides robustness to inherent noise
and missing peak information in the data. According to Feng et al. (2025), MDMs can achieve a near-
optimal Token Error Rate (TER) using a fixed number of sampling steps, regardless of sequence length.
Compared to CatFlow, MDMs benefit from stochastic corruption and denoising processes, which reduce
the risk of error accumulation associated with deterministic generation paths (Yuan et al., 2026). While
MDMs typically incur higher sampling costs compared to some alternative discrete methods, this is an
acceptable trade-off given their improved adaptability to different masking strategies and their stability
in noisy spectral settings.



3. Materials and Methods

3.1 Dataset

The dataset used in this study consists of tandem mass spectrometry (MS/MS) spectra obtained from
large-scale proteomics experiments (\Wen and Noble, 2024). Each spectrum in the dataset represents the
fragmentation pattern of a peptide precursor ion in the form of a collection of detected peaks described
by their mass-to-charge ratio (m/z) and intensity. These two quantities are important to the machine
learning task because they define the structure of the mass spectrum sample as illustrated by the average
spectrum shown in Fig. 3.1.

Mass Spectrum Summary (250,000 spectra)

Mean Mass Spectrum (Unnormalized) Maximum Spectrum Envelope (Unnormalized)

0.150
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Intens
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a
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0'0000 ' 500 1000 1500 2000 2500 1500 2000 2500

m/z m/z
Figure 3.1: Average and maximum spectra based on 250,000 randomly sampled spectra from the training
dataset.

In addition to spectral peaks, the dataset also contains several metadata fields associated with each
spectrum, including precursor mass, precursor charge state, precursor intensity, retention time, collision
energy, hyperscore, peptide sequence, peptide length, and fragmentation method such as higher-energy
C-trap dissociation (HCD), and collision-induced dissociation (CID). These metadata fields are useful
during downstream evaluation of the learned embeddings because they provide contextual information
about the spectra and can help assess the type of structural information captured by the model repre-
sentations. The metadata also exhibits meaningful correlations, as shown in Fig. 3.2, such as between
precursor charge and sequence length, and precursor m/z and sequence length. These relationships
reflect known physical and biochemical properties of peptide fragmentation, indicating that the dataset
contains structured dependencies that are expected to be captured in the learned embeddings by the
diffusion-based encoder.

14
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Metadata Correlation Matrix
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Figure 3.2: Correlation matrix of meta data fields based on 250,000 randomly sampled spectra from the
training dataset.

3.1.1 Key features

Each spectrum in the data is a variable-length sequence of pairs of mass-to-charge ratio and inten-
sity, (m/z;, I;) ordered in ascending according to mass to charge ratio. The number of peaks varies
significantly across the spectra depending on the nature of the precursor, instrument sensitivity and
fragmentation efficiency.

Noise in the MS/MS data is a key feature because it leads to spectra containing both informative
peaks and uninformative noise peaks. The noise comes from both instrument and acquisition processes.
Because raw spectra can vary in length and contains noise from measurement, preprocessing is done to
prepare it for the machine learning task. This preprocessing includes a number of tasks such as peak
filtering and normalisation as discussed in section 3.2.
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3.1.2 Dataset Statistics

For this study, | utilize two datasets; small experimental dataset for ablation studies, and a large
evaluation dataset for comparison with a baseline. For the large-scale evaluation dataset, we consider
18,255,265 spectra samples from 82 PRoteomics |IDEntifications (PRIDE) database projects. This
dataset contains 1,805,830 unique sequences and 1,493,218 unique unmodified peptides. It was also
split into 11,703,040 training samples, 790,417 validation samples and 5,761,808 test samples. The
experimental dataset contains 180,000 samples, partitioned as 130,000 samples for training, 10,000
samples for validation, and 40,000 samples for test set. The distribution of samples across different
metadata categories also reveals varying levels of class imbalance, which may influence the type of
spectral patterns learned during training as shown in Fig. 3.3. As an example, based on the sequence
length distribution, the model is training on more spectra with medium length compared to very short
and very long sequences which is likely to affect its performance on the under-represented shorter or
longer sequences in the data.
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Figure 3.3: Overview of key distributions in the training spectra dataset.

3.2 Data Preprocessing

Because raw MS/MS spectra vary in length, intensity scale, and noise level, preprocessing is required
before the data can be used for model training. The preprocessing pipeline consists of spectrum filtering
and cleaning, normalisation, fixed-length padding, peak ordering, and masking operations. These steps
transform the spectra into consistent input suitable for the diffusion-based learning framework in this
study.

3.2.1 Spectrum Filtering and Cleaning

The first preprocessing step involves filtering and cleaning the raw spectra to reduce the impact of noise
on the machine learning process as well as remove unnecessary peaks. Peaks outside the selected mass-
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to-charge ratio range are discarded because they often contain unreliable or low-quality measurements.
Low-intensity peaks are also filtered to suppress instrument noise and background chemical signals that
do not contribute useful information to the learning task. In addition, precursor ion peaks are removed
from the fragment spectrum to prevent the model from relying on simple reconstruction cues during
training.

3.2.2 Normalisation

Normalisation is applied to reduce variations between spectra caused by differences in acquisition con-
ditions, instrument sensitivity, and total ion current. This process ensures that the model focuses on
the structural relationships between peaks rather than differences in scale across experiments. Since
the input data is two dimensional, two sets of normalisations are implemented for spectra intensity and
m/z separately as discussed below:

i) Intensity Normalisation: This normalisation is performed to stabilise the distribution of fragment
intensities across spectra. A square-root transformation is first applied to reduce the effect of extreme
intensity values and improve numerical stability during training. The transformed intensities are Lo
normalised to ensure consistent scaling across the spectra while preserving relative peak relationships.

ii) m/z Normalisation: The m/z values are normalised using maximum normalisation to a fixed
numerical range to ensure consistency across spectra. This ensures that the positional information of
peaks is represented on a common scale that can be processed effectively by the transformer-based
model architecture.

3.2.3 Peak Ordering

Before padding, peaks are ordered according to ascending order of the mass-to-charge values. This
preserves the natural physical structure of the spectrum and ensures that neighbouring peaks maintain
their relative positional relationships along the mass axis.

3.2.4 Fixed-Length Padding

Since the number of peaks present in each spectrum varies significantly across samples, each spectrum
is padded to a fixed vector length after preprocessing. This ensures that the spectra are processed
efficiently in batches. In addition, padding values are added only when necessary, and padding masks
are used during training to ensure that padded positions do not contribute to the learning process.

3.2.5 Masking

Since the study involves masked peak prediction for self-supervised learning objective, masking is applied
such that during training, a subset (40%) of spectral peaks is hidden from the model, and the diffusion-
based encoder is required to reconstruct the masked peaks using the surrounding spectral context.

In particular, a combination of Thompson sampling and span masking is used. This masking strategy is
termed Thompson span masking. It begins by assigning each spectral peak a sampling score based on
its normalized intensity using a Thompson sampling-inspired approach ( , ). We consider
I; € [0,1] to denote the normalized intensity of peak i. A sampling score, s;, is then obtained from a
Beta distribution,

si ~ Beta(a + kI, B + k(1 — I}))),
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where «, 8, k, and «y are hyperparameters controlling the shape of the distribution. Peaks with higher
sampled scores are selected as anchor peaks, around which contiguous spans of neighbouring peaks are
then masked (Joshi et al,, 2020). The masking also scheduled according to the diffusion time step
during the training process.

3.3 Model Architecture and Experimental Environment

3.3.1 Model Architecture

The diffusion architecture of the model used in this study inspired by Jiang and Cai (2025). The proposed
foundation diffusion model consists of a latent encoder transformer with a Diffusion Transformer (DiT)
designed to operate on preprocessed spectra represented as token sequences made of up to 200 peak
tokens generated from a peak embedder. Based on the design, the final spectral embeddings are
extracted as latent tokens from the latent encoder as shown in Fig. 3.4. The system consists of several
components including: a peak embedder, a time embedder, a latent encoder transformer and a DiT as
discussed below.
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Figure 3.4: Flow Chart of Model Architecture

i) Peak Embedder:

Before the spectral peaks are processed by the main transformer architecture, they are converted into
token embeddings using a Multi-scale Peak Embedding module to ensure a compatible and uniform
learnable representation of the spectra. To achieve this, the normalised m/z values are first encoded via
a set of learnable sinusoidal frequencies, which are initialised to logarithmically-spaced periods spanning
the domain of the normalised m/z. This produces a 768-dimensional sinusoidal representation of the
peaks,as inspired by Voronov et al. (2022). This representation is further concatenated with the intensity
values, and processed by a two-layer Multi-Layer Perceptron (MLP) with a RelLU activation, before
projecting the output into a second two-layer MLP designed to yield a 768-dimensional peak-level
embedding.

ii) Time Embedding:
The system also utilises a Time Embedder Module that conditions the latent encoder and DiT on the
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current stage of the diffusion process. The time-steps are processed as normalised steps (¢ € [0, 1])
scaled to a maximum period of 10,000 to ensure multi-scale representation of diffusion time, before
being projected onto exponentially-spaced frequencies and encoded using corresponding sine and cosine
functions, yielding a fixed 768-dimensional sinusoidal representation. This fixed sinusoidal representation
is then processed through a two-layer MLP with a SiLU activation function to project into a 768-
dimensional time embedding that serves a conditioning signal for the model.

iii) Latent Encoder:

The latent encoder is implemented as a unified transformer encoder consisting of four stacked layers,
each configured with a hidden dimension of 768, 12 attention heads, a feed-forward dimension of 1024
and a 0.1 dropout rate. The feed-forward and hidden dimensions are inspired by Eloff et al. (2025). Our
encoder is, however, time-dependent, as inspired by Jiang and Cai (2025). However, unlike(Jiang and
Cai, 2025), our encoder operates on the clean (unmasked) spectrum, xy while incorporating time-step
information via a learnable time-step embedding injected into the encoder’s attention blocks (specifically
to the [LATENT] token modulation) in order to produce a time-dependent global latent representation
used for conditioning the diffusion process. We hypothesize that the learned time-step embedding, ¢
helps the encoder produce a more meaningful latent vector v;, which is passed to the DiT during the
diffusion process. This time-step embedding is also used during evaluation to obtain predictions from
the encoder.

The encoder also includes positional encoding in form of Rotary Position Embeddings (RoPE) based the
m/z-sorted peak sequence with a rotary fraction of 0.25, which is applied to the encoder’s attention
module. Each encoder layer utilises Flash Multi-Head Attention (FlashMHA) for efficient kernel-based
self-attention computation. In addition, each layer follows a transformer block architecture comprising
self-attention, residual connections, layer normalisation, and a position-wise feed-forward network as
shown in Fig. 3.5.
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Figure 3.5: Flow Chart of Latent Encoder Architecture

During the forward pass, the clean spectrum, zq is first embedded using the peak embedder into a
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sequence of tokens, to which a special [LATENT] token is prepended. The temporal conditioning need
for conditioning on diffusion time-step, t is injected directly into this latent via a learned time embedding.

Finally, the encoder outputs a sequence, whose first token ([LATENT] token) serves a global summary of
the spectrum. This latent token is extracted as the time-dependent conditioning vector, v, and projected
into the DiT decoder’'s embedding space through a linear transformation. In addition, this latent token
is also retained as the spectral embedding used for downstream evaluation tasks following training. It is
also worth noting that the remaining tokens from encoder are discarded during downstream processing
to ensure a strict information bottleneck in which the entire spectral structure is compressed into a
single learned latent representation, v; used to guide the reconstruction process by the DiT decoder.

iv) De-noising Transformer:

The de-noising transformer is implemented as a Diffusion Transformer (DiT) consisting of six stacked
layers, each using the same hidden dimensionality, number of attention heads, and dropout rate as the
latent encoder. Structurally, the DiT is closely aligned with the latent encoder in terms of architectural
scale and transformer block design. However, while the encoder operates exclusively on clean spectra xg,
this decoder operates on corrupted (masked) spectral inputs, z; and performs conditional reconstruction
of the original signal.

Similar to the latent encoder, the decoder employs RoPE position embeddings, and FlashMHA to ef-
ficiently model interactions between spectral peaks. Each decoder layer consists of a self-attention
block, a cross-attention block, and a position-wise feed-forward network as shown in Fig. 3.6, with each
sub-layer preceded by layer normalisation and connected through residual pathways. The primary archi-
tectural distinction from the encoder is the inclusion of cross-attention and Adaptive Layer Normalisation
(AdaLN), both of which enable the decoder to incorporate information from the latent representation,
v; from the encoder.
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During the forward pass, a corrupted spectrum, x; is generated through the masking process described
in section 3.2.5. The corrupted spectrum is subsequently embedded using a dedicated peak embedder,
producing a sequence of token representations. A special decoder [LATENT] token is prepended to this
sequence, to which the time-step embedding is directly added. As a result, the decoder receives explicit
diffusion time-step conditioning through this latent token while preserving the physical representation
of the spectral tokens themselves.

The decoder is further conditioned on the latent representation, v; generated by the encoder. First,
vy is supplied as the memory input to the cross-attention module in every decoder layer. Because the
memory consists of a single latent token, each corrupted spectral token attends only to a compact
global summary of the clean spectrum. This bottleneck encourages the latent representation to capture
high-level spectral structure while preventing direct token-level information transfer between the encoder
and the DiT.

Secondly, the same latent representation, v; is used to modulate internal activations through a variant
of Adaptive Layer Normalisation (AdaLN) without gating, as inspired by ( ) and

( ). Each decoder layer contains three independent AdaLN modules applied immediately
before the self-attention, cross-attention, and feed-forward sub-blocks. Given a normalised activation,
Zq, AdalLN applies a transformation of the form

AdaLN(z4,v;) = 24 © (1 4+ v(v¢)) + B(vy),

where ® denotes element-wise multiplication, y(v:) and [3(v;) are the scale and shift respectively. The
scale and shift parameters are generated directly from the latent conditioning vector, v using a linear
projection applied to a SiLU-activated embedding of v¢, producing a 2d-dimensional vector that is equally
split into v and 3 where d is the hidden dimension of 768.

Within each decoder layer, the self-attention is also first applied over the corrupted spectral tokens,
allowing information exchange between observed and masked positions. The resulting representations
are then refined through cross-attention using v, followed by a position-wise feed-forward network that
transforms each peak token independently. This sequence of operations is repeated across all six decoder
layers before a final layer normalisation is applied.

Finally, the decoder’s output consists of reconstructed token representations corresponding to each
spectral peak. These representations are then passed to a trainable prediction head for masked peak
reconstruction, m/z prediction, auxiliary tasks, and spectral representation learning objectives.

iv) Learning Objective:

Unlike previous work by ( ) that utilises a variant of the simple objective function,
Lgimple . as highlighted in section 2.3.1, our model is trained using a multi-objective loss function
comprising a masked reconstruction loss Liecon, @ contrastive loss Lcontrast, @ variance regularisation
term Lyar, a full reconstruction loss Lyecon_full, an m/z prediction loss Lz, and an auxiliary intensity
regression loss L,ux. The overall learning objective is expressed as:

L"total = >\recon£recon + Arecon_fullﬁrecon_full + Acontrastﬁcontrast + )\mzﬁmz + >\aux£aux + )\varﬁvan

where the A-terms are weighting coefficients that control the relative contribution of each loss compo-
nent. This objective function is selected based on empirical observations to prevent embedding collapse,
which is possible when using Lgmple, Where the diffusion model tends to prioritise reconstruction fidelity
without enforcing structure in the learned representation. The components of the multi-objective loss
function ensure that the model learns embeddings that are robust and carry meaningful information, as
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discussed below. As part of the experiments, we also investigate a variant of the multi-objective loss
that includes the centroid regularisation highlighted in section 2.1.

a) Reconstruction Loss

The reconstruction objective follows masked modelling approaches inspired by Masked Autoencoders
and denoising diffusion models ( , ; , ), recovering missing spectral peak
embeddings from partial observations through a masked mean squared error objective:

A 2
> miug lyes — nall
b

: (3.3.1)

['recon =
D Z mpl+ €
bl

where y;, ;| € RP denotes the clean DiT peak token at position [ in batch element b, Vb1 € RP denotes
the corresponding decoder prediction, mp; € {0, 1} is a binary masking indicator, and £ = 10~ ensures
numerical stability when the number of masked positions is small.

b) Full Reconstruction Loss
In addition to masked prediction, a global reconstruction, Lyecon_full term enforces consistency across
all peak-token embeddings:

1

L
~ 2
Lecon_full = 571 Z:; ; 1yo0 = Foull5 (3.3.2)

where L is the length of the spectral token sequence. Unlike Lyecon, Which is restricted to masked
positions, this term penalises reconstruction error across the entire sequence, encouraging consistency
in both masked and unmasked regions and stabilising training.

c) Contrastive Loss
The contrastive objective follows the InfoNCE formulation used in self-supervised representation learning

( , : , ). Given a batch of B spectra, each spectrum latent

embedding, v} is paired with an augmented view, v, . producing embedding pairs (v{,v,,.) for i =
1,..., B. The pairwise similarity logits are computed as:
Vi)

Sij = % (3.3.3)

where v is L2 normalized latent embedding and 7 is a temperature hyperparameter controlling the
sharpness of the distribution. The contrastive loss is then obtained as the cross-entropy loss

B
1 exp(S;;
£contrast = _E Z log B;“)a
=1

7 exp(Sy) (3.3.4)

where the diagonal entries S;; correspond to positive pairs and off-diagonal entries S;; ;; are treated
as negatives. This encourages the encoder to produce augmentation-invariant representations by pulling
together embeddings of the same spectrum while pushing apart embeddings of different spectra.

d) m/z Prediction Loss

The m/z prediction objective supervises the model to predict the m/z value of each masked spectral
peak. Predictions are made using a two-stage hierarchical classification head, where the m/z range
[m/Zmin, M/Zmax| is partitioned into G groups of K bins each, giving a bin resolution of 6 Da. For
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each masked position 4, the head produces group logits g; € R“ and offset logits o; € RX. The loss
objective is then:

1 X
Loz = oo O |wg - CE(gs, 7) + w, - CE(0;, 0])], (3.3.5)
IMIE%
where CE(p,y) = —log softmax(p), denotes the cross-entropy loss between logits p and ground-truth

class y, M denotes the set of masked positions, g; and o] are the ground-truth group and offset bin
indices for the true m/z value at position 7, and weighting coefficients are wy and w,. This loss directly
supervises fragment ion m/z recovery at masked positions, forming a strong indicative bias for the
model.

e) Auxiliary Intensity Loss

An auxiliary supervision term is introduced for peak-level intensity prediction using the Huber loss, as
inspired by ( ):

1 N
Eintensity - W Z HUber(I’ia Iz*a 6)a (336)

iEM

where I; and I denote the predicted and ground-truth intensities at masked position %, respectively, M
is the set of masked positions, and § = 0.1 is the transition parameter that determines the boundary
between the quadratic and linear regions of the loss function. The Huber loss is defined as

A

I—T* 2 R
) =LY i<
Huber(1, I*;6) = 26 (3.3.7)

- 0
I —I*|— 3 otherwise.
This loss is computed only over masked positions and improves robustness to outlier intensity values

arising from noise and sparsity in MS/MS spectra.

f) Variance Regularisation
To prevent embedding collapse, a VICReg-style regularisation is applied to the un-normalised Latent

token embeddings, z € RB*P ( : ). It combines a variance term and a covariance
term:
P A )
Loar = 22 max(0, v —o05) + = > _[C]7, (33.8)
D 4 D
j=1 i#£]
where o; = (/Vary(2 ;) + € is the standard deviation of the j-th embedding dimension across the

batch, ~ is the target minimum standard deviation, C € RP*P is the batch covariance matrix with

diagonal zeroed out, and weighting coefficients being A, and .. The variance term prevents dimensional
collapse by penalising dimensions whose variance falls below ~, while the covariance term decorrelates
embedding dimensions to maximise the information content of the representation.

g) Centroid Loss
The centroid regularisation term, Lcent defined below provides physics-informed supervision over the
spectral distribution using the spectral centroid defined in Section 2.1.

1

B 2
‘Ccent = E l)z:;(mc,b - mc,b) ) (339)
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where m.; and 1., denote the spectral centroid of the ground-truth and predicted peak embeddings
for batch element b, respectively. This term penalises shifts in the spectral centre of mass between
predicted and true embeddings, encouraging the model to preserve the global mass distribution of the
latent representation.

v) Optimiser:

During training, the model is optimised using the AdamW optimiser with a learning rate of 5 x 1074,
and a weight decay of 0.1. To ensure stable convergence, a cosine warmup-hold learning rate schedule
is employed. The learning rate is linearly increased over the first 10% of training steps, followed by
a holding phase at the maximum learning rate for the subsequent 5% steps, before being smoothly
decayed following a cosine schedule to a minimum value equal to 10% of the base learning rate.

The training is performed with an effective batch size of 256, combined with gradient accumulation
over 4 steps to improve gradient stability and ensure robust optimisation. Hyperparameter tuning
was performed using manual search. Although manual search can be less efficient than automated
optimization methods, as highlighted by ( ), it was considered appropriate in this
study due to limited computational resources.

3.3.2 Experimental Environment

The foundational diffusion model was implemented using PyTorch and the Hugging Face Accelerate
Python Libraries. Training and evaluation were executed on the Alchor machine learning platform using
a containerised Docker environment.

Training was performed on a single compute node with four H100 NVIDIA GPUs, each providing 80 GB
of High Bandwidth Memory, and 96 CPU cores. Accelerate was used for distributed multi-GPU training.
TensorBoard and MLflow were used to track training progress, model performance, dataset metadata,
and system resource utilisation throughout training. However, for the sanity check and ablation studies,
a smaller compute setup, consisting of one H100 Colab runtime with 80GB of memory, was used due
to limited access to the bigger compute resources.

The foundation model was trained for 30,000 optimisation steps using an effective batch size of 256.
Checkpoints were saved every 10,000 steps, and the best-performing checkpoint, determined by the
validation loss, was retained for downstream evaluation. For sanity check and ablation studies, 14,400
optimisation steps with batch size of 128 were used.

3.4 Model Evaluation

This section describes the baseline model and the evaluation metrics used for assessment of the trained
diffusion model.

3.4.1 Baseline

The baseline model used in this study is an existing state-of-the-art foundation transformer encoder
developed and provided by the InstaDeep team ( , ). This model is an encoder-only
transformer consisting of nine transformer layers, twelve attention heads, a hidden dimension of 768,
and a feed-forward dimension of 1024. It also uses a preprocessing pipeline similar to that described in
Section 3.2, including normalisation, peak ordering, fixed-length padding, and masking. Comparisons
between the baseline and our diffusion-based encoder model were performed using the same embedding
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evaluation pipeline, allowing the impact of diffusion-based representation learning on embedding quality,
latent space structure, and downstream predictive performance to be assessed.

3.4.2 Model Evaluation

The model was evaluated using an embedding-based assessment pipeline. Evaluation was performed on
the validation split of the dataset using the best-performing model checkpoint. Embeddings were gen-
erated using the same preprocessing pipeline employed during model training. The evaluation consisted
of three tasks; embedding statistics, linear probe classification, and UMAP visualisation. A maximum
of 140,000 spectra were used for evaluation with a fixed random seed of 42 to ensure reproducibility.

i) Embedding Statistical Metrics

Embedding statistical metrics were used to characterise the structure and distribution of the learned
latent space. Metrics included embedding norm statistics, variance utilisation, principal component
analysis (PCA) explained variance, silhouette score, and pairwise cosine similarity distributions. These
metrics were used to assess embedding diversity, clustering behaviour,and potential representation col-
lapse as discussed below.

= Embedding Norm Statistics. Embedding norm statistics were computed by measuring the
L2 norm of each embedding vector and summarising the resulting distribution using the mean,
standard deviation, and coefficient of variation. These metrics were used to assess the consis-
tency of embedding magnitudes and verify that the latent representations remained appropriately
normalised.

= Collapse Indicator: A collapse indicator was computed as the norm of the mean embedding
vector across all samples ( , ). This metric was used to detect representation
collapse, where embeddings become concentrated around a common direction and lose diversity.

= Per-Dimension Variance: Per-dimension standard deviation statistics were computed by mea-
surlng the standard deviation of each latent dimension across the evaluation set ( ,
: . ). The mean and minimum standard deviation values were used to assess

the utilisation of latent dimensions and identify potentially inactive features.

= PCA Explained Variance: Principal Component Analysis (PCA) was applied to the embedding
matrix to analyse the distribution of variance within the latent space ( , ). Cu-
mulative explained variance ratios and the participation ratio were used to estimate the effective
dimensionality of the learned representation and determine whether information was concentrated
within a limited number of components.

» Pairwise Cosine Similarity: Pairwise cosine similarities were computed between randomly sam-
pled embedding pairs ( , ). The mean and standard deviation of the similarity
distribution were used to evaluate embedding diversity and identify potential representation col-
lapse resulting from excessively similar embeddings.

» Clustering Structure: K-means clustering was applied to the embedding representations to
investigate latent space structure. Cluster quality was evaluated using the silhouette score, as
introduced by ( , ). These analyses were motivated by prior representation-learning
studies that examine latent space structure and clustering behaviour ( , :

: ).

= Overall Quality Score: A composite embedding quality score was computed from a set of
threshold-based validation checks derived from the embedding statistics. The score provided a
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high-level summary of latent space quality and was used to identify potential representation issues
requiring further investigation.

ii) Linear Probes

Linear probe experiments were conducted by training simple linear classifiers and linear regressors on
the learned embeddings, as inspired by ( ), ( ) and

( ). For the classifiers, the performance was measured using accuracy, while the regression tasks
were measured using the coefficient of determination, R%. These experiments were used to evaluate the
extent to which biologically relevant information was encoded within the latent representations, v;.

iii) Embedding Visualisation

Uniform Manifold Approximation and Projection (UMAP) visualisation was used to project the high-
dimensional embeddings into a two-dimensional space for qualitative inspection of cluster structure and
group separation, as inspired by ( ) and ( ). Together, these
evaluation tasks provided both quantitative and qualitative measures of representation quality, latent
space organisation, and downstream predictive utility.

3.5 Experimental Design

3.56.1 Sanity Check

In this study, sanity check experiments, as listed in Table 3.1, were conducted using the MNIST dataset
to verify the correctness of the diffusion model implementation and the representation extraction pipeline
( , ). For this check, the MNIST data undergoes an additional step before the main
preprocessing pipeline to convert the 28 x 28 images into spectrum representations. This is achieved by
using the value of each pixel as its intensity and the corresponding pixel position index as the associated
m/z value, as shown in Fig. 3.7. The resulting 784-dimensional spectrum is then compressed to 300
dimensions using linear interpolation before being used to train the model and generate embeddings
for the MNIST samples. Successful separation of digit classes in the embedding space is used as an
indicator that the learned representations capture meaningful semantic information. These results,
together with UMAP visualisations of the MNIST embeddings, are also compared with previous studies
that use diffusion models for representation learning on the MNIST dataset.

Original MNIST Image (Label=5) MNIST Data Spectrum
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Figure 3.7: Visualization of the preprocessed MNIST data. Left: original MNIST image (28x28). Right:
corresponding 300-dimensional compressed spectrum obtained via linear interpolation for dimensionality
reduction.
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Table 3.1: Sanity check experiment configurations used in the experiments.

Experiment Description

Sanity-CL Contrastive-loss-only sanity check without AdaLN
Sanity-DF Diffusion (DF) objective-only sanity check without AdaLN
Sanity-AUX Full model without auxiliary loss (AUX) without AdaLN
Sanity-AdaLN Full multi-objective with AdaLN

Sanity-base Full multi-objective loss setup without AdaLN

3.5.2 Foundational Diffusion Model Experiment

The foundational diffusion model experiment forms the main experimental setting of this study. The
model is trained using the full multi-objective loss, and evaluated on the large data set described in
section 3.1.2. The dataset is split into training, validation, and test sets to ensure proper evaluation
and avoid overfitting.

Training is performed using hyperparameters summarized in Table 3.2. The same preprocessing pipeline
described in section 3.2 is applied to all data splits. Once this foundational model is trained, the results
obtained from it are compared with the baseline using the evaluation metrics highlighted in section 3.4.

Table 3.2: Training hyperparameters for the foun-

dational diffusion model

Table 3.3: Training hyperparameters for the sanity
check and ablation experiments.

Parameter Value Parameter Value
Learning Rate 5x 107 Learning Rate 5x 107*
Batch Size 256 Batch Size 128
Gradient Accumulation 4 Gradient Accumulation 4
Weight Decay 0.1 Weight Decay 0.1
Optimizer Adam Optimizer Adam
Gradient Clipping 1.0 Gradient Clipping 1.0
Number of Training Steps 30,000 Number of Training Steps 15,234
Validation Interval 10,000 steps Validation Interval 1,000 steps
Warmup Fraction 0.1 Warmup Fraction 0.1
Learning Rate Scheduler Cosine Learning Rate Scheduler Cosine
warmup- warmup-
hold hold
Minimum LR Factor 0.1 Minimum LR Factor 0.1
Seed 101 Seed 101
Diffusion Evaluation Time-Step 100 Diffusion Evaluation Time-Step 100

(t)

Q)

3.5.3 Ablation Experiments

For this study, ablation studies, focusing on the components of the multi-objective loss function and
AdaLN, were done to evaluate the contribution of these components to the proposed diffusion framework,
as described in Table 3.4. All ablation experiments follow the hyperparameter configuration in Table
3.3.
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Table 3.4: Ablation experiment configurations used in the experiments.

Ablation Description

Ablation-1:DF Model using diffusion masked reconstruction loss (DF) only objective
without AdalLN (>\recon = 0-5»>\recon_full = 07)\contrast = Oa Amz =
07 )\aux = 07 )\var = 0)

Ablation-2:+CL Contrastive loss added to Ablation-1: DF (Arecon = 0.5, Arecon_full =
07 )\contrast = 2-07 >\mz = 07 /\aux = 07 /\var = 0)

Ablation-3:+RL Reconstruction loss added to Ablation-1: DF  (Arecon =
0-5; )\recon_full = 0~17 )\contrast = 07 )\mz = 07 )\aux = O> /\var = 0)

Ablation-4:4+CL+RL Joint contrastive and full reconstruction losses added to Ablation-1:
DF ()\recon = 05a )\recon_full = 0~]-7)\contrast = 203 )\mz = Oa)\aux =
07 )\var = 0)

Ablation-5: CL-only Contrastive loss objective-only model without AdaLN (Arecon

O, )\recon_full = 07 )\contrast = 1-07 /\mz = 0; /\aux = 07 /\var = O)

Ablation-6: AUX-only Auxiliary-loss-only model without AdaLN (Arecon = 0, Arecon_full =
07 )\contrast = 07 /\mz = 0~5> )\aux = 0'27 )\var = 0)

Ablation-7: +VAR Variance loss added to Ablation-4:4+CL4+RL  (Arecon =
0~5a Arecon_full = 017 )\contrast = 20, )\mz = 07 >\aux = 07 )\var = 05)

Ablation-8:+VAR +AUX Variance and auxiliary losses added to Ablation-4:4-CL+RL (Arecon =
O~57)\recon_1’ull = O-L)\contrast = 2-07/\mz = 0~5;/\aux = O-L)\var =
0.5)

Ablation-9: Full Full multi-objective model (with no centroid loss and AdaLN)

()\recon — 057 >\recon_fu|| = 01’ )\contrast = 20, )‘mz = 05, )\aux =
0.1, Avar = 0.5, Acent = O)

Ablation-10:Full+CENT Centroid (CENT) loss added to Ablation-9:Full (Mecon =
0~57 )\recon_full = 0~1;)\contrast = 2'Oa)\mz = 0~5a/\aux = 0~1;)\var =
0.5, Acent = 0.5)

Ablation-11: Full+CENT+AdaLN  Full model with centroid loss and AdaLN




4. Results and Discussion

This chapter presents and discusses the results from the evaluation of the proposed foundation diffusion
model. First, we present sanity check experiments on the MNIST dataset to validate the correct imple-
mentation of the model and training pipeline. We then present ablation studies on mass spectrometry
data to assess the contribution of different components and loss functions used in the model. Finally,
we provide a comparison of the proposed model against the baseline to qualify its overall performance.
In the experiments, we evaluate the latent representations of mass spectra using UMAP visualisations,
linear probe performance, pairwise similarity distributions, and embedding statistics to understand both
the structure and quality of the learned embedding space. While this section discusses the key findings,
additional results for sanity and ablation experiments are shown in the Appendix A and B.

4.1 Sanity Check

Based on the training loss curves shown in Figure 4.1, both sanity check experiments successfully validate
effective learning of the underlying computational framework. Using Sanity-AdaLN experiment (Figure
4.1a) and Sanity-DF experiment (Figure 4.1b), we show that the our diffusion model implementation
effectively learns both the simple single loss objective in Figure 4.1b, as well as the harder multi-
loss objective in Figure 4.1a. Specifically, in both experiments, the models achieve stable convergence,
providing initial evidence that the optimization pipeline, loss formulations, and underlying computational
graph are implemented correctly.

Loss Overview (Train + Valid) for Sanity-AdaLN Experiment Loss Overview (Train + Valid) for Sanity-DF Experiment
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Figure 4.1: Training and Validation Loss for Sanity check experiments

To assess the model's ability to learn meaningful latent representation, the two experiments; Sanity
AdaLN and Sanity-DF were conducted using the MNIST data before applying the architecture to down-
stream proteomics mass spectra. In Figure 4.2a, the Sanity-AdaLN experiment produces well-defined
clusters, with samples belonging to the same digit class generally grouped together and separated from
other classes. In particular, clusters corresponding to visually similar digits such as 4, 7, and 9 are
positioned in close proximity, consistent with observations in previous studies on MNIST embeddings
by Jiang and Cai (2025) and Hosseini-Asl et al. (2016), indicating that the learned embeddings encode
semantic information. In contrast, the Sanity-DF experiment shown in Figure 4.2b exhibits a more
fragmented embedding structure, with samples distributed across numerous small clusters with limited
visual separation between digit classes. This indicates that, although the model is able to optimize the

30
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training objective, the resulting latent representations capture less class-discriminative information com-
pared to Sanity-AdaLN. Using these results, we show that the ability of the model can learn to produce
well-defined clusters in the embedding space with semantic information, but this ability depends on the
model architecture and training objectives.
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Figure 4.2: UMAP Visualisation of Embeddings from MNIST

The results in Figures 4.3 and 4.4 together with Table 4.1 were used to further validate our embedding
evaluation pipeline. In Figure 4.3, we show that the pairwise similarity distribution of the embeddings
is consistent the observations from the UMAP visualizations. In particular, the better performing sanity
configuration, Sanity-AdaLN in Figure 4.3a exhibits a well-distributed similarity profile that is approxi-
mately Gaussian, centred at a mean cosine similarity of ;+ = 0.536 with a standard deviation of o = 0.126
, and most pairwise comparisons lie within the designated “Healthy” range (< 0.7), suggesting that
the latent space preserves sufficient geometric variability and maintains meaningful separation between
representations. On the other hand, the Sanity-DF configuration (Figure 4.3b) shows a strongly con-
centrated similarity distribution, with values tightly clustered near the upper bound. The mean cosine
similarity increases to p = 0.997 with a very low variance (o = 0.004), indicating that most embeddings
become nearly indistinguishable in direction. This behaviour is consistent with a collapsed representation
space, where unique inputs are represented by similar embeddings (Yao et al., 2026). The pairwise sim-
ilarity distribution, therefore, serves as an important diagnostic for evaluating potential representation
collapse.
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Figure 4.3: Pairwise Similarity Distribution of Embeddings from MNIST



Section 4.1. Sanity Check Page 32

In Figure 4.4, we show that linear probes were able to extract the semantic information encoded in the
spectral embeddings. Specifically, where the model encodes stronger semantic information, the probes
achieve 100% accuracy and class precision (Figure 4.4a), compared to the Sanity-DF results (Figure
4.4b), which show lower probe accuracy (94%) and class precision. These results confirm our choice of
using linear probes on spectral embeddings to assess semantic information.
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Figure 4.4: Linear Probe Results based Embeddings from MNIST

The results in Table 4.1 also validate our choice of embedding statistics used in the evaluation pipeline.
The values for the collapse indicator, Top-1 PCA variance ratio, participation ratio, effective number
of components at 90% variance, and quality score are consistent with the observations from UMAP
visualization, pairwise similarity distribution, and linear probes. In particular, these metrics consistently
distinguish between collapsed and well-structured representations, where poor performing experiments
such as Sanity-DF and Sanity-AUX exhibit near-maximal collapse indicators (= 0.998) and extreme
concentration in the first principal component (PCA Top-1 ~ 0.999), with an effective dimensionality of
1, indicating strong directional anisotropy and variance concentration along a single dominant direction.
It is important to note that this notion of collapse captures loss of isotropy in the representation space
rather than complete removal of task-relevant signals, such as small residual orthogonal components
that may remain linearly separable, which explains why Sanity-DF can still achieve a 95% accuracy
on the MNIST despite exhibiting strong collapse under these statistics. In contrast, better performing
experiments such as Sanity-AdaLN, Sanity-CL, and Sanity-Base maintain substantially lower collapse
indicators, higher effective dimensionality (20 to 44), and more distributed variance across components,
consistent with their higher quality scores and better separation observed in other evaluation results.

Regarding silhouette score, we note that in this setting higher silhouette values do not necessarily
correlate positively with representation quality. For example, Sanity-DF exhibits the highest silhouette
score (0.3401) despite being a collapsed representation, indicating that silhouette is sensitive to clustering
artefacts induced by anisotropy rather than meaningful semantic structure.

Overall, the sanity check results confirm that the model implementation and evaluation framework for
representation learning on spectral data is correct and suitable use for subsequent experiments using
mass spectrometry data.
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Table 4.1: Embedding Statistics summary across sanity experiments.

Sanity-Base Mean Collapse PCA Top-1 Part. Ratio  Eff. Dim. Silhouette  Mean Sim.  Qual.
Norm Ind. Score

Sanity-AdaLN 1.0000 0.7315 0.2090 135 44 0.1327 0.5362 0.90

Sanity-CL 1.0000 0.6750 0.1299 13.3 20 0.2128 0.4556 0.90

Sanity-DF 1.0000 0.9985 0.9922 1.0 1 0.3401 0.9971 0.10

Sanity-AUX 1.0000 0.9984 0.9930 1.0 1 0.3567 0.9969 0.10

Sanity-base 1.0000 0.7429 0.1835 15.6 43 0.1619 0.5525 0.90

Mean Norm Mean ¢> norm of embeddings Part. Ratio Participation Ratio

Collapse Ind.  Collapse Indicator Eff. Dim. No. components at 90% variance (effective dimensionality)

PCA Top-1 Top-1 PCA variance ratio Mean Sim. Mean pairwise cosine similarity

Qual. Score  Composite Quality Score

4.2 Ablation Experiments

In this section, we show the performance of our foundation diffusion model on mass spectra using differ-
ent ablation configurations in order to evaluate the contribution of different architectural components
and training objectives to the quality of the learned latent representations.

4.2.1 UMAP Visualisation

Figures 4.5 and 4.6 present the resulting UMAP visualizations from different ablations, assessed based
on how effectively the latent space organizes samples according to six physical properties: (a) precursor
m/z, (b) precursor charge, (c) collision energy (V), (d) retention time (s), (e) number of peaks, and
(f) peptide sequence length.

The UMAPs reveal that the model learns to organize samples within the latent space according to the
chosen loss objective. For example, the simpler reconstruction objectives (Ablation-1, Ablation-3:+RL,
and Ablation-6) show relatively compact and weakly structured embedding spaces, which is consistent
with the observations from the sanity check in Section 4.1.

On the other hand, the harder multi-loss objectives (Ablation-2:+CL, Ablation-4:+CL+RL, Ablation-
7:4+VAR, Ablation-8:4+AUX+VAR, Ablation-9: Full, Ablation-10:Full+CENT, and Ablation-11: Full+
CENT+VAR) produce improved global organization of the embedding space. The results show that
the latent space evolves into a more continuous manifold with clearer separation according to precursor
charge and precursor mass states, as well as sequence length and number of peaks. It is also worth noting
that although the harder objectives perform well, the structure and quality of their latent space is driven
mainly by the contrastive loss. According to Ablation-5: CL-only (Figure 4.5), using the contrastive loss
alone generates a similar latent space to those learned by these objectives.

Overall, our results show that the structure of the latent space learned by the different objectives is
shaped by the contribution of the competing loss functions. The resulting latent space also exhibits
patterns consistent with those observed in previous studies on mass spectra by ( ).

4.2.2 Linear Probe Results

Figures 4.7 and 4.8, present the classification accuracies and regression R? scores respectively, of the
linear probes across ablations with physical and experimental metadata targets. Specifically, for the
classification task with the harder objectives, the linear probe achieves relatively strong performance for
precursor charge prediction, with the highest accuracy observed for Ablation-9: Full at 0.910, followed
closely by Ablation-11:Full+CENT+AdaLN at 0.906, while simpler objectives (Ablation-1:DF at 0.874,
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Figure 4.5: UMAP visualization of latent embeddings across model ablations ; Ablation-1:DF,
Ablation-2:+CL, Ablation-3:4RL, Ablation-4:4+CL+RL and Ablation-5:CL-only. Columns show
observations from different ablation experiments, while rows display the same embedding projection
coloured by metadata: (a) precursor mass, (b) precursor charge, (c) collision energy, (d) retention time,

(e) number of peaks, and (f) sequence length.
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Ablation-6:AUX-only Ablation-7:+VAR Ablation-8:+AUX+VAR Ablation-9:Full
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Figure 4.6: UMAP visualization of latent embeddings across model ablations;Ablation-6:AUX-
only, Ablation-7:4+VAR, Ablation-8:+AUX+VAR, Ablation-9:Full, Ablation-10:Full+CENT and
Ablation-11: Full+CENT+AdaLN. Columns show observations from different ablation experiments,
while rows display the same embedding projection coloured by metadata: (a) precursor mass, (b)
precursor charge, (c) collision energy, (d) retention time, (e) number of peaks, and (f) sequence length.
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Ablation-5:CL only at 0.852 and Ablation-6:AUX only at 0.867) achieve relatively lower accuracies. The
classification performance for experiment name also remains consistently low across all ablations, with
accuracies ranging from 0.041 to 0.084, indicating that the model is not capturing noisy signals from
the experimental setups used to generate the spectral data.

Similarly, the regression tasks show a clear stratification in performance based on the complexity of the
objective functions and the nature of the target physical properties. For precursor m/z, complex multi-
loss frameworks yield a significant boost in linear predictability, with Ablation-11: Full+CENT+AdaLN
and Ablation-9: Full achieving peak R? scores of 0.882 and 0.880, respectively. In contrast, the simpler
objectives, like Ablation-1:DF at 0.734, yield relative lower R? scores.

Based on the linear probing results, the addition of the variance loss (Ablation-7:4+VAR) and con-
trastive loss (Ablation2:4-CL) results in a performance drop compared single-loss noise reconstruction
objective (Ablation-1:DF). Specifically, Ablation-7:4+-VAR yields the lowest R? scores for Precursor m/z
(0.700), retention time (0.301), and sequence Length (0.460), while also showing reduced precursor
charge classification accuracy (0.812). Similarly, Ablation-2:+CL encourages clustering based on dom-
inant categorical properties such as precursor charge, but appears to reduce the linear predictability
of finer sequence-level characteristics, as reflected by the lower sequence length score (0.496). These
observations demonstrate that while variance-preservation and contrastive losses fundamentally prevent
representation collapse, they do not necessarily encourage the model to distribute samples in a seman-
tically meaningful way, a finding consistent with previous studies on latent representations (

, ; : )-

In addition, the addition of centroid loss (Ablation-10: Full+CENT) introduces a clear performance
penalty across both classification and regression tasks compared to Ablation-9: Full. While centroid
regularization aims to enforce global class structure in the embedding space by clustering representations
around class centroids and reducing intra-class variance, as highlighted by ( , ), this
regularization can over-constrain feature variability and compress continuous geometric structure in the
latent space. This degrades fine-grained signals such as retention time and precursor m/z, while also
reducing the linear separability of class representations such as precursor charge states ( , ;

: ).

Overall, the results of the linear probes are consistent with the observations from the UMAPs. In
particular, the full multi-objective configurations, Ablation-9:Full and Ablation-11:Full+CENT+AdaLN,
demonstrate the strongest overall performance across both classification and regression tasks, indicating
that these representations preserve a broader range of physically meaningful information within the
latent space.
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Figure 4.7: Linear Probe Results for classification task based on Ablation Studies
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Figure 4.8: Linear Probe results for regression task based Ablation Studies

4.2.3 Embedding statistics

To further evaluate the properties of the learned latent spaces, we report a set of embedding statistics
in Table 4.2. These metrics provide complementary evidence to the UMAP visualisations and linear
probing results by capturing geometric collapse, and isotropy (reflected by the PCA Top-1 variance
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ratio (PCA Top-1), effective dimensionality (Eff. Dim.), and participation ratio (Part. Ratio) ) of the
learned representations across ablation studies. Across all configurations, the mean embedding norm
remains constant at 1.0 due to L2 normalization, ensuring that differences in representation quality are
not influenced by scale variations.

Similar to UMAP and linear probe observations, the collapse indicator and PCA statistics reveal clear
structural differences across objectives. The simple reconstruction-based objectives (Ablation-1:DF,
Ablation-3:4+RL, Ablation-6:AUX-only) exhibit high collapse and very low effective dimensionality, in-
dicating that they produce almost one-dimensional representations, further reflected by dominant PCA
Top-1 ratios (= 0.92 to 0.93).

In contrast, contrastive and variance-based objectives (Ablation-5:CL-only, Ablation-4:+CL+RL, Ablation-
7:-+VAR, Ablation-8:+AUX+VAR, Ablation-9:Full, Ablation-10:Full+CENT and Ablation-11:Full+CENT+
AdalLN) increase participation ratio and effective dimensionality, producing more distributed embed-
dings. In particular, Ablation-7:+VAR, Ablation-8:+AUX+VAR, Ablation-10:Full+CENT and Ablation-
11:Full+CENT+AdaLN achieve the highest dimensionality (up to 50 components) with reduced a PCA
dominance, indicating stronger variance spread and reduced collapse. However, we also show that
higher dispersion does not always improve structure quality. For example, Ablation-7:4+VAR shows a
sharp drop in silhouette Score (0.0438), suggesting poor alignment with semantic structure despite high
dimensionality. Similarly, CL-only training yields moderate dispersion but limited structural coherence.

The best overall embedding quality is observed for full multi-objective models (Ablation-9:Full and
Ablation-11:Full+-CENT+AdaLN), which balance dimensionality, collapse reduction, and structure. Cen-
troid regularization (Ablation-10:Full+CENT) further reduces collapse but slightly degrades structural
quality (with a reduced silhouette Score (0.0730) and mean similarity (0.4538)), which is consistent
with over-constraining intra-class variance.

Generally, the qualitative score aligns with these trends, with higher scores assigned to ablations that
maintain both sufficient embedding dispersion and meaningful geometric organisation. These results
together with the UMAP visualisations and linear probe tasks, reinforce that optimal performance arises
from a balance between preventing collapse and preserving structured variability in the latent space.
This result also validates our choice of the multi-objective loss function to train our foundation diffusion
model.

Table 4.2: Embedding Statistics summary across ablation experiments.

Ablation Mean Collapse PCA Top-1 Part. Ra- Eff. Dim. Silhouette  Mean Sim.  Qual.
Norm Ind. tio Score
Ablation-1:DF 1.0000 0.9762 0.9241 1.2 1 0.1808 0.9532 0.50
Ablation-2:4+-CL 1.0000 0.6733 0.1155 17.9 27 0.1734 0.4535 0.90
Ablation-3:4-RL 1.0000 0.9793 0.9171 1.2 1 0.2202 0.9594 0.50
Ablation-4:+CL+RL 1.0000 0.7040 0.1524 13.8 22 0.1971 0.4949 0.90
Ablation-5:CL-only 1.0000 0.6692 0.1228 16.4 28 0.1637 0.4481 0.90
Ablation-6:AUX-only 1.0000 0.9692 0.9328 11 1 0.1982 0.9398 0.50
Ablation-7:+VAR 1.0000 0.7916 0.0773 223 50 0.0438 0.6268 0.80
Ablation-8:+AUX+VAR 1.0000 0.6235 0.0633 30.1 50 0.0707 0.3889 0.90
Ablation-9:Full 1.0000 0.7405 0.0969 22.7 50 0.0996 0.5488 0.90
Ablation-10:Full+CENT 1.0000 0.6735 0.0659 26.9 50 0.0730 0.4538 0.90
Ablation-11: Full4-CENT+  1.0000 0.7452 0.0702 275 50 0.1017 0.5558 0.90
AdaLN
Mean Norm Mean 2 norm of embeddings Part. Ratio  Participation Ratio
Collapse Ind.  Collapse Index Eff. Dim. No. components at 90% variance (effective dimensionality)
PCA Top-1 Top-1 PCA variance ratio Mean Sim. Mean pairwise cosine similarity

Qual. Score  Composite Quality Score
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4.3 Embedding Extraction at different diffusion steps

In this section, we evaluate the ability of our model to condition the latent embedding, v; according to
the diffusion time step, t. Specifically, in Figure 4.9, we show that our model based on the Ablation-
11+CENT+AdaLN experiment has learned to condition the produced spectrum embeddings, v;, on the
diffusion time step. The results confirm that the latent space evolves across time steps from ¢ = 1000
(Eval 1000)to ¢ = 0 (Eval 0), with different cluster structures forming at different stages. At the same
time, the organisation of samples according to precursor charge and precursor mass changes across the
diffusion process, indicating that the latent representation remains strongly conditioned on the diffusion
time step. Using these results, we qualitatively show that the diffusion-based encoder progressively
transforms the latent representation according to the time steps.

In Table 4.3, we report linear probe performance across diffusion time steps for Ablation-11: Full+
CENT+AdaLN. The latent space evolves across steps from ¢ = 1000 (noisy time-step) to ¢ = 0 (clean
time-step), consistent with the denoising process. Overall, the results do not exhibit a monotonic
improvement trend across time steps. Instead, several properties peak at intermediate steps. For
example, retention time R? increases from 0.4145 at Eval 0 to 0.4591 at Eval 100, before slightly
decreasing at later steps (with Eval 500 at 0.4501 and Eval 1000 at 0.4542). A similar pattern is
observed for sequence length, which peaks at Eval 100 (0.6176) and then slightly declines. Collision
energy and hyperscore show relatively stable but slightly varying behaviour across steps, while precursor
charge and precursor m/z remain largely stable.

Table 4.3: Linear Probe Results across Time-steps for Ablation-11:Full+CENT+AdaLN

Eval Step Classification (Accuracy) Regression (R?)

Experiment Name Precursor Charge Collision Energy Hyperscore Precursor Mz Retention Time Sequence Length

Eval 0 0.0754 0.8949 0.4572 0.3489 0.8752 0.4145 0.5913
Eval 100 0.0829 0.9061 0.4861 0.3556 0.8818 0.4591 0.6176
Eval 500 0.0850 0.9046 0.4866 0.3645 0.8808 0.4501 0.6093
Eval 1000 0.0865 0.9060 0.4955 0.3613 0.8813 0.4542 0.6094

The embedding statistics shown in Table 4.4 are consistent with the linear probe results in Table 4.3.
The collapse indicator shows a non-monotonic trend with small variations across time-steps, with a mild
peak at Eval 100 (0.7452) compared to Eval 1000 (0.7308) and Eval 0 (0.7114). Similarly, the silhouette
score and mean similarity vary slightly across steps, with slightly higher values at Eval 100 (with values
of 0.1017 and 0.5558 respectively), but without a consistent monotonic pattern. The participation
ratio also remains relatively stable across steps with only minor fluctuations. These results align with
Table 4.3, indicating that intermediate steps, such as Eval 100, exhibit a mildly more separable latent
structure, although the differences across time-steps remain small.

Together, these trends suggest that the model conditions the representations on the diffusion time
step, but that the resulting changes in embedding structure are limited in magnitude. While the latent
space properties vary slightly across time steps, the most informative representations are observed at
intermediate time-steps, as reflected in Table 4.3, where the best linear probe performance is observed
at t = 100 (Eval 100). This indicates that stronger semantic structure can emerge at intermediate
diffusion steps, which is consistent with previous findings in ( : ).
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Ablation-11: Full+CENT+AdaLN — UMAP across timesteps
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Figure 4.9: UMAP visualization of latent embeddings at different time-steps base on Ablation-
11:Full+CENT+AdaLN. Columns show different observations at different time steps, while rows dis-
play the same embedding projection coloured by metadata: (a) precursor mass, (b) precursor charge,
(c) collision energy, (d) retention time, (e) number of peaks, and (f) sequence length.
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Table 4.4: Embedding Statistics across different time-steps for Ablation-11: Full+CENT+AdaLN

Experiment Mean Collapse PCA Top-1 Part. Ra- Eff. Dim. Silhouette  Mean Sim.  Qual.
Norm Ind. tio Score

Eval 0 1.0000 0.7114 0.0658 28.5 50 0.0848 0.5064 0.90

Eval 100 1.0000 0.7452 0.0702 275 50 0.1017 0.5558 0.90

Eval 500 1.0000 0.7257 0.0685 28.1 50 0.0992 0.5271 0.90

Eval 1000 1.0000 0.7308 0.0670 28.7 50 0.0995 0.5344 0.90

Mean Norm Mean ¢> norm of embeddings Part. Ratio  Participation Ratio

Collapse Ind.  Collapse Indicator Eff. Dim. No. components at 90% variance (effective dimensionality)

PCA Top-1 Top-1 PCA variance ratio Mean Sim. Mean pairwise cosine similarity

Qual. Score  Composite Quality Score

4.4 Foundation Diffusion Model Experiment

In this section, we present the comparison of our trained diffusion model with the baseline foundation
model described in section 3.4.1. In Figure 4.10 particularly we show that both the baseline and our
foundation model have distinct differences in their latent space structure according to the spectrum
physical experimental meta data. Our foundational diffusion model learns a continuous global topology,
rather than representing samples through sharply separated clusters, as evidenced by the UMAP visu-
alisations for precursor charge, precursor m/z, sequence length, and number of peaks. Conversely, the
baseline model segregates the data into more distinct clusters and isolated regions. While the continu-
ous topology learned by the diffusion model suggests a globally organised representation, the stronger
cluster separation observed in the baseline is advantageous given target semantic information contains
categorical properties such as precursor charge, fragmentation type, and PTM presence, as evidenced
by the baseline’s superior performance in Figures 4.12 and 4.13 below.

We also show in Figure 4.11 that both models learnt to organise the latent space in relation to peptide
properties, including hydrophobicity, fragmentation type, and post-translational modifications (PTMs).
In particular, hydrophobicity, fragmentation type and PTMs follow noisy gradients. However, the Base-
line forms significant disconnected clusters, which our foundation model fails to capture in its latent
space. In Figures 4.12 and 4.13, we evaluate the performance of our foundation model relative to the
baseline. For the regression tasks, our foundation model achieves an R? of 0.784 for precursor m/z,
compared to 0.923 for the baseline. However, a larger performance gap is observed for hydrophobicity
prediction, where the model achieves an R? of 0.137 compared to 0.616 for the baseline. Similarly,
the model shows lower performance on the classification tasks, with accuracies of 0.647 and 0.624 for
precursor charge and fragmentation type respectively, compared to the baseline values of 0.942 and
0.807. This lower classification performance is consistent with the latent space analysis observed in the
UMAPs, where the diffusion model exhibits a simple more continuous organisation, while the baseline
forms more distinct clusters that support for class separability.

This performance gap can primarily be attributed to the model’s architectural constraint which involves
the use of a single [LATENT]-token bottleneck, where up to 200 spectral peaks are compressed into
a single 768-dimensional token that simultaneously serves as the downstream embedding as well as
the only cross-attention memory for the DiT, and the AdaLN conditioning source. This imposes a
strong information bottleneck, effectively limiting the cross-attention mechanism to a global conditioning
signal rather than fine-grained token-level interactions. In addition, centroid regularisation and AdaLN-
conditioned decoding may further contribute to this, because while these components are beneficial for
learning compact latent representations, these mechanisms may also restrict fine-grained separability in
the embedding space.
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Figure 4.10: UMAP visualization of latent embeddings from Foundation Diffusion Model and
Baseline. Columns show different observations from our foundation model and the baseline, while rows
display the same embedding projection coloured by metadata: (a) precursor mass, (b) precursor charge,
(c) collision energy, (d) retention time, (e) number of peaks, and (f) sequence length.
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Figure 4.11: UMAP visualization of latent embeddings from Foundation Diffusion Model and
Baseline. Columns show different observations from our foundation model and the baseline, while rows
display the same embedding projection coloured by metadata: (a)hydrophobicity, (b) fragmentation
type, (c) post-translational modification presence.
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It is also important to note that our model uses a relatively small transformer architecture (with a 4-layer
latent encoder (which is a bottleneck) and a 6-layer DiT) compared to the baseline model, which is a
larger 9-layer transformer encoder. Previous studies also suggest that such differences in architectural
scale can limit model performance (Liang et al., 2026). The current foundation model implementation
is also likely limited by the fact that several hyperparameters used were adopted from the small-scale
ablation experiments, and may not be optimal for training the foundation model on the large-scale
dataset(18 million samples). The use of these parameters is due to the limited computational resources,
which prevented extensive large-scale hyperparameter tuning and experimentation. The mechanistic
interpretability analysis and confirmation of the model's exact failure mechanisms is, however, an area
we propose for future research.
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Figure 4.12: Linear Probe accuracy for classification task based on the Foundation Diffusion Model and
Baseline
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Figure 4.13: Linear Probe results for regression task based on the Foundation Diffusion Model and
Baseline
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The embedding statistics in Table 4.5 also confirm the observations from the linear probes. In comparison
to the baseline (with an effective dimensionality of 160 and participation ratio of 24.0), our foundation
model exhibits an effective dimensionality of 50, indicating that variance is concentrated in fewer principal
directions. However, the participation ratio of our model is higher (28.3 compared to baseline with 24.0),
suggesting that variance is more evenly distributed across the active subspace. In contrast, the baseline
shows a higher effective dimensionality, reflecting a broader spread of variance across a larger number of
dimensions. It important to mention that the metrics used capture different aspects of latent dispersion,
with effective dimensionality reflecting the number of active directions and participation ratio reflecting
how evenly variance is distributed across them. The observed reduction in effective dimensionality in our
model’s latent representation may be a consequence of the denoising objective, which we hypothesise
encourages the model to filter out noise in the latent space. However, this effect may also arise from
architectural factors such as the latent bottleneck and regularisation terms, rather than solely reflecting
noise removal. Generally, we show that the two models organise variance in distinct ways within the
latent space.

Table 4.5: Embedding Statistics summary across Foundation Diffusion Model and Baseline.

Experiment Mean Collapse PCA Top-1 Part. Ra- Eff. Dim. Silhouette  Mean Sim.  Qual.
Norm Ind. tio Score

Foundational Diffusion  1.0000 0.8146 0.0732 28.3 50 0.0066 0.6634 0.70

Model

Baseline Model nan nan 0.1537 24.0 160 nan 0.7445 nan

Mean Norm Mean ¢> norm of embeddings Part. Ratio  Participation Ratio

Collapse Ind.  Collapse Indicator Eff. Dim. No. components at 90% variance (effective dimensionality)

PCA Top-1 Top-1 PCA variance ratio Mean Sim. Mean pairwise cosine similarity

Qual. Score  Composite Quality Score

Note: Due to limited access to the baseline model, some evaluation metrics were not available at the time of this report.

The pairwise similarity distribution of the learned embeddings in Figure 4.14 shows differences in rep-
resentation geometry between the baseline and our foundation model. The baseline exhibits a higher
mean pairwise similarity (0.7445), indicating more closely aligned embeddings on average, while our
model shows lower mean similarity (0.6634), reflecting a more dispersed embedding distribution. These
observations also suggest that the two models organise representations differently in latent space, and
are consistent with the UMAP visualisations, which show continuous topology for our model and distinct
clusters for the baseline.
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Figure 4.14: Pairwise Similarity Distribution of Embeddings from foundation diffusion model and base-
line.
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From the above results, we recognize the lower performance of our model on classification tasks compared
to the baseline. To contextualise this, we further assess our model against the majority-class and random
baselines shown in Table 4.6. The majority-class baseline reflects the class imbalance observed in section
3.1, where the distribution of the data according to precursor charge has a dominant class (charge 2),
while the random baseline provides a reference for lower-bound performance. This assessment shows
that for precursor charge, the majority-class baseline achieves an accuracy of 0.734, which is higher than
our model (0.647), while the random baseline achieves 0.125. For fragmentation type, the majority-class
baseline achieves a value of 0.547 compared to our model (0.624), while the random baseline shows
0.250. Compared to these baselines, our model is above the random baseline but does not exceed the
majority-class baseline for precursor charge, indicating its performance below a trivial (majority-class)
baseline under the current experimental setup. The results show that the current model implementation
learnt meaningful predictive information better than a random predictor. However, its failure against
the majority-class baseline for the precursor charge suggests that the model is not effectively exploiting
the input features to distinguish between the minority classes.

Table 4.6: Classification baselines summary across target variables.

Target Variable Majority Class Base- Random Baseline
line
Precursor charge 0.734 0.125
Frag Type 0.547 0.250
Note: The reported values are based on a random sample of 250,000 points drawn from the

full dataset. Due to computational and data access constraints, computing baselines on
the full dataset was not feasible; therefore, the values shown are approximate estimates
derived from this subset.




5. Conclusion, Limitations and Future Work

5.1 Conclusion

Our results show that the proposed Foundation Diffusion-based encoder model learns a more compact
latent space compared to the baseline. However, the model trails the baseline in regression performance,
achieving a coefficient of determination (R?) of 0.784 for precursor m/z, compared to 0.923 for the
baseline. In terms of variance, this corresponds to a higher proportion of unexplained variance (21.6%
relative to 7.7% for the baseline), indicating that while the model captures a meaningful signal, it still
leaves a larger proportion of the underlying structure unmodelled. For the classification task, the foun-
dation model achieves an accuracy of 0.647 for precursor charge on the full dataset, which is below
the majority-class baseline of approximately 0.734, reflecting the strong class imbalance where charge 2
dominates the training distribution. For fragmentation type, the model achieves an accuracy of 0.624,
which is above the majority-class baseline of 0.547 and the random baseline of 0.250, indicating better-
than-trivial performance for this task. In contrast, the InstaDeep baseline achieves 0.942, demonstrating
strong performance well above trivial predictors. The higher accuracy (0.910) observed in the smaller-
scale ablation studies reflects a different experimental setting and is therefore not directly representative
of the full dataset setting. This discrepancy highlights the sensitivity of the model to dataset scale
and class imbalance, and suggests that the current implementation does not yet yield robust predictive
representations under real-world distributions. Overall, while the diffusion-based encoder using masking
and the multi-loss objective supports learning organised and compact latent representations, additional
mechanisms,such as parameter tuning at scale, are required to improve predictive performance, particu-
larly under imbalanced classification settings and at the full dataset scale. In addition, the results show
that the centroid loss requires mechanisms, such as AdaLN modulation, to mitigate its performance
penalty.

5.2 Limitations

A limitation of this study is the restricted comparison with the baseline model, as access to the baseline
implementation and evaluation pipeline was limited. Consequently, some metrics and analysis could not
be computed under identical conditions. In addition, the experiments were conducted on a single mass
spectrometry dataset, which may limit the generalisation of the findings to other datasets. Furthermore,
the vast majority of experiments and ablation studies were performed on personal compute resources (a
single H100 GPU Colab runtime with limited capacity), with access to a 4xH100 compute node only
available during the final two weeks of the project and used indirectly through the project supervisor,
which limited its use to final evaluations rather than full model development and experimentation.

5.3 Future Work

We recommend that future work should investigate the interpretability of foundation diffusion-based en-
coder models for mass spectrometry data to better understand the biological and proteomic information
captured by the learned representations. In addition, evaluating a wider range of model architectures
and scales may provide further insight into the relationship between model capacity and representation
quality. The potential impact of score-based diffusion objectives on latent representation learning for
mass spectrometry also needs further investigation. Finally, assessing the proposed approach across
more datasets and benchmarks would provide a broader evaluation of its robustness and transferability.
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Appendix A. Sanity Check

A.1 Additional UMAP Visualization for sanity check

Sanity-AdaLN Sanity-CL Sanity-DF Sanity-AUX sanity-base

(@)

Figure A.1: UMAP visualization of latent embeddings across sanity check experiments. Columns
show different experiment variants, while the row displays the same embedding projection coloured by:
(a) MNIST Labels.

A.2 Embedding Statistics at different Time Steps

Table A.1: Embedding Statistics summary across Sanity-AdaLN experiment.

Experiment Mean Collapse PCA Top-1 Part. Ratio  Eff. Dim. Silhouette  Mean Sim.  Qual.
Norm Ind. Score

Eval 0 1.0000 0.7803 0.2080 13.4 46 0.1258 0.6102 0.90

Eval 100 1.0000 0.7315 0.2090 135 44 0.1327 0.5362 0.90

Eval 500 1.0000 0.7098 0.2009 13.7 43 0.1304 0.5050 0.90

Eval 1000 1.0000 0.7552 0.1897 15.2 46 0.1248 0.5715 0.90

Mean Norm Mean ¢> norm of embeddings Part. Ratio  Participation Ratio

Collapse Ind.  Collapse Indicator Eff. Dim. No. components at 90% variance (effective dimensionality)

PCA Top-1 Top-1 PCA variance ratio Mean Sim. Mean pairwise cosine similarity

Qual. Score  Composite Quality Score
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A.3 Additional Linear Probe Results for sanity check

Classification Accuracy Across Experiments and Targets
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Figure A.2: Linear Probe Results for classification task based on sanity check experiments
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A.4 Training and validation loss results for sanity check
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Figure A.3: Training and validation loss for different sanity experiments.



Appendix B. Ablation Studies

B.1 Training and validation loss results for Ablation Studies

Train & Validation Loss — Selected Experiments
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Figure B.1: Training and validation loss for different ablation experiments.
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Appendix C. Embedding Statistics Formulas

Metric Formula Description

Mean Norm + SN el e; € RP embedding vector, N number of em-
beddings, ||-||2 is L2 norm over D dimensions

STD Norm \/% SN (leilla = p)? f is mean norm, e; embedding vector, N

Per Dimension STD
Mean

Per Dimension STD
Min

Collapse Indicator
PCA Top-1

PCA Top-n
Participation Ratio

Cosine Mean

Silhouette Score

1 D
D 2j=1j
mlnj U]

1 N
HN D i1 €

2

A1

D
Zk:l Ak

Z%ﬂ Ak
Zk:l Ak

(25:1 Ae)?
D
D=1 M

Hs = 37 (i) Sij

1 N b;,—a;
N 2i=1 mas(a; 57)

number of embeddings

D embedding dimension, o; std of dimension
J across all embeddings

Minimum variance across embedding dimen-
sion, 7 € {1,2,..., D}

e; embeddings, N samples, measures devia-
tion of mean vector from origin

A PCA eigenvalues, D total components,
variance share of first component

First n PCA eigenvalues relative to total vari-
ance

A PCA eigenvalues measuring effective di-
mensionality

. ATs4. . ~
sij = € €, M sampled pairs, ¢;

normalized embeddings

L2-

a; intra-cluster distance, b; nearest-cluster
distance, N samples

where STD is the standard deviation.
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