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Abstract

Mass spectrometry (MS) is central to modern proteomics, enabling analysis of
proteins and peptides based on their mass-to-charge ratio. Tandemmass spec-
trometry (MS2) encodes peptide fragmentation patterns and forms the basis for
sequence identification. While database search has long dominated this pro-
cess, deep learning has opened new paths for the direct interpretation of spec-
tra. This thesis investigates how neural networks can learn representations of
MS2 spectra. Two complementary research directions are explored.

First, selected self-supervised pretraining strategies are evaluated through con-
trolled downstream experiments using encoders pretrained on unlabeled MS2

corpora. Self-distillation yields global embeddings that implicitly encode as-
pects of peptide chemical properties, and masked autoencoding provides mod-
est improvements in de novo optimization and accuracy. However, the result-
ing improvements fall short of state-of-the-art supervised de novo sequencing
performance.

Second, we introducePairwise Attention, a transformer architecture that incor-
porates a domain-aligned relational inductive bias by conditioning attention on
pairwise mass differences between peaks. This yields consistent performance
improvements on standard de novo sequencing benchmarks and strong gener-
alization across datasets.

Overall, the results show that self-supervised learning can recover meaningful
structure from raw MS2 data, while architectural inductive biases currently of-
fer the most robust and reliable gains for de novo peptide sequencing.

Keywords
proteomics, mass spectrometry, de novo sequencing, transformers, representa-
tion learning
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Sammanfattning

Masspektrometrin (MS) är central inommodern proteomik och möjliggör ana-
lys av proteiner ochpeptider baserat på derasmassa. Tandem-masspektrometri
(MS2) kodar fragmenteringsmönster för peptider och utgör grunden för sekven-
sidentifiering. Även omdatabassökning länge har dominerat denna process har
djupinlärning öppnat nya möjligheter för direkt tolkning av spektra.

Denna avhandling undersöker hur neurala nätverk kan lära sig representatio-
ner avMS2-spektra. Två kompletterande forskningsinriktningar studeras.

Först utvärderas utvalda självövervakade förträningsstrategier genom kontrol-
lerade experimentmed encoders som förtränats på oetiketteradeMS2-korpusar.
Självdistillation ger globala inbäddningar som implicit kodar aspekter av pepti-
ders kemiska egenskaper, och masked autoencoding ger måttliga förbättringar
i de novo-precision. De resulterande förbättringarna når dock inte upp till pre-
standanhos dagens state-of-the-art-metoder för övervakaddenovo-sekvensering.

Sedan introduceras Pairwise Attention, en transformerarkitektur som inkor-
porerar en domänanpassad induktiv bias genom att villkora Attention på par-
visa masskillnader mellan toppar. Detta ger prestandaförbättringar på etable-
rade de novo-sekvenseringsbenchmarkar samt stark generalisering över data-
set.

Sammantaget visar resultaten att självövervakad inlärning kan återvinna me-
ningsfull struktur ur råa MS2-data, medan induktiva biaser för närvarande er-
bjuder demest robusta förbättringarna för denovo-peptidsekvensering.

Nyckelord
proteomik, masspektrometri, de novo-sekvensering, transformers, representa-
tion learning
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1 Introduction

Mass spectrometry (MS) is a central analytical technique inmodernproteomics,
enabling large-scale identification and quantification of peptides and proteins.
In a typical workflow, peptides are ionized—meaning they are given an elec-
trical charge so they can be manipulated by electromagnetic fields—and these
charged molecules are referred to as ions. The mass spectrometer first isolates
a specific set of ions corresponding to a single peptide, known as the precursor
ion. In tandem mass spectrometry (MS2), these precursor ions are then delib-
erately broken into smaller fragment ions along the peptide backbone. The
instrument records the masses and intensities of these fragments as a spec-
trum: a collection of 𝑚/𝑧–intensity pairs encoding where the backbone has
cleaved.

An example raw MS2 spectrum is shown in Figure 1.0.1. Such spectra are typi-
cally sparse, feature irregular peak patterns, and span awide dynamic range, re-
flecting the fact that different peptide bonds break with very different frequen-
cies and intensities. Interpreting these patterns, meaning inferring which ob-
served peaks originate from which physical peptide fragments, underlies most
computational proteomics workflows.

1.1 Peptide identification in proteomics

Traditionally, peptide identification relies on database search. Experimental
MS2 spectra are compared against theoretical spectra generated from candi-
date peptide sequences, and statistical procedures control the false discovery
rate. This approach is highly effective when the underlying proteome is known,
but performs poorly in settings such as immunopeptidomics, antibody sequenc-
ing, or metaproteomics, where the peptide space is unknown or highly vari-
able.
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Figure 1.0.1: Example raw MS2 spectrum. The plot shows a typical set of (𝑚/𝑧, intensity)
peaks as provided directly to machine-learning models.

1.2 De novo sequencing

De novo sequencing addresses these limitations by reconstructing peptide se-
quences directly from MS2 spectra without external databases. Early methods
relied on dynamic programming or graph-based enumeration. Recent work
has instead formulated de novo sequencing as a sequence-to-sequence learning
problem: a transformer encoder represents the spectrum, and an autoregres-
sive decoder predicts the amino-acid sequence.

Models such as DeepNovo [6], PointNovo [7], and Casanovo [8] demonstrate
that deep architectures capture substantial statistical structure in fragmenta-
tion spectra and achieve strong performance on curated benchmarks. Despite
these advances, current systems depend on large collections of paired spectra
and peptide sequences. Although many labeled datasets are available, they in-
herit biases from the search engines that produced the identifications, and ex-
panding supervised training by simply adding more such data does not elimi-
nate these constraints. This creates motivation to explore methods that learn
from unlabeled spectra or that incorporate domain knowledge directly into the
model design.

1.3 Representation learning for MS2

Self-supervised and unsupervised learning have become powerful tools in do-
mains such as vision, language, and genomics, wheremodels learn useful repre-
sentations from raw data. Applying similar ideas to MS2 is appealing: a model
that captures the latent structure of fragmentation patterns without peptide
supervision could, in principle, generalize across instruments, organisms, or
acquisition protocols.

A detailed investigation of such self-supervised objectives for MS2 is presented
in a separate manuscript [2]. That work analyses the behavior, optimization
dynamics, and downstream effects of large-scale pretraining using millions of

4



CHAPTER 1. INTRODUCTION

unlabeled spectra. In this thesis, those findings are used only to contextual-
ize the challenges of learning spectral representations, as opposed to impos-
ing structure through architectural design. The full methodological and em-
pirical treatment of self-supervised pretraining is provided in the companion
manuscript.

1.4 Incorporating domain knowledge

Whengeneric representation learningproves insufficient for capturing the struc-
turemost relevant to peptide reconstruction, an alternative is to embed domain
knowledge directly into the model architecture. Manual spectrum interpreta-
tion often relies on comparing pairs of peaks whose 𝑚/𝑧 differences match the
masses of amino acids or characteristic fragment ions. This observation mo-
tivates the Pairwise Attention model [1], which augments the transformer en-
coderwith pairwisemass-difference information. By introducing this inductive
bias into the attention mechanism, the model is guided toward fragmentation-
consistent relationships that are difficult for standard architectures to infer
from raw peak tuples alone. This yields substantial improvements in peptide-
level precision on established benchmarks.

1.5 Thesis scope

This thesis examines two complementary strategies for improving MS2 repre-
sentations:

1. Representation learning from unlabeled spectra, included here to
motivate the challenges of learning representations directly from MS2

data. These self-supervised objectives provide a weak but detectable
learning signal, and their detailed analysis is presented in a separate
companion manuscript [2].

2. Domain-informed architectural design, in the form of Pairwise
Attention [1], which incorporatesmass-difference structure directly into
the encoder.

This thesis focuses primarily on superviseddenovo sequencing andon the bene-
fits of introducing explicit inductive biases into the architecture. The discussion
of self-supervision is used to contextualize the challenges of learning spectral
representations in the MS2 setting, as opposed to imposing structure through
architectural design.
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2 Background

2.1 Interpreting Tandem Mass Spectra

Tandemmass spectrometry (MS2) is the primary experimental technique used
for peptide sequencing in proteomics. In a typical workflow, proteins are first
enzymatically digested into shorter peptides prior to mass spectrometric anal-
ysis. Proteases such as trypsin are commonly used, as they cleave proteins at
well-defined amino acid residues, producing peptides with predictable termini
and lengths that are amenable to sequencing.

These peptides are subsequently ionized, isolated according to their precursor
mass-to-charge ratio, and fragmented inside the mass spectrometer. The re-
sulting MS2 spectrum is represented as a set of peaks, each defined by a frag-
ment ion mass-to-charge ratio and an associated intensity. Figure 2.1.1 illus-
trates how a subset of these peaks can be annotated as b- and y-ions, linking
observed mass differences to specific cleavages between adjacent amino acids
within the peptide.

Fragmentation predominantly occurs at peptide bonds along the amino acid
chain, producing fragment ions that correspond to contiguous prefixes or suf-
fixes of the original peptide sequence. In idealized cases, these fragment ions
form b- and y-ion series whose mass differences reflect the underlying amino
acid composition. In practice, only a subset of such fragments is observed, and
the correspondence between peaks and physical peptide fragments is incom-
plete.

As a result, spectra are typically sparse and irregular. Many theoretical frag-
ments are not observed, while additional peaks may arise from noise, neutral
losses, or chimeric spectra caused by the co-isolation ofmultiple peptides. Peak

7
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Figure 2.1.1: Annotated MS2 spectrum. Matched b-ions (blue) and y-ions (red) illustrate how
inter-residue mass differences correspond to characteristic fragment peaks.

intensities further vary substantially across instruments and fragmentationmeth-
ods, complicating the mapping between observed spectra and the underlying
peptide sequence.

2.2 From Database Search to De Novo Sequencing

Peptide identification has traditionally relied on database search, where ob-
served MS2 spectra are matched to theoretical spectra computed from known
protein sequences. This strategy is effective when the underlying proteome is
known, but limited in applications involving novel sequences, mutations, or
organisms without comprehensive databases.

De novo sequencing provides a complementary approach by attempting to re-
cover the peptide sequence directly from the MS2 spectrum without external
references. Early methods such as PEAKS [9], Lutefisk [10], and Novor [11]
formulated the problem as graph-based traversal over candidate fragment lad-
ders, while PepNovo [12] introduced a probabilistic modeling framework to
score and assemble peptide sequences. These approaches established the foun-
dations of computational de novo sequencing, but have since been surpassed
in accuracy by modern deep learning-based methods.

2.3 Supervised Deep Learning for Spectral Translation

The advent of deep learning brought renewed attention to de novo sequencing.
In 2017, DeepNovo [6] introduced a sequence-to-sequence model that com-
bines a convolutional encoder for spectral features with a recurrent decoder
that predicts amino acids sequentially, together with dynamic programming
constraints to enforce mass consistency. DeepNovo demonstrated substantial
improvements over existing de novo sequencing tools across a wide range of
benchmark datasets, and showed that deep learning models can recover pep-
tide sequences with high accuracy in settings where database search is limited
or inapplicable.

8



CHAPTER 2. BACKGROUND

PointNovo [7] extended deep learning-based de novo sequencing by revisiting
both the model architecture and the spectrum representation. Rather than dis-
cretizing spectra into fixed-length intensity vectors, PointNovo represents each
MS2 spectrum as an unordered set of (𝑚/𝑧, intensity) peaks. To the best of
our knowledge, this was the first de novo sequencing model to operate directly
on peak sets, avoiding the binning and discretization schemes used by earlier
machine-learning and traditional approaches.

At each decoding step, PointNovo compares observed peaks against theoreti-
cal fragment ion masses derived from candidate amino acids and predefined
ion types. This comparison yields a mass-difference feature tensor that scores
the compatibility between individual observed peaks and expected fragment
locations. These features are then aggregated across peaks using a PointNet-
style, order-invariant network [13], producing a summary representation used
to predict the next amino acid. In this formulation, mass differences serve to
align observed peaks with hypothesized fragment ions, rather than to model
relationships among observed peaks themselves. This design allows the model
to reason explicitly over fragment-level evidence while remaining invariant to
peak ordering, and leads to improved de novo sequencing accuracy.

Most recently, Casanovo [8] reframeddenovopeptide sequencing as a sequence-
to-sequence translation problem using a transformer architecture [14]. Build-
ing on the peak-set representation introduced by PointNovo, Casanovo treats
eachMS2 spectrum as a variable-length sequence of (𝑚/𝑧, intensity) peaks and
processes them using a standard encoder–decoder transformer.

To encode spectral inputs, Casanovo maps each peak’s 𝑚/𝑧 value to a high-
dimensional sinusoidal embedding, analogous to positional encodings in nat-
ural language models, while intensities are embedded through a learned linear
projection. These embeddings are summed and passed to the transformer en-
coder, where self-attention allows the model to learn contextual relationships
among peaks across the entire spectrum. The decoder then autoregressively
predicts the peptide sequence, conditioned on the encoded spectrum and pre-
cursormass information, using beamsearch to enforcemass consistency.

By combining a peak-based spectrum representation with a general-purpose
transformer architecture, Casanovo demonstrated that self-attention models
arewell suited to capturing the global structure of fragmentation spectra. When
trained on large-scale spectral libraries, Casanovo achieved state-of-the-art de
novo sequencing accuracy acrossmultiple species and experimental conditions,
and has since become a widely used baseline for deep learning-based de novo
sequencing.

Together, these models represent the modern foundation of deep learning–
based de novo sequencing and substantially outperform earlier heuristic and
graph-based approaches. Much of this progress has been driven by the adop-
tion of increasingly expressive neural architectures, including convolutional

9
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encoders, order-invariant set models, and, most recently, transformer-based
sequence-to-sequencemodels. In each case, performance improvements largely
follow from applying general-purpose deep learning architectures to spectral
data and scaling them with larger and higher-quality training sets. An impor-
tant complementary direction is to investigate whether additional gains can be
achieved by tailoring representations and model components more closely to
the structure of MS2 data, either by introducing explicit architectural inductive
biases or by designing representation learning objectives that target character-
istic spectral regularities.

2.4 Representation Learning from MS2 Data

The vast majority of tandem mass spectra in public repositories remain un-
labeled, motivating interest in learning spectral representations that general-
ize beyond specific peptide annotations. In other domains, this problem has
been successfully addressed using contrastive and self-supervised representa-
tion learningmethods, such as SimCLR [15] andMoCo [16], which rely on care-
fully designed data augmentations to define invariances in the input space. For
MS2 data, however, defining meaningful, label-free augmentations that pre-
serve peptide identity is nontrivial, complicating direct application of these ap-
proaches.

GLEAMS [17] learns spectral embeddings using aweakly supervised contrastive
objective. Spectra assigned to the same peptide by a database search engine
are treated as positive pairs, while spectra assigned to different peptides form
negative pairs. Thus, although GLEAMS does not perform explicit peptide pre-
diction, it still relies on peptide labels obtained from search results to construct
its training signal. In contrast to augmentation-based self-supervised methods
such as SimCLR [15] or MoCo [16], GLEAMS avoids synthetic data augmenta-
tions, reflecting the difficulty of defining label-preserving transformations for
MS2 spectra. The learned embeddings enable large-scale spectral clustering
and fast spectral library search.

yHydra [18] adopts a related but distinct contrastive strategy inspired byCLIP [19].
A transformer-based encodermaps spectra into a shared embedding space, while
a separate encoder maps peptide sequences into the same space. The model is
trained to align matched spectrum–peptide pairs, enabling rapid approximate
search and peptide–spectrum alignment. As with GLEAMS, the construction
of positive pairs relies on known peptide annotations, even though the learned
representations can later be applied to unlabeled spectra.

A complementary line of work examines representations extracted from the
encoder of Casanovo, as explored in a recent preprint framing Casanovo as a
foundation model for MS2 data [20]. In that work, the Casanovo encoder—
pretrained for supervised de novo peptide sequencing—is reused as a fixed fea-
ture extractor for a range of spectrum-level downstream tasks, including spec-

10
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trum quality assessment, chimericity detection, and prediction of phosphoryla-
tion and glycosylation status. While the resulting performance improvements
over task-specific baselines are generally modest, the pretrained representa-
tions consistently outperform simple spectral baselines and show clear advan-
tages in low-data regimes, where they can match or exceed end-to-end models
trained from scratch.

Despite this progress,most existing representation learning approaches forMS2

still rely on peptide annotations to define training signals, reflecting the inher-
ent difficulty of formulating self-supervised objectives for fragmentation spec-
tra. A broader investigation of genuinely self-supervised pretraining strate-
gies for MS2 data, including masked modeling, self-distillation, and fragment-
reconstruction objectives that do not rely on peptide annotations, is presented
in a separate companion manuscript [2]. That work demonstrates that mean-
ingful structure can be learned directly from raw spectra at scale, while also
characterizing the remaining challenges of such objectives. In this thesis, those
results are referenced to contextualize the role of fully self-supervised objec-
tives within the broader landscape ofMS2 representation learning, and tomoti-
vate the complementary use of domain-informed inductive biases in supervised
de novo sequencing models.

2.5 Relational Inductive Biases and Attention

Most deep learning architectures operate on collections of elements using token-
wise representations, with relationships between elements inferred implicitly
through learned interactions. Fully connected layers allow unrestricted inter-
actions between all inputs, but impose onlyweak structural assumptions. Other
common building blocks, such as convolutional or recurrent layers, introduce
stronger inductive biases through locality, weight sharing, or temporal struc-
ture, which can substantially improve learning efficiency when alignedwith the
underlying data-generating process.

Battaglia et al. [21] formalize this perspective in terms of relational inductive
biases, which describe architectural assumptions about how entities interact
andhow these interactions should be composed. In their framework,many real-
world systems lie between two extremes: models that ignore relations entirely,
and models that assume all-to-all interactions. Effective architectures often
occupy an intermediate regime, where interactions are structured according to
domain-specific regularities rather than being absent or unrestricted.

Self-attention mechanisms provide a flexible way to model interactions among
elements by allowing each token to attend to all others. In their standard form,
however, attention mechanisms do not encode any prior preference for which
interactions are likely to be informative. As a result, relational structure must
be inferred entirely from data, which can be inefficient when strong and well-
characterized interaction patterns are present.

11
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AlphaFold [22] provides an example of incorporating explicit pairwise struc-
ture into an attention-based architecture. In that work, the Evoformer main-
tains a dedicated pairwise representation for residue pairs, initialized frommul-
tiple sequence alignment-derived coevolutionary signals and refined through
iterative updates. These pairwise features are injected as biases into attention
computations over per-residue representations, allowing the model to condi-
tion attention weights on learned residue–residue relationships. Their inclu-
sion was shown empirically to improve structure prediction accuracy.

The relevance of this example lies not in the specific biological setting, but in the
architectural principle it illustrates. Rather than relying solely on generic all-
to-all attention, the model exposes learned pairwise information that reflects
known structure in the domain and allows this information to influence how
attention is allocated.

In the context of tandem mass spectrometry, fragmentation patterns are gov-
erned by well-defined physical constraints, and relationships between pairs of
peaks often carry more direct information than individual peaks considered in
isolation. Introducing relational inductive biases that reflect these constraints
offers a principled way to guide attention toward physically meaningful inter-
actions, while retaining the flexibility and expressiveness of transformer-based
models.

2.6 Summary

Deep learninghas substantially advancedMS2 interpretation, particularly through
modern de novo sequencingmodels based on increasingly expressive neural ar-
chitectures. Muchof this progress has beendrivenby adopting general-purpose
deep learning components and scaling themwith large, curated trainingdatasets.
At the same time, the structure of tandemmass spectra presents challenges that
are not always naturally captured by generic architectures alone.

This thesis examines two complementary responses to this tension. First, it in-
vestigates how incorporating domain-informed inductive biases into model ar-
chitectures can improve supervised de novo sequencing performance by align-
ing learning dynamics with known physical structure in fragmentation spectra.
Second, it situates these contributions within the broader context of represen-
tation learning for MS2, drawing on a separate companion manuscript to illus-
trate both the potential and the limitations of large-scale self-supervised learn-
ing from raw spectra. Together, these perspectives highlight the trade-off be-
tween architectural design and data-driven learning in modeling tandemmass
spectrometry data.
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3 Materials and Methods

3.1 Transformer Architecture and Peak Representations

All models in this work share a common base transformer encoder backbone
that operates directly on the raw MS2 spectra. Each input spectrum is treated
as a variable-length set of 𝑁 peaks,

𝑆 = {(𝑚𝑖, 𝐼𝑖)}𝑁
𝑖=1,

where 𝑚𝑖 is the mass-to-charge ratio and 𝐼𝑖 is the intensity of the 𝑖-th peak. We
follow a fully set-based formulation and avoid binning or fixed-length vector-
ization.

Each 𝑚𝑖 and 𝐼𝑖 is expanded independently into a Fourier positional encoding.
Specifically, the scalar 𝑥𝑖 ∈ {𝑚𝑖, 𝐼𝑖} ismapped to a 𝑟-dimensional feature vector
via sinusoidal basis functions:

𝜙sin
𝑖,𝑝 = sin( 𝑥𝑖

𝜆min/2𝜋 ⋅ (𝜆max

𝜆min
)

𝑝/𝑟
) for 𝑝 ≤ 𝑟/2 (3.1.1)

𝜙cos
𝑖,𝑝 = cos( 𝑥𝑖

𝜆min/2𝜋 ⋅ (𝜆max

𝜆min
)

𝑝/𝑟
) for 𝑝 > 𝑟/2 (3.1.2)

where 𝑝 indexes the frequency component, and 𝜆min, 𝜆max are hyperparameters
controlling the minimum and maximum wavelengths. These encodings pro-
vide smooth, periodic features at multiple frequency scales.

Let 𝑟𝑚 and 𝑟𝐼 denote the Fourier feature dimensions for𝑚𝑖 and 𝐼𝑖, respectively.
The final input token for each peak is constructed by concatenating the encoded
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mass and intensity features:

𝑡𝑖 = Linear (Concat(𝜙𝑚
𝑖 , 𝜙𝐼

𝑖 )) ,

where 𝑡𝑖 ∈ ℝ𝑑 and the projection maps into the model dimension of the trans-
former encoder. This yields a sequence {𝑡1, … , 𝑡𝑁} ∈ ℝ𝑁×𝑑 passed into the
standard transformer.

The transformer encoder consists of 𝐿 blocks of multi-head self-attention and
feed-forward layers. No additional position or order encoding is used beyond
the Fourier features, as themodel operates on spectra as permutation-invariant
sets.

3.2 De Novo Peptide Sequencing with Transformers

Modern de novo peptide sequencing methods frame sequence reconstruction
from MS/MS spectra as a sequence-to-sequence learning problem. A trans-
former encoder processes the input spectrum into a sequence of peak-level em-
beddings, and an autoregressive decoder predicts the amino-acid sequence con-
ditioned on these embeddings.

We implement an encoder-decoder transformer model for autoregressive pep-
tide generation fromMS/MS spectra. The encoder maps the input peak tokens
{𝑡1, … , 𝑡𝑁} to a sequence of peak-level embeddings

𝐻 = (ℎ1, … , ℎ𝑁),

and the decoder generates a peptide token-by-token using causal self-attention
and cross-attention over all encoder embeddings. This setup follows the archi-
tecture of Casanovo [8] and is also used as the baseline for our Pairwise Atten-
tion model.

Because the decoder attends directly to the full token sequence 𝐻 rather than
to a pooled representation 𝑧, performance depends on the quality of the token-
level (dense) encoder representations.

Training uses teacher forcing with a standard cross-entropy objective:

ℒCE = −
𝑇

∑
𝑡=1

log 𝑝𝜃(𝑦𝑡 ∣ 𝑦<𝑡, 𝐻),

where 𝑦𝑡 is the ground-truth amino acid at step 𝑡.
Inference is performed using greedy decoding or beam search. Following prior
work [6, 8], evaluationmetrics include amino-acid precision, peptide-level pre-
cision, coverage, and precision–coverage curves computed from a confidence
score derived from the decoder’s output probabilities:
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• Amino acid precision: mass tolerance < 0.1 Da and prefix or suffix
mass error < 0.5 Da.

• Peptide precision: 𝑁match/𝑁total.

• Coverage: 𝑁total/𝑁spec.

• Precision–coverage curve: confidence defined as the mean amino-
acid softmax probability, with spectra assigned confidence −1 if the pre-
cursor mass error exceeds 50 ppm.

This formulation serves as the reference de novo sequencing setup throughout
the remainder of this thesis. Subsequent sections examine how different rep-
resentation learning strategies and architectural modifications affect encoder
representations within this framework.

3.3 Self-Supervised Pretraining for MS2

The majority of tandem mass spectra available in public repositories lack pep-
tide annotations, motivating interest in self-supervised pretraining strategies
that can learn directly from raw MS2 data. Unlike domains such as vision or
language, however, defining meaningful self-supervised objectives and label-
preserving augmentations for fragmentation spectra is nontrivial. A detailed
and systematic investigation of this problem is presented in Self-Supervised
Learning for Tandem Mass Spectra: Methods, Dynamics and Downstream
Effects [2], which studies multiple pretraining objectives and their optimiza-
tion behavior at scale.

Here, we summarize the core objectives and architectures at a high level to pro-
vide context.

3.3.1 Masked Spectrum Autoencoding

Masked spectrum autoencoding adapts masked autoencoder[23] objectives to
MS2 spectra. A subset of peaks is removed from the input spectrum, and the en-
coder processes the remaining peaks into a latent representation. A lightweight
decoder thenpredicts theFourier-encoded representations of themissing peaks.

Rather than regressing raw 𝑚/𝑧 and intensity values, the model predicts their
sinusoidal Fourier features as defined in Equations 3.1.1 and 3.1.2. Reconstruc-
tion is trained using a mean squared error loss over the masked peaks:

ℒAE = 1
|ℳ| ∑

𝑖∈ℳ
∥ ̂𝜙𝑖 − 𝜙𝑖∥

2 ,

where ℳ denotes the set of masked peaks.
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This objective encourages the encoder to capture local and contextual relation-
ships betweenpeaks that are predictive ofmissing spectral content. Themasked
autoencoder architecture is illustrated in Figure 3.3.1.

Transformer Encoder

Learned Peak Encoder

...

Transformer Decoder

...

...

Static 
Target 
Peak

Encoder

Linear

Figure 3.3.1: Masked spectrum autoencoder architecture for MS2 pretraining. The encoder
processes visible peaks, and the decoder reconstructs the Fourier-encoded representations
of masked peaks. Reproduced from [2].

3.3.2 Self-Distillation via DINO

We also adapt the DINO self-distillation framework [24] toMS2 spectra. In this
setup, a student and teacher transformer encoder process different subsampled
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views of the same spectrum. The student is trained to match the teacher’s out-
put distribution, while the teacher parameters are updated as an exponential
moving average of the student.

For each spectrum, multiple views are generated by randomly subsampling
peaks. Two global views retain most peaks, while several local views contain
smaller subsets. The teacher processes only global views, while the student
processes both global and local views. A pooling head aggregates peak-level
embeddings into a single spectrum-level representation, which is then passed
through a projection head for the distillation loss. The view construction is
shown in 3.3.2.

Figure 3.3.2: View construction for DINO pretraining on MS2 spectra. Global views retain
most peaks, while local views are formed by peak subsampling. Reproduced from [2].

The training objective minimizes the cross-entropy between the student and
teacher output distributions after centering and temperature scaling:

ℒDINO = −
𝐾

∑
𝑘=1

𝑝(𝑡)
𝑘 log 𝑝(𝑠)

𝑘 .

As in prior work, this objective is susceptible to several collapse modes, includ-
ing entropy collapse and convergence to constant representations. In practice,
these failure modes can be mitigated through the use of teacher momentum
updates, output centering, temperature scheduling, and sufficiently distinct in-
put views. A detailed analysis of these dynamics and stabilization mechanisms
is provided in the companion manuscript [2]. The DINO-style architecture is
shown in Figure 3.3.3.

Context within this thesis. These self-supervised objectives demonstrate that
meaningful structure can be learned directly from raw MS2 spectra at scale,
while also exposing challenges that arise in the absence of peptide supervision.
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In this thesis, self-supervised pretraining is included to contextualize the rep-
resentation learning landscape for MS2 data. The primary focus remains on su-
pervised de novo sequencing and on the role of domain-informed architectural
inductive biases, which provide a complementary and more targeted mecha-
nism for improving peptide reconstruction performance.

Student Teachere.m.a.

Figure 3.3.3: DINO-style self-distillation applied to MS2 spectra. A student and teacher en-
coder process different views of the same spectrum, and the student is trained to match the
teacher’s centered and sharpened output distribution. Reproduced from [2].

3.3.3 Downstream Probing Tasks

To assess the utility of the learned spectral embeddings, we consider a small
set of downstream tasks. These tasks serve to characterize what information
is captured by self-supervised representations, and to illustrate how different
objectives emphasize token-level versus pooled spectrum-level features. They
are not a primary focus of this thesis, but provide useful context for interpreting
the behavior of the pretraining objectives.
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De Novo Peptide Sequencing

De novo peptide sequencing provides a demanding downstream task that de-
pends directly on the quality of token-level spectral representations. We evalu-
ate pretrained encoders by initializing the encoder of a standard encoder-decoder
Transformermodel for autoregressive peptide generation fromMS/MS spectra.
The decoder attends to the full sequence of encoder outputs and predicts amino
acids sequentially, following the setupused inDeepNovo andCasanovo [6, 8].

Because the decoder operates on the unpooled encoder outputs, performance
on this task is particularly sensitive to the quality of dense, peak-level embed-
dings produced by the encoder.

Spectral Quality Assessment

Spectral quality prediction is framed as a binary classification task, with labels
derived from a database-search pipeline. A linear classifier operates on the
pooled encoder representation 𝑧, probing whether global spectral summaries
encode information related to fragment completeness andnoise. This task aligns
naturally with global self-supervised objectives such as DINO, which supervise
pooled representations directly.

Retention Time Prediction

Retention time prediction is formulated as a regression task using the pooled
encoder embedding 𝑧. Although retention time is observed experimentally, this
task probes whether learned embeddings capture physicochemical properties
correlated with peptide behavior in chromatography. As with spectral quality
prediction, this task depends only on global representations.

3.4 Pairwise Attention for De Novo Sequencing

We enhance the transformer encoder with Pairwise Attention (PA), introduced
in Pairwise Attention: Leveraging Mass Differences to Enhance De Novo Se-
quencing of Mass Spectra [1]. PA introduces a domain-specific relational in-
ductive bias into the self-attention operation. Standard self-attention treats all
pairwise interactions between peaks as equally plausible a priori, requiring the
model to infer relevant relationships implicitly fromdata. In tandemmass spec-
trometry, however, fragmentation patterns are governed by structured physical
constraints, and mass differences between peaks often correspond directly to
amino-acid residues or characteristic fragment transitions.

Pairwise Attention incorporates this structure by making pairwise 𝑚/𝑧 differ-
ences betweenobservedpeaks available to the attentionmechanismas a learned
bias. Rather than imposing a fixed neighborhood or hard-coded interaction
pattern, the pairwise mass differences are embedded and transformed through
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Pairwise Difference Matrix
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Figure 3.4.4: Schematic of the Pairwise Attention encoder architecture. Pairwise mass differ-
ence features are added as biases to self-attention logits in each encoder layer.

learnable layers before being added to the attention logits. This allows the
model to learnwhichmass-difference relationships are informative, while guid-
ing attention toward physically meaningful interactions aligned with fragmen-
tation behavior. The result is a transformer encoder that remains fully expres-
sive, but is biased toward fragmentation-consistent relationships for downstream
de novo peptide sequencing.

Let a spectrum be represented as a set of 𝑁 peaks, 𝑆 = {(𝑚𝑖, 𝐼𝑖)}𝑁
𝑖=1. Follow-

ing the same input processing as in our standard transformer encoder, each
(𝑚𝑖, 𝐼𝑖) is encoded via sinusoidal Fourier features and linearly projected into
an embedding space X ∈ ℝ𝑁×𝑑.

Pairwise Mass Difference Features

We define the pairwise mass difference matrix:

Δ𝑚𝑖𝑗 = 𝑚𝑖 − 𝑚𝑗 ∈ ℝ𝑁×𝑁 .

Each Δ𝑚𝑖𝑗 is embedded using Fourier positional encoding:

Φsin
𝑖,𝑗,𝑝 = sin(Δ𝑚𝑖𝑗 ⋅ 2𝜋

𝜆min
⋅ (𝜆max

𝜆min
)

𝑝/𝑟′

) , 𝑝 ≤ 𝑟′/2, (3.4.3)

Φcos
𝑖,𝑗,𝑝 = cos(Δ𝑚𝑖𝑗 ⋅ 2𝜋

𝜆min
⋅ (𝜆max

𝜆min
)

𝑝/𝑟′

) , 𝑝 > 𝑟′/2, (3.4.4)
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where 𝑟′ is the pairwise Fourier feature dimension, and 𝜆min, 𝜆max define the
wavelength range. The concatenated result Φ𝑖,𝑗 ∈ ℝ𝑟′

forms the input to the
bias module.

Bias Injection into Self-Attention

The encoder uses standard scaled dot-product attention with queries Q, keys
K, and values V computed as:

Q = XW𝑄, K = XW𝐾 , V = XW𝑉 .

Wedefine a learnedMLP 𝑓pw ∶ ℝ𝑟′ → ℝ𝑟 for processing pairwise features:

𝑓pw(Φ𝑖,𝑗) = W2 ⋅ SiLU(W1Φ𝑖,𝑗 + b1) + b2.

This is followed by a linear transformation 𝑔(𝑙) for each encoder layer 𝑙:

𝑔(𝑙)(𝑧𝑖,𝑗) = U(𝑙)𝑧𝑖,𝑗 + c(𝑙).

The pairwise attention bias 𝑏(𝑙)
𝑖𝑗 is then added to the attention logits:

𝐴(𝑙)
𝑖𝑗 = Q𝑖 ⋅K⊤

𝑗√
𝑑

+ 𝑏(𝑙)
𝑖𝑗 ,

where 𝑏(𝑙)
𝑖𝑗 = 𝑔(𝑙)(𝑓pw(Φ𝑖,𝑗)).

This bias is applied across all heads and layers, and added before the softmax
in the attention mechanism. The decoder remains unmodified and autoregres-
sively generates amino acid sequences via cross-attention.

This augmentation introduces a small number of additional parameters and
modifies only the attention logits, leaving the overall transformer architecture
and decoder unchanged.

Relation to Pairwise Biases in AlphaFold

Pairwise Attention is conceptually related to the use of pairwise representations
in AlphaFold [22]. In AlphaFold, explicit residue–residue features are main-
tained alongside per-residue embeddings within the Evoformer architecture.
These pair representations are initialized from multiple sequence alignments,
updated through dedicated pair-update blocks, and linearly projected to pro-
duce biases that are added to attention logits, allowing residue–residue rela-
tionships to influence attention patterns during structure prediction.
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In Pairwise Attention, pairwise information is constructed directly from the
MS2 input. For each pair of peaks, the mass difference Δ𝑚𝑖𝑗 is encoded us-
ing fixed Fourier features and transformed by the MLP and layer-specific lin-
ear projections described above to produce attention biases. These biases are
injected into the self-attention logits at each encoder layer, without maintain-
ing a separate pairwise state. The pairwise signal therefore operates directly on
observed spectra and reflects physically grounded relationships between input
tokens, as mass differences are tightly linked to peptide fragmentation.

In this sense, PairwiseAttention occupies an intermediate regimebetween generic
self-attention and fully specified relational models. It preserves the expressive-
ness of transformer architectures while injecting domain-aligned information
into the attention mechanism.
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4 Datasets

We utilize a diverse set of mass spectrometry datasets spanning supervised
benchmarks and large-scale unsupervised corpora.

NineSpeciesV1 andNineSpeciesV2. We follow thenine-species benchmarkde-
sign introduced by Casanovo. NineSpecies V1 contains 1.5 million spectra and
is distributed via Zenodo [25], whileNineSpecies V2 is amore recent version cu-
rated for improved PSMquality, containing 2.8million spectra. The V2 version
is publicly hosted at MassIVE and contains raw and peak-picked data across
nine diverse species. For each version, we parsed all modified peptides to gen-
erate amino acid vocabularies.

NineSpecies InstaUpdated. For somepreliminary experimentsweused theNine-
Species InstaUpdated subset hostedwithin the InstaNovobenchmark suite [26].
This version provides the nine-species data in a standardized, easy-to-load for-
mat and contains approximately 2.8million MS2 spectra. Although its exact
relationship to the curated V1/V2 benchmarks is not formally documented, its
scale and composition are consistent with a V2-sized corpus. This dataset was
not used in any published research.

MassIVE-KB. We used the full MassIVE-KB corpus as a supervised training
set. The data comprise approximately 30 million peptide-spectrum matches
(PSMs), derived from the MassIVE-KB v1 spectral library, and represent one
of the largest publicly available proteomics corpora [27]. PSMs were collected
by selecting up to the top 100 hits for each peptidoform–charge combination
across the spectral library. Spectra were parsed using the official metadata cat-
alog and downloaded in annotated MGF format. We reserved 98.75% of the
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data for training, 1% for validation, and 0.25% for testing. All downstream
evaluation was performed exclusively on external benchmarks to ensure gen-
eralization.

BactTrain (PXD010000) andBactTest (PXD010613). Weused theBactTrain (PXD010000)
corpus, containing approximately 9.3 million spectra from nearly one million
unique peptides, as anunsupervisedpretraining source. Curated andpublished
by Payne et al. [28], the dataset spans 51 organisms and includes high-quality
spectra processed through standardizedpipelines: trypsin digestion, LC-MS/MS
acquisition, andMSGF+ search via PNNL’s DMS infrastructure. Its taxonomic
breadth and scalemake it a strong candidate for learning general-purpose spec-
tral representations.

As an evaluation benchmark, we used BactTest (PXD010613), a bacterial-only
dataset introduced in a metaproteomics study of soil microbiomes [29]. It in-
cludes only oxidized methionine as a variable modification and excludes fixed
modifications, simplifying the fragmentation landscape. Withminimal overlap
with MassIVE-KB and other training corpora, it provides a rigorous test of gen-
eralization and was previously used as a held-out benchmark in the Pairwise
Attention study.
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5 Experiments and Results

This chapter presents an empirical evaluation of the modeling choices intro-
duced in this thesis. We first study the effect of self-supervised encoder pre-
training on downstream de novo peptide sequencing, isolating initialization ef-
fects under controlled fine-tuning conditions. We additionally probe the global
embeddings learned throughDINOusing spectral quality assessment and retention-
time prediction. We then evaluate the impact of Pairwise Attention as an archi-
tectural inductive bias across multiple supervised regimes, including the stan-
dard nine-species V1 and V2 benchmarks, large-scale supervised pretraining
onMassIVE-KB, and evaluation on an independent bacterial test set with mini-
mal peptide overlap with the training data. Together, these experiments exam-
ine complementary attempts to improve de novo sequencing performance, one
focusing on learning spectral representations through self-supervised pretrain-
ing, and the other introducing a relational inductive bias suited to peptide MS2

spectra at the architectural level.

5.1 Self-Supervised Encoder Pretraining Experiments

This section evaluates how different self-supervised encoder pretraining strate-
gies affect downstream transformer-based de novo peptide sequencing. All
comparisons are performed under a controlled setting: identical encoder and
decoder architectures, identical fine-tuning hyperparameters, identical peak
preprocessing, and identical training, validation, and test splits. The only factor
varied across experiments is the encoder initialization, allowing the effects of
pretraining to be interpreted as differences in initialization quality rather than
architectural or optimization changes.

All fine-tuning experiments in this section use a deliberately simple and largely
untunedoptimization setup. Hyperparameterswere not exhaustively optimized.
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Instead, we selected a stable configuration that produced reasonable conver-
gence for a randomly initialized encoder (“scratch”) while prioritizing training
throughput, which biases the comparison slightly against encoder pretraining.
In particular, a relatively large batch size was used to accelerate experimenta-
tion, despite being known to be suboptimal.

All self-supervised encoder pretraining experiments reported in this chapter
use the BactTrain (PXD010000) corpus as the unlabeled training source. This
dataset contains approximately 9.3 million MS2 spectra spanning 51 bacterial
organisms and was usedwithout peptide annotations during pretraining. Only
raw peak lists and precursor mass and charge were provided to the encoder, en-
suring that all learning signals arose solely from spectral structure rather than
identification metadata.

5.1.1 Effect on De Novo Sequencing Optimization

All de novo fine-tuning experiments in this section are conducted on the Nine-
Species InstaUpdated dataset. The encoder is initialized from a self-supervised
checkpoint trained on BactTrain (PXD010000), and the full encoder–decoder
model is then fine-tuned in a supervised manner. Following common practice
in the nine-species benchmark, spectra from yeast are held out for evaluation:
half are used as a validation set formodel selection, and the remaining half form
the test set. All other species are used for supervised training.

For each self-supervised objective, encoder checkpoints were selected based
on the most appropriate pretraining validation signal for that method. For
masked objectives, the checkpoint with the lowest validation loss was used. For
DINO, where the training loss is not a reliable indicator of representation qual-
ity, checkpoint selection followed the procedure described in [2]. All down-
stream results reported here use these selected checkpoints; full details of pre-
trainingdynamics and selection criteria are provided in the pretrainingmanuscript.

We first examine fine-tuning behavior on the de novo sequencing task by com-
paring validation loss trajectories under identical optimization schedules. Ta-
ble 5.1.1 reports theminimumvalidation loss achieved over 30 fine-tuning epochs.

Table 5.1.1: Minimum validation loss over 30 fine-tuning epochs.

Initialization Min. Val. Loss

Scratch 1.776

MAE 0.981

DINO 1.666

ForMAE, the selected encoder corresponds to the checkpoint achieving the low-
est validation reconstruction loss during pretraining. For DINO, the selected
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Table 5.1.2: De novo test-set accuracy.

Initialization AA Acc. Pep. Prec.@100%

Scratch 0.293 0.035

MAE 0.581 0.338

DINO 0.319 0.047

encoder is the checkpoint with highest linear-probe performance, as described
in [2]. For the scratch baseline, the encoder is randomly initialized.

Across both data regimes, MAE-pretrained encoders converge faster and reach
substantially lower validation losses than scratch andDINO initializations. DINO
exhibits high sensitivity to checkpoint choice, with some pretrained states offer-
ing mild benefit and others degrading optimization.

5.1.2 Final De Novo Sequencing Accuracy

We next evaluate held-out test-set performance using amino-acid accuracy and
peptide-level precision at 100%coverage. Results are shown inTable 5.1.2.

These results mirror the validation-loss analysis. MAE improves both amino-
acid accuracy andpeptide-level precision. The improvement ismore pronounced
at the peptide level, which aggregates errors across the entire autoregressive
sequence and therefore exhibits threshold-like behavior. Once amino-acid ac-
curacy enters a favorable regime, small additional gains lead to large increases
in fully correct peptide reconstructions. Amino-acid accuracy provides a more
faithful view of relative model performance.

DINO offers small improvements, reflecting a mismatch between its pretrain-
ing objective and thedense, token-level requirements of denovodecoding.

All results above are obtained under a fixed and deliberately simple fine-tuning
configuration. More aggressive hyperparameter optimization can substantially
improve scratch baselines, thereby reducing the relative gains from encoder
pretraining. Therefore, these experiments should be interpreted as controlled
ablations on encoder initialization quality rather than as claims about absolute
model performance.

In contrast, the Pairwise Attention results presented in section 5.2 demonstrate
improvements at competitive, state-of-the-art performance levels across multi-
ple datasets and training regimes, highlighting the impact of introducingdomain-
aligned architectural inductive bias.
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5.1.3 Downstream Evaluation of Global Spectrum Embeddings

In addition to de novo sequencing, we evaluate whether self-supervised pre-
training yields useful global spectrum representations for downstream tasks
that operate on a single pooled embedding. These experiments are intended as
diagnostic probes of representation quality rather than as primary application
results.

A key distinction among the pretraining objectives is that DINO explicitly su-
pervises a pooled spectrum-level embedding, whereas MAE primarily shapes
token-level representations. Accordingly, the experiments in this section focus
on DINO-pretrained encoders.

Unless otherwise noted, the encoder is kept frozen and a small MLP head is
trained on top of the pooled embedding, isolating the quality of the learned
representation.

Retention-Time Prediction

Retention time (RT) correlates with peptide physicochemical properties such
as hydrophobicity and length. We therefore use RT prediction as a probe for
whether a pooled spectrum embedding captures broad, chemically meaningful
structure.

We attach a small MLP regressor to frozen embeddings and report the coeffi-
cient of determination (𝑅2) on a held-out test set. Binned-spectrum and ran-
dom baselines are included for reference. All transformer embeddings in Ta-
ble 5.1.3 are obtained fromDINO-pretrained encoders; the comparison isolates
the effect of increasing encoder capacity and input peak budget under the same
self-supervised pretraining setup.

Table 5.1.3: Retention-time prediction from frozen spectrum embeddings learned though
DINO.

Embedding Params Dim Peaks RT 𝑅2

Binned (512d) – 512 – 0.693

Random (512d) – 512 – −0.282

Small Transformer 19M 512 150 0.805

Large Transformer 127M 1024 150 0.832

Large Transformer 127M 1024 300 0.842

Large Transformer 127M 1024 1000 0.852

DINO-pretrained embeddings substantially outperform the randomandbinned-
spectrum baselines. Within the DINO-pretrained family, increasing model ca-
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pacity and allowing more peaks both improve RT prediction, indicating that
this self-supervised setup scales with encoder size and input resolution.

Spectral-Quality Assessment

Spectral-quality assessment (SQA) is framed as a binary classification task dis-
tinguishing high-confidence spectra from low-confidence spectra using labels
derived from database search. As with RT prediction, we evaluate frozen em-
beddings with a small MLP classifier. For reference, we also report fully fine-
tuned models where the encoder and head are optimized jointly.

Table 5.1.4: Spectral-quality assessment (SQA).

Model AUC Accuracy

Finetune Scratch 0.777 0.707

Finetune DINO 0.801 0.724

Frozen DINO 0.776 0.705

Binned Spectrum 0.770 0.700

As shown in Table 5.1.4, frozen DINO embeddings modestly outperform the
binned-spectrumbaseline andperformsimilarly to fully fine-tuned scratchmod-
els. While the absolute gains are small, they provide evidence that self-supervised
pretraining induces a nontrivial global signal related to spectral quality. The re-
sult is not a strong application outcome, but rather as confirmation that some
meaningful structure is captured in the pooled representation.

Summary. Across both retention-time prediction and spectral-quality assess-
ment, DINO-pretrained embeddings provide global structurewithout task-specific
supervision. These results support the use of DINO for learning pooled spec-
trum representations, while reinforcing that dense downstream tasks such as
de novo sequencing benefit more strongly from objectives and architectures
that explicitly supervise or encode token-level structure.

5.2 Pairwise Attention for De Novo Sequencing

Pairwise Attention (PA) was introduced in our earlier work as a lightweight ar-
chitectural bias for transformer-based de novo sequencing. The mechanism
augments standard self-attention with pairwise mass-difference features, al-
lowing themodel to attend not only to fragment intensities but also to the phys-
ical relationships between peaks. This bias injects domain knowledge that can-
not be easily learned from raw tuples alone, and empirically produces higher
peptide-level accuracy at negligible parameter cost.
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While the encoder used in the PA architecture is structurally compatible with
the pretraining methods evaluated earlier, we restrict the analysis to the con-
ventional supervised training protocol from previous work[6, 8].

5.2.1 Optimization Dynamics

To isolate the effect of Pairwise Attention on optimization, we perform an ar-
chitectural ablation comparing a baseline transformer model without pairwise
bias (denotedBase) and the PAmodel under identical training conditions. Fig-
ure 5.2.1 shows the de novo sequencing training loss across species.

Across all cases, Pairwise Attention reduces training loss more rapidly during
early optimization and converges to a lower final value. Because the models
differ only in the presence of the pairwise attention bias, this behavior indicates
that PA improves the conditioning of the learning problem.

Figure 5.2.1: Training loss dynamics for Base and Pairwise Attention (PA) encoders across
species. Curves show de novo sequencing training loss as a function of epoch for the Base
transformer and the Pairwise Attention variant. Across all species, PA exhibits faster initial
loss reduction and converges to a slightly lower training loss than the Base model, indicating
improved optimization behavior under identical training conditions.

5.2.2 Nine-species Evaluation

We first evaluate PA and Base on NineSpecies V1 and NineSpecies V2. All mod-
els are trained from scratch on the corresponding training data for each version.
For comparisonwe include the publishedperformance of Casanovo[8] (without
beam search).
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Figures 5.2.2 and5.2.3 show the average precision–coverage curves across species.
Tables 5.2.5 and 5.2.6 report peptide precision at 100% coverage.

V1. On NineSpecies V1, PA improves upon the Base model by an average of
5.9 percentage points (11.3% relative). These gains occur consistently across
all nine species. Compared to Casanovo, PA yields a 3.6 percentage-point im-
provement on average. Given that PA adds only 29.5k parameters to a 19M-
parameter encoder, the magnitude and consistency of the improvement under-
scores the utility of incorporating mass-difference structure directly into the
attention mechanism.

Table 5.2.5: Peptide precision at 100% coverage on NineSpeciesV1.

Species Base PA Casanovo

Apis Mellifera 0.390 0.463 (0.004) 0.433

Bacillus Subtilis 0.536 0.612 (0.009) 0.573

Candidatus Endoloripes 0.357 0.409 (0.002) 0.390

Homo Sapiens 0.340 0.391 (0.003) 0.383

Methanosarcina Mazei 0.503 0.554 (0.002) 0.515

Mus Musculus 0.433 0.472 (0.003) 0.431

Solanum Lycopersicum 0.509 0.590 (0.008) 0.522

Saccharomyces Cerevisiae 0.537 0.612 (0.009) 0.580

Vigna Mungo 0.570 0.625 (0.002) 0.552

Average 0.464 0.523 (0.004) 0.487

V2. On thehigher-confidenceNineSpecies V2dataset, PAagain improves upon
Base, now by 6.7 percentage points on average (14.2% relative). The compari-
son to Casanovo is more heterogeneous: PA outperforms Casanovo for several
species but trails for others. This variability likely reflects differences in prepro-
cessing, scoring conventions, and updated data quality, as also noted in earlier
analyses and detailed in our manuscript [1]. Importantly, the Base vs. PA com-
parison remains stable and consistent across V1 and V2.
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Table 5.2.6: Peptide precision at 100% coverage on NineSpeciesV2.

Species Base PA Casanovo

Apis Mellifera 0.390 0.446 (0.009) 0.456

Bacillus Subtilis 0.494 0.583 (0.006) 0.538

Candidatus Endoloripes 0.356 0.425 (0.006) 0.468

Homo Sapiens 0.451 0.521 (0.004) 0.533

Methanosarcina Mazei 0.509 0.579 (0.012) 0.529

Mus Musculus 0.410 0.435 (0.004) 0.395

Solanum Lycopersicum 0.543 0.623 (0.007) 0.608

Saccharomyces Cerevisiae 0.558 0.631 (0.010) 0.561

Vigna Mungo 0.525 0.598 (0.022) 0.428

Average 0.471 0.538 (0.009) 0.502

5.2.3 Supervised Pretraining on MassIVE-KB

Table 5.2.7: Peptide precision at 100% coverage on NineSpeciesV2 after supervised pre-
training on MassIVE-KB.

Test Set Base PA Casanovo

Apis Mellifera 0.618 0.640 0.662

Bacillus Subtilis 0.706 0.732 0.778

Candidatus Endoloripes 0.525 0.549 0.656

Homo Sapiens 0.737 0.746 0.740

Methanosarcina Mazei 0.700 0.720 0.710

Mus Musculus 0.563 0.579 0.552

Solanum Lycopersicum 0.735 0.751 0.799

Saccharomyces Cerevisiae 0.765 0.784 0.840

Vigna Mungo 0.753 0.783 0.762

Average 0.678 0.698 0.722

To investigate performance in a large-data regime, we next train the Base and
PA models on MassIVE-KB, containing approximately 30 million PSMs. We
then evaluate the resulting models on NineSpecies V2.

Table 5.2.7 shows that PA again improves uponBase, but the gap narrows (from
+6.7 points to +2.0 points), as expected when the supervised dataset becomes
extremely large. Nevertheless, a nontrivial improvement remains, indicating
that pairwise attention captures inductive structure that complements brute-
force scaling of the training set.
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Figure 5.2.2: Precision–coverage curves for the Base transformer, Pairwise Attention (PA),
and Casanovo on NineSpeciesV1. Only the best of the three PA training seeds is shown.

5.2.4 Evaluation on an External Bacterial Dataset

Toassess generalizationbeyond the benchmark species, we evaluate theMassIVE-
KB-pretrained models on BactTest (PXD010613). This dataset differs substan-
tially fromMassIVE-KB in species composition and contains only oxidized me-
thionine as a variablemodification, reducing concerns about training–test leak-
age.

Table 5.2.8 shows that PA improves overBase by+2.5 percentage points, consis-
tent with the NineSpecies V2 result. Strikingly, both Base and PA substantially
outperform Casanovo’s published MassIVE-KB model, with PA achieving an
8.5-point (24% relative) improvement.

Summary. Across all settings, training fromscratch onNineSpecies V1/NineSpecies V2,
large-scale supervised pretraining on MassIVE-KB, and evaluation on an ex-
ternal bacterial dataset, Pairwise Attention consistently improves peptide-level
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Figure 5.2.3: Precision–coverage curves for the Base transformer, Pairwise Attention (PA),
and Casanovo on NineSpeciesV2. Only the best of the three PA training seeds is shown.

Table 5.2.8: Peptide precision at 100% coverage on the external bacterial test set after
MassIVE-KB pretraining.

Model Precision

Base 0.408

PA 0.433

Casanovo 0.348

precision over a baseline transformer. The magnitude of improvement varies
with dataset size but remains robust across domains, indicating that explicit
modeling of mass-difference structure provides a consistent inductive advan-
tage.
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6 Conclusions and Future Directions

This thesis examinedhow representation learning and architectural design choices
affect transformer-based de novo peptide sequencing from tandem mass spec-
tra. Two complementary strategies were studied: (i) self-supervised encoder
pretraining on large unlabeledMS2 corpora, and (ii) the introduction of a domain-
aligned relational inductive bias through Pairwise Attention. Together, these
investigations clarify what can currently be gained from self-supervised learn-
ing in proteomics, where its limitations lie, and highlight architectural induc-
tive bias as a particularly reliablemechanism for improving de novo sequencing
performance.

Self-Supervised Pretraining for MS2: Progress with Clear Limits

Self-supervised encoder pretraining improves downstreamde novo sequencing
relative to random initialization, but the magnitude and nature of the gains de-
pend on the alignment between the pretraining objective and the downstream
task. Masked autoencoding provides improvements in de novo optimization
and accuracy under the controlled, intentionally untuned fine-tuning setup re-
ported this thesis, indicating that reconstructive, token-level objectives can shape
encoder representations in a way that is beneficial for autoregressive peptide
decoding.

DINO behaves differently. It learns non-degenerate global spectrum embed-
dings and capturesmeaningful structure, as evidencedbydownstreamretention-
timeprediction and spectral-quality assessment. However, likely becauseDINO
supervises only a pooled spectrum-level representation, its impact on de novo
sequencing is limited. The decoder operates on token-level embeddings, which
are only weakly constrained by a purely global objective. As a result, DINO
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improves de novo performance relative to scratch initialization, but does not
match the gains achievedbydense objectives such asmasked autoencoding.

This behavior reflects a general pattern also observed in other domains: ob-
jectives that supervise global representations transfer naturally to global tasks,
while dense prediction problems require supervision that directly targets token-
level structure. The results here indicate that MS2 follows the same princi-
ple.

At the same time, the fact that DINO learns useful global embeddings at all
is notable. Despite being developed for images and applied here to sparse, un-
ordered, set-structuredMS2 spectra, it recovers physicochemical and fragmentation-
related information fromraw spectrawithout peptide annotations. This demon-
strates that high-level spectral structure is accessible through fully self-supervised
learning, but also that the amount of structure captured so far is limited. Strong
effects are observed in diagnostic probing tasks such as retention-time predic-
tion, while gains on more practically relevant tasks, including spectral-quality
assessment and de novo sequencing, remain modest.

Global EmbeddingEvaluationsConfirmNontrivial Structure Learning

To disentangle representation quality from de novo decoding performance, we
evaluated self-supervised encoders on downstream tasks that operate directly
on pooled spectrum embeddings. These tasks serve as diagnostic probes of
whether self-supervised pretraining extracts meaningful global structure from
MS2 spectra, independent of sequence-level reconstruction.

Frozen DINO embeddings yield strong retention-time prediction performance
(𝑅2 ≈ 0.80–0.85, depending on model size and peak budget) and modest but
consistent improvements in spectral-quality assessment relative to binned-spectrum
baselines. Because neither retention time nor spectral quality is observed dur-
ing pretraining, these results demonstrate that the learned representations en-
code nontrivial information correlated with peptide physicochemical proper-
ties and fragmentation characteristics.

The magnitude of these improvements should be interpreted conservatively.
Retention-time prediction from spectra is not a practically useful task, since
retention time is already observed whenever an MS2 spectrum is acquired. Its
role here is purely diagnostic, probing whether global physicochemical struc-
ture is encoded in the embedding. Spectral-quality assessment shows only small
gains over simple baselines.

In this sense, the global embedding evaluations provide supporting evidence
for the conclusions drawn from de novo sequencing: self-supervised learning
onMS2 spectra uncovers real signal, but current objectives extract only limited
structure. Bridging the gap between this weak but measurable signal and rep-
resentations that materially improve dense prediction tasks remains an open
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challenge.

PairwiseAttention: Relational InductiveBias as aRobustAlternative

The Pairwise Attention experiments clarify an orthogonal but critical point. By
modifying only the encoder to incorporate explicit pairwise mass-difference in-
formation, consistent and robust improvements are obtained across all eval-
uated regimes: training from scratch on NineSpecies V1 and NineSpecies V2,
large-scale supervised pretraining onMassIVE-KB, and evaluation on an exter-
nal bacterial dataset with minimal peptide overlap.

The external bacterial benchmark is particularly informative. Both the Base
and Pairwise Attention models substantially outperform Casanovo’s published
results, despite the bacterial test set containing peptides that are largely disjoint
from both MassIVE-KB and the nine-species benchmarks. Pairwise Attention
further improves upon the Basemodel in this setting, indicating strong general-
ization across species and peptide distributions. This suggests that the induced
bias captures fragmentation structure that transfers beyond the training do-
main, approaching state-of-the-art generalization under realistic distribution
shift.

From a conceptual standpoint, Pairwise Attention exemplifies the role of rela-
tional inductive biases as formalized by Battaglia et al. Standard self-attention
assumes unrestricted all-to-all interactions and leaves the discovery of mean-
ingful relations entirely to data. Pairwise Attention instead injects a structured
but flexible relational signal, conditioning attention on pairwise mass differ-
ences without imposing fixed neighborhoods or sparsity patterns. The rele-
vance of each relation is learned, not prescribed.

Relational Inductive Biases and the Bitter Lesson

The results of this thesis also speak to a broader discussion about the role of
inductive bias in modern machine learning. Sutton’s Bitter Lesson [30] argues
that methods relying on hand-designed structure tend to be outperformed, in
the long run, by approaches that scale computation and data while minimiz-
ing domain-specific assumptions. From this perspective, architectural inter-
ventions such as Pairwise Attention might be viewed as temporary advantages
that would eventually be subsumed by sufficiently large models trained on suf-
ficiently large datasets.

However, Battaglia et al. [21] articulate a contrasting view that is particularly
relevant for the present setting. They argue that many real-world problems are
fundamentally relational and that learning in such domains benefits from ar-
chitectures that encode appropriate relational inductive biases. Crucially, this
view does not reject end-to-end learning. Rather, it rejects the false choice be-
tween hand-engineering and data-driven learning, emphasizing that architec-
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tural structure can guide learning toward the interactions that matter, while
still allowing flexibility and scalability.

The empirical results with Pairwise Attention strongly align with this perspec-
tive. By injecting a lightweight, physically grounded relational bias based on
pairwise mass differences, the encoder consistently improves optimization be-
havior, data efficiency, and generalization across datasets. These gains persist
not only in small supervised regimes, but also under large-scale supervised pre-
training and on an external bacterial test setwithminimal peptide overlap. This
indicates that the improvement is not merely a form of regularization or short-
cut learning, but reflects alignment with stable, domain-level structure in MS2

fragmentation.

Importantly, Pairwise Attention does not impose a rigid relational graph or
fixed neighborhood. Instead, it biases attention weights on pairwise mass dif-
ferences while allowing the relevance of each interaction to be learned. In this
sense, it occupies the intermediate regime emphasized by Battaglia et al.: nei-
ther ignoring relational structure nor hard-coding it, but exposing it to the
model in a form that supports efficient learning.

From this viewpoint, the success of Pairwise Attention does not contradict the
Bitter Lesson so much as it highlights its limits in domains where appropri-
ate learning signals are scarce or misaligned with the task. In proteomics, la-
beled data are expensive, incomplete, and biased by upstream search engines,
while unlabeled data are abundant but difficult to exploit for dense prediction.
In such settings, relational inductive bias provides a practical and principled
means of improving representation learning without sacrificing end-to-end op-
timization.

Together with the self-supervised learning results presented earlier, these find-
ings suggest that progress inMS2modeling is likely to come froma combination
of scale and structure: large unlabeled datasets, objectives that better match
downstream tasks, and architectures that reflect the relational nature of frag-
mentation spectra.

Toward Foundation Models for MS2

Taken together, the results indicate that self-supervised learning for MS2 is fea-
sible and informative, but that the learning capacity of the objectives explored
here appears to be the main limiting factor. They recover measurable structure
from raw spectra, yet the amount of structure they extract remains insufficient
to push state-of-the-art performance in demanding downstream tasks such as
de novo sequencing.

A key implication is that the bottleneck is not primarily dataset size, but objec-
tive capability. If future objectives or training setups cross a qualitative thresh-
old in how much fragmentation-relevant structure they can absorb from unla-
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beled spectra, then scale becomes decisive: the combination of a sufficiently
strong self-supervised signal with massive unlabeled corpora could make pre-
training genuinely worthwhile and broadly transferable. In other words, large-
scale unlabeled data are likely tomatter most after the self-supervised learning
problem is formulated well enough to exploit them.

From this perspective, the appeal of MS2 foundation models is real but condi-
tional. Public repositories contain orders of magnitude more unlabeled spec-
tra than can be annotated reliably. However, turning that raw scale into usable
representation learning requires objectives that can extract substantially richer
structure than the ones tested here.

Reaching that regime is not only amodeling challenge but also a data-engineering
one. Constructing large, diverse, and usable unlabeled corpora requires sub-
stantial effort in data collection, filtering, and standardization.

Future Research Directions

Domain-aligned self-supervised objectives for MS2. The results of this thesis
indicate that generic self-supervised objectives developed for images or text
do not transfer directly to MS2 spectra. While masked autoencoding and self-
distillation recovermeasurable signal, the amount of structure learned remains
limited, suggesting a mismatch between these objectives and the spectral data-
generating process.

Rather than abandoning self-supervised learning for MS2, these findings mo-
tivate the development of objectives and augmentations that better reflect do-
main structure. In particular, contrastive or self-distillation frameworks that
exploit precursor-mass constraints, spectral additivity, or spectrum composi-
tion and decomposition may be more effective. For example, DINO-style ob-
jectives could be adapted to operate on structured spectral views formed by
combining or selectively excluding peaks under shared precursor constraints.
Such formulations could probe whether models can disentangle mixed spectral
inputs without explicit supervision. Identifying effective domain-aligned objec-
tives remains an open problem.

Hybrid supervised–self-supervised training. Another promising direction is to
combine supervised and self-supervised learning signals within a single train-
ing framework. Rather than relying exclusively on self-supervised pretraining,
models could be trained jointly on labeled and unlabeled spectra, using su-
pervised sequence-level losses alongside auxiliary representation-level objec-
tives.

Related ideas have been explored in recentwork such asContraNovo [31], which
combines a supervised de novo sequencing loss with a contrastive objective ap-
plied to encoder representations. However, in that setting the contrastive loss
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is applied only to spectra that already have peptide annotations, and no ad-
ditional unlabeled data are introduced. As a result, such approaches do not
directly leverage large-scale unlabeled MS2 corpora.

Extending this paradigm to truly hybrid data regimes, where labeled spectra
provide task-aligned supervision while large unlabeled collections shape repre-
sentations through self-supervised objectives, may offer a more effective trade-
off between structure and scale.

Hybrid dense–global objectives. The experiments reveal a separation between
objectives that supervise token-level structure and those that supervise pooled
spectrum-level representations. Dense objectives benefit autoregressive decod-
ing, while global objectives yield transferable embeddings. Combining these
signals within a single self-supervised objective, jointly supervising token-level
andpooled representations,maybridge this gap, analogous to dense contrastive
methods in vision.

Alternative decoding paradigms for de novo sequencing. All de novo sequencing
experiments in this thesis rely on autoregressive decoding, which accumulates
errors sequentially. An alternative direction is to explore non-autoregressive or
iterative decoding schemes, such as diffusion-based sequencemodels. By refin-
ing predictions iteratively rather than committing to a left-to-right trajectory,
such approaches may reduce exposure bias and improve robustness. Whether
diffusion-based decoders can be effectively applied to peptide generation con-
ditioned on MS2 spectra remains an open but well-motivated question.

Closing Remarks

This thesis shows that the quality of learned spectral representations plays an
important and often underexplored role. Self-supervised learning and rela-
tional inductive bias offer complementary routes toward improving encoder
representations. While self-supervised pretraining reveals that some meaning-
ful structure can be recovered from rawMS2 spectra, the resulting gains remain
limited with current objectives. In contrast, Pairwise Attention demonstrates
that introducing a domain-aligned architectural inductive bias can deliver im-
mediate, robust, and generalizable improvements across datasets and distribu-
tion shifts.

Together, these results suggest that further progress will likely require a combi-
nation of higher-quality labeled data, large-scale unlabeled corpora, objectives
aligned with spectral structure, and architectures that explicitly encode rela-
tional information, rather than relying on any single factor in isolation.
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