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Abstract

The advent of large-scale neural networks has revolutionized computational bi-
ology, enabling the development of powerful Protein Language Models (PLMs)
that learn rich representations from amino acid sequences. This thesis ex-
plores the internal workings of these models through the lens of interpretability,
with the aim of understanding the biological knowledge they capture and taking
advantage of this understanding for practical applications.

We begin by investigating the intrinsic dimensionality (ID) of data represen-
tations across layers of deep neural networks trained on diverse modalities:
DNA, proteins, natural language, and images (chapter [4). We find that while
ID evolution varies across modalities, PLMs exhibit a remarkably robust and
consistent pattern, suggesting they converge to a universal representation.
This consistency makes PLMs a particularly fertile ground for interpretability
research, as insights are likely to generalize across architectures.

Building on this, we apply Sparse Autoencoders (SAEs), a state-of-the-
art mechanistic interpretability method, to dissect the representations of the
ESM2-8M model (chapter [5). We successfully disentangle model represen-
tations and link them to biologically meaningful annotations from the UniProt
database. Furthermore, we demonstrate that these features are actionable: by
artificially activating SAE latents associated with zinc finger motifs during in-
ference, we can steer the model to generate novel protein sequences contain-
ing these structural elements, validated by automated annotation and structure
prediction.

We complement this with a classical analysis of model neurons (chapter
[6), revealing that while individual neurons are polysemantic and each encoded
concept is spread across the whole population of neurons; information about
specific protein domains is concentrated in a small subset of these, with per-
formance saturating rapidly as more neurons are added. We also identify the
presence of “outlier dimensions” in PLMs, analogous to those previously de-
scribed in natural language models, and show that one such dimension is
strongly correlated with intrinsically disordered regions, potentially acting as
a biological analogue of punctuation.

The practical utility of PLMs is further demonstrated through their applica-
tion to predicting protein interaction interfaces (chapter[7). Finetuning PLMs for
this task showcases their transfer learning capabilities on a problem of direct
biological relevance.

Additionally, a bonus chapter (chapter [8) illustrates the power of unsuper-
vised learning in a clinical context, where we cluster B-cell Chronic Lymphocytic
Leukemia patient profiles to identify distinct risk groups based on treatment-
free survival, resulting in a simple, clinically applicable algorithm for patient
stratification.

In conclusion, this thesis provides a multifaceted examination of protein lan-
guage models, from fundamental geometric properties and mechanistic inter-
pretability to practical applications in protein generation and interaction inter-
face prediction tasks. Our work underscores that PLMs are not merely black-
box predictors but are learning structured, biologically-grounded representa-
tions that we can begin to understand, control, and exploit.
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Chapter 1

Introduction

Proteins are the fundamental workhorses of biology, orchestrating nearly every
cellular process. Understanding their structure, function, and interactions is a
central goal in life sciences. The exponential growth of biological sequence
data has created an unprecedented opportunity to apply deep learning, lead-
ing to the development of Protein Language Models (PLMs) [81],149]. Inspired
by breakthroughs in natural language processing [141], 141} [109], these mod-
els treat amino acid sequences as sentences in a “protein language” and,
through self-supervised pre-training on millions of sequences, learn rich, con-
textual representations that encapsulate structural, functional, and evolutionary
information.

Despite their remarkable performance on tasks like structure prediction
[76, [81] and function annotation, PLMs are often regarded as black boxes.
The complexity of architectures like the transformer [141], with its self-attention
mechanism and millions of parameters, obscures how and what these mod-
els learn. The emerging field of mechanistic interpretability seeks to reverse-
engineer neural networks into human-understandable components [91]. Apply-
ing these techniques to PLMs is not merely an academic exercise; it is crucial
for validating their predictions, ensuring their reliability, and ultimately harness-
ing them for scientific discovery and protein design [5].

This thesis presents a comprehensive exploration of the interpretability of
protein language models. Our work is structured to progress from analyz-
ing fundamental geometric properties of model representations, to applying
cutting-edge interpretability methods, and finally to demonstrating practical ap-
plications in both protein generation [60] and automated annotation (prediction
of protein interaction interfaces).

Alongside the work presented here, we also collaborated with other col-
leagues on two different projects: Bayesian inference to deconvoluting muta-
tional signatures [24] and unsupervised clustering to identify protein families
in large datasets [14], further underscoring the power of computational ap-
proaches in biology.

We begin, in chapter [2] by establishing the foundational concepts of lan-
guage models and the transformer architecture, as well as emerging alterna-
tives like Mamba [63] and Hyena [105]. Chapter 3] then provides a detailed
overview of proteins as biological macromolecules and the computational tools
and datasets used to study them.



The core of our investigation starts in chapter where we probe the
internal representations of neural networks by studying their intrinsic dimen-
sionality (ID). We analyze how the ID of data representations evolves across
layers of models trained on DNA, proteins, natural language, and images. A
key finding is that PLMs exhibit a uniquely robust and consistent ID trajectory,
even across different architectures and training regimes. This suggests that
these models converge to a universal representation of protein space, making
them exceptionally suitable for interpretability studies, as conclusions drawn
from one model are more likely to generalize to others.

Motivated by this finding, chapter [5 delves into mechanistic interpretability
using Sparse Autoencoders (SAEs) [22), [33]. We train SAEs on the ESM2
model to disentangle its polysemantic representations into more interpretable
features. We then develop an automated pipeline to interpret these features by
matching them with curated annotations from the UniProt database, identifying
latents associated with transmembrane regions, binding sites, and structural
motifs like zinc fingers. Critically, we demonstrate that this interpretability is not
merely descriptive but can guide model behavior: by manipulating these latent
activations during inference, we can steer the model to generate novel protein
sequences that contain zinc finger motifs, paving the way for potentially more
complicated protein design applications.

In chapter [6] we supplement the SAE approach with a more classical anal-
ysis of model neurons in PLMs. We show that while individual neurons in PLMs
are not easily interpretable, information about specific protein domains is highly
concentrated in a small subset of neurons, with classifier performance saturat-
ing rapidly. This indicates a sparse and structured representation. Further-
more, we identify the phenomenon of outlier dimensions in PLMs, previously
observed in natural language models [79]. We demonstrate that one such out-
lier dimension shows a strong correlation with intrinsically disordered regions,
suggesting these regions may play a role analogous to punctuation in natural
language.

The practical significance of PLMs becomes evident in chapter 7| where
we finetune them to predict protein interaction interfaces. Accurately identify-
ing which amino acids form the interface between interacting proteins is critical
for understanding cellular signaling pathways, drug design, and synthetic biol-
ogy. This chapter demonstrates the power of transfer learning, showing how
knowledge embedded in PLMs during pre-training can be efficiently adapted to
solve specific, high-impact biological problems.

Finally, chapter [8] showcases an application of unsupervised learning in a
clinical context, distinct from the PLM-focused work. We apply clustering al-
gorithms to clinical and biomarker data from patients with B-cell Chronic Lym-
phocytic Leukemia. The resulting clusters correspond to distinct risk groups
with significantly different treatment-free survival outcomes. We derive a sim-
ple decision tree that allows clinicians to stratify patient risk with high accuracy,
demonstrating a direct path toward translating computational analysis into clin-
ical practice [34].

In summary, this thesis bridges the gap between the abstract representa-
tions learned by deep learning models and their concrete biological interpreta-
tions and applications. We move from observing PLM performance to trying to
understand their internal mechanisms, and ultimately, to controlling their output
for potential protein design applications.



Chapter 2

Language Models

Abstract

This chapter introduces the foundations of language modeling and its exten-
sion to different data modalities. We begin by defining language models and
discussing the impact of the transformer architecture [141] and its self-attention
mechanism, which enabled unprecedented contextual understanding and gen-
erative capabilities (section[2.2). Through self supervised pretraining on large
unlabeled corpora, models such as BERT [41] and GPT [109, 23] learn trans-
ferable representations that can be finetuned for a variety of downstream tasks.
We describe the masked language modeling objective that underlies many
such models (section|2.1) and outline the architecture of transformer networks
(section[2.2). Finally, we present some emerging alternative architectures, in-
cluding state space models, Mamba [63], and Hyena [105]—that aim to capture
long-range dependencies more efficiently (section[2.3).

A language model is a model that can assign probabilities to given se-
quences of words. Recent advances in language modeling with neural net-
works have achieved remarkable capabilities for machine translation, genera-
tion of natural language text, question answering, and reasoning. These break-
throughs are largely driven by the transformer architecture proposed by [141],
which makes use of the self-attention mechanism to incorporate contextual
information. Later, models such as BERT [41] and GPT [109] 23] set new
benchmarks on several different natural language tasks.

These models learn in a semi supervised manner, by first taking advan-
tage of large amounts of unlabeled text now accessible on the internet for pre-
training on a pretext task like language modeling, and then performing smaller
scale training (fine-tuning) on a labeled dataset. The pretext task is a learning
objective devised so that the model can learn semantically rich representa-
tions of the data that can then be re-used for other downstream tasks. A model
trained this way to produce these representations is called a foundation model.
This same approach has also been successfully applied to images [42], video
[9], biological sequences [69][74], and other multimodal types of data [108].

In the following sections, we describe in more detail the masked language
modeling objective (Section [2.7), the transformer architecture and attention
mechanism (Section [2.2), and some other architectures that have appeared



as alternatives to transformers (Section[2.3).

2.1 Masked Language Modeling

For natural language processing tasks, text first has to be split into words or
word pieces, commonly referred to as fokens. This operation is called fok-
enization, and several different algorithms have been proposed to perform it
in a more efficient manner ([123| (149]). For protein sequences, each amino
acid can be considered a token; while for DNA, each nucleic acid can be taken
individually or in groups of size k called k-mers.

The dog runs after

the frisbee. It walks back with

the frisbee in its

mouth.
With perfect timing,

The runs after the frisbee. The dog runs after the the dog jumps into
l l the air.
Masked Language Modeling Causal Language Modeling Sentence Ordering
l l 1. The dog runs after the

frisbee.
2. It walks back with the frisbee
in its mouth.
3. With perfect timing, the dog
jumps into the air.

The dog runs after the frisbee. The dog runs after the frisbee.

Figure 2.1: Anillustration of the Masked Language Modeling, Causal Language
Modeling (Next Token Prediction), and Sentence Ordering tasks. In Masked
Language Modeling, random tokens are masked from the input, and the model
has to predict the missing tokens based on the context (added comma). In
Causal Language Modeling, the model predicts the next token based on previ-
ous tokens. In Sentence Ordering, the model has to organize sentences in the
correct sequence.

Language models are usually trained on the tasks illustrated in figure
For example, BERT was trained for masked language modeling and next sen-
tence prediction tasks, while GPT is an auto-regressive model that predicts the
next token in a sequence. Protein language models are trained on the masked
language modeling task, so we will focus our discussion on this task.

For masked language modeling, random tokens from the input are cor-
rupted or replaced with a special (MASK) token, and the model is trained to
directly predict the missing tokens given the rest of the context. The loss func-
tion for this task is an extension of the standard cross-entropy loss that is ap-
plied only to the masked tokens. It can be expressed as:

1
Lum(0) = === Y logpg(w; | 2\a1) (2.1)
|M] ieM
where pg(z; | x\s) is the probability assigned by the model to the ground
truth token z; given its masked sequence context z\,;, and M is the set of all



masked tokens.

2.2 Transformers
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Figure 2.2: The Transformer architecture: The tokenized input is embedded
through a linear projection, and an additional positional encoding is added so
that the model can recognize positional information. The input is then passed
through several transformer blocks before finally going through the unembed-
ding layer, which projects the results back to the appropriate dimensions.
These outputs are normalized through a softmax at the end of the model to
produce the final output probabilities.

The main block of the transformer architecture consists of normal fully con-
nected layers (MLP: multi-layer perceptrons) interleaved with attention layers,
as shown in figure The input is first tokenized, as described in the pre-
vious section, and a linear projection first embeds each token into a vector of
dimension d (also called the hidden dimension of the model). We call the re-
sult of this operation the matrix X, which has dimensions (d, L), where L is the
length of the original input sequence (in number of tokens). A positional en-
coding is added to the embedding so that the model can recognize positional
information, which would otherwise be lost.

The embedding or representation X passes through several transformer
blocks before being unembedded back to a matrix of size (L, D), where D



is the size of the dictionary (number of possible tokens). This final matrix is
normalized so that, in the end, we have a list of probabilities for each token at
each position in the sequence.

The core component of the transformer architecture is the attention mecha-
nism. This mechanism allows the model to incorporate contextual information
into the vector representation of each token. For example, in English, the same
word can have completely unrelated meanings, and we are only able to deter-
mine the correct meaning based on context. In the sentences:

The dogs bark.

The bark of this tree is medicinal.

We understand the meaning of the word bark through other keywords in
the rest of the sentence.

In the attention mechanism, each embedded token is re-weighted to include
information from all other tokens. Intuitively, we assign a higher weight to to-
kens that are closer in meaning. We call the matrix that gives these weights
the attention map. Mathematically, this is given by:

. <QK T )
Attention(Q, K, V') = softmax 14 (2.2)
Vd
Q, K, and V are called the queries, keys, and values vectors, which are
linear projections of the input X obtained by multiplying with the correspond-
ing weight matrices W<, WX, and WV. These matrices act as the learnable
parameters in the attention mechanism and give more expressivity to the net-
work. The QK T multiplication, scaled and normalized, acts as the attention
map, which decides which tokens will “communicate” with each other.
Self-attention in a transformer model means that both the queries @ and
the keys K are projections of the same input sequence, instead of two different
sequences (i.e. a sentence in English and its translation in French). Self-
attention is used in a network with a Masked Language Modeling objective,
as opposed to a network used for translation tasks. In a standard transformer
network, the self-attention mechanism is extended to multi-head attention. This
is an extension where several attention maps are calculated in parallel, allowing
the model to create different “similarity measures” in each head. This is given
by:

head; = Attention;(Q, K,V) (2.3)
MultiHead(Q, K, V) = Concat(head,, ..., head, )W (2.4)

where W2 WX WY are the projection weights used for each attention
head i in a model with h heads, and the final output is projected with the output
weights WO,

2.3 Alternative Architectures

Although transformer based models have enjoyed a great deal of popularity due
to their effectiveness at solving language related tasks, they are not the most
computationally efficient. In particular, the computational cost of the attention
mechanism that they rely on increases quadratically with sequence length. This
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limits the maximum length of the sequences that a transformer can process,
and thus the maximum context window that is available to them. This problem
has led to several groups trying to propose a model that uses a subquadratic
operation that is as effective as transformers and also allows the context length
to be increased.

To propose alternative architectures, some groups have built on insights
learned from studying the mechanisms through which the transformer archi-
tecture works [56, [105, [63]. In particular, it seems that one key ingredient for
transformers to be able to effectively learn from context is the formation of in-
duction heads: attention heads that are able to complete patterns of the form
AB..A — B [95]. Architectures that are capable of solving simple versions
of this task seem to perform much better at larger scales on natural language
tasks that rely on in-context learning (learning from the current context).

State space models (SSMs) have been proposed as an alternative to the
attention mechanism, given that they are linear with sequence length and have
proven successful for tasks such as time series modeling [64]. These models
can be thought of as lying in between a recurrent neural network (RNN) and
a convolutional neural network (CNN). SSMs map an input variable u; to an
output variable y; by passing through an intermediate state xz; with the following
equations:

;= A,z 1+ B,u,, (2.5)
yi = C i + D, u;. (2.6)

where A, B,C, D matrices are learned from the data. This operation can
also be written as a convolution, as the matrices are invariant with .

As classical SSMs by themselves are not as effective for natural language
tasks as attention, several changes have been proposed that also improve the
computational efficiency of their implementations, such as H3 [56] and Mamba
[63]. In the following section we will describe in a bit more detail the architecture
of Mamba and Hyena [105], a closely related model.

11
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Figure 2.3: The architecture of the Mamba model and composition of Mamba
blocks. Each Mamba block combines a short convolution that incorporates lo-
cal context information into each token with an SSM block that incorporates
global context information from all tokens. These blocks are followed by a gat-
ing operation (matrix multiplication between embeddings) that allows informa-
tion to flow between different channels (hidden dimensions) in each token.

The Mamba architecture is a recently proposed model based on SSMs that
incorporates several different tricks to make its implementation faster. The ar-
chitecture is sketched in figure The main innovation that makes Mamba
different from other state space models is a selection mechanism. Basically,
we make some of the matrices of the SSM dependent on the input instead of
invariant. This gives the model the ability to select data in an input dependent
manner and perform in-context learning [63].

The model architecture consists of stacked Mamba blocks. Each of these
blocks includes a short convolution that enriches the representations with local
context before the SSM block: this part of the model combines information
from different tokens. Then, a gating mechanism allows the model to combine
information from different hidden dimensions in the representations.

2.3.2 Hyena

The Hyena hierarchy model [105] is a recently proposed architecture where
traditional attention blocks are replaced by a Hyena operator. In this operator,
we apply stacked element-wise gating operations followed by long convolutions
to different versions of the input that have undergone a linear projection and a
small convolution. A diagram of this architecture is shown in figure [2.4]

The gating and long convolutions can be thought of as successive multipli-
cations in the original and Fourier space. The parameters in the kernel for the
long convolution are not directly learned; instead, they are output by a short
MLP that takes as input the size of the desired kernel. In this way, the size of
the input sequence can be kept flexible.

The large context length that is achievable with the Hyena architecture

12
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Figure 2.4: Hyena architecture. The architecture is very similar to the trans-
former architecture but with attention blocks replaced by Hyena operators.
Each Hyena operator combines element-wise gating with successive long con-
volutions (convolutions with the same size as the input, parameterized by an
MLP) before the final output.

makes it well suited for DNA modeling, where interactions can be several hun-
dred thousand nucleotides apart [89].

Other groups have tried creating hybrid models that take advantage of the
strengths of the different types of layers. An example is the striped Hyena archi-
tecture, where transformer layers are interleaved with Hyena layers to create an
efficient and performant model that has been applied to both natural language
[106] and DNA data [88].
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Chapter 3

Proteins

Abstract

This chapter provides an overview of proteins as fundamental biological macro-
molecules and introduces the computational tools and datasets used to study
them. We begin by describing the structure and function of proteins, from their
amino acid composition and folding into secondary and tertiary structures to
their diverse biological roles (Section)[3.1)). Building on this foundation, we
introduce protein language models (PLMs)—deep learning architectures in-
spired by natural language processing that learn representations of protein
sequences useful for structural and functional prediction (Section)[3.2). We
summarize major PLMs such as ESM, ProtTrans, Ankh, and MSA-Transformer,
along with models for structure prediction. The chapter also surveys key bi-
ological databases (Section) such as UniProt, InterPro, and the Protein
Data Bank (PDB), which provide curated protein sequences, annotations, and
structures, and introduces essential computational tools (Section)[3.4)) like MM-
Seqs2 and PyMOL for protein analysis and visualization.

3.1 What are proteins?

Proteins are among the fundamental building blocks of life [148]. They can play
many different roles inside an organism: as enzymes for various biochemical
reactions, as structural support such as collagen and keratin, as receptors for
cellular communication, or as molecules that transport other molecules and
combat pathogens in more advanced organisms.

Proteins are chains of amino acids (polypeptides) that fold into a complex
3D structure that usually determines their biological function. Interactions be-
tween amino acids dictate the formation of secondary structure elements such
as a-helices and j-sheets (figure) [3.1), which in turn form the overall tertiary
structure of the protein. The protein sequence is encoded by a DNA sequence
that is translated into an amino acid sequence.

There are 20 standard amino acids found in nature that have a fixed cor-
respondence with codons in DNA. If we assign each amino acid a letter in
the alphabet, we can represent a protein as a sequence of letters. These se-

14



quences can be studied through language models, an approach that we detail
in section

The series of amino acids that form a protein can be determined through
direct sequencing, through sequencing of intermediate gene products, or pre-
dicted from the corresponding gene. A protein’s 3D structure can be resolved
through different experimental methods, mentioned in Section Different
databases that host protein sequences and biological annotations, as well as
other tools for working with proteins, are detailed in Sections [3.3|and

3.2 Protein Language Models

Given the success of the transformer and masked language modeling for nat-
ural language, several groups have tried to apply the same methodology to
protein sequences. Proteins are represented as sequences of letters or to-
kens, and a certain percentage of the data is randomly masked or corrupted
before being passed as input for model training. The model then learns how
to complete the missing parts of the sequence, and in doing so, forms protein
representations that contain a lot of useful information for other tasks. Some
of the first examples of these types of models include the ProtTrans family of
models [49] and ESM (Evolutionary Scale Modeling) [115], which were trained
on billions of protein sequences. Later on, a second version of ESM scaled this
approach to much larger models (ESM-2) that were then used with additional
layers for structural prediction (ESM-Fold) [81]. Other approaches, like Ankh,
explore the influence of hyperparameter optimization on performance improve-
ment while keeping parameter count low[48]. An extension of this approach to
multiple sequence alignments is given by [112], which builds a model that they
call the MSA-Transformer.

The representations that these models learn for proteins have been shown
to contain a lot of useful structural, functional, and evolutionary information, al-
though because of their black-box nature it is not clear how they process this
information. In transformers, it has been observed that the attention mecha-
nism focuses mainly on binding sites, with attention maps seemingly encoding
residue-to-residue contacts [142]. There also seems to be a progression in at-
tention from lower-level concepts (secondary structure features) in earlier lay-
ers to higher-level concepts like binding sites and residue contacts in deeper
layers. Unsupervised contact prediction from attention maps has also been
explored by [113].

With the masked language modeling approach on its own, networks learn
protein representations that contain a lot of structural information, but the rep-
resentations can be improved by directly incorporating structural information,
such as with ESM-3, a multimodal model that also uses functional labels for its
training [69].

The problem of predicting a protein structure from its sequence was also
famously addressed by AlphaFold, with a model that contains a submodule
similar to the MSA-Transformer [76], and more recently with a diffusion model
[4]. This problem can also be addressed as a sequence to sequence transla-
tion task (such as in the ProtT5 model [71]), given that the protein structure is
tokenized into a structural sequence. This tokenization into a structural alpha-
bet has been done by [140] with an autoencoder model which was originally

15



developed for fast structural alignment (Foldseek). Predicting an amino acid
sequence from a given protein structure, also known as inverse folding, has
been addressed by models such as ESM-IF [73].

Recent architectural advances in natural language modeling have been in-
corporated into the ProtMamba [124] and PTM-Mamba [102] models.

3.3 Datasets
3.3.1 UniProt

The UniProt (Universal Protein Resource) database is a large collection of pro-
tein sequences and corresponding annotations [2, 20]. Most sequences come
from directly translating coding sequence data, but there are different levels
of evidence for existence assigned to each protein, ranging from experimental
measurements (proteins with a resolved structure in the PDB or from direct
protein sequencing) to proteins whose existence is inferred from homology to
other proteins.
UniProt is subdivided into different resources:

» UniProtKB: The UniProt Knowledgebase is the main resource, contain-
ing several million protein sequences and numerous biological annota-
tions where available. It comprises the SwissProt set, which is manually
curated and reviewed by experts, and the TrEMBL set, which contains
sequences that have been annotated computationally.

The latest release of UniProtKB (version 2025_03, as of August 2025)
contains more than 573,000 protein sequences in SwissProt and more
than 253 million protein sequences in TTEMBL [31].

» UniParc: A non redundant archive of all protein sequences that have
been published in major databases, including sequences that have been
deemed erroneous. UniParc assigns a stable identifier to each unique
sequence, making it possible to track it across different databases.

+ UniRef: UniProt Reference Clusters provide sequences clustered at 100%,
90%, and 50% sequence identity (termed UniRef100, UniRef90, and
UniRef50).

» Proteomes: Proteomes are the sets of proteins that are expressed by
a biological organism. UniProt contains around 25,000 reference pro-
teomes that have been selected to be representative of different organ-
isms across the tree of life.

3.3.2 UniProtKB Annotations

Each entry in the UniProtKB database contains several biological annotations
that are associated with its protein sequence. This usually includes the name
of the associated gene and the taxonomic identifier and lineage of the original
organism (with its NCBI, National Center for Biotechnology Information, tax-
onomy identifier) [122]; experimentally determined structures from the Protein
Data Bank, and several other annotations of structural and functional features.
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In the following section, we describe some of these selected features, also
shown in figure 3.1]

Functional Annotations

» Gene Ontology Annotations: Annotations of the function and location of
the protein, described in more detail in section|3.3.3

» Enzyme Commission Number: A hierarchical classification of enzymes
based on the chemical reactions they catalyze [84].

Functional Sites

* Binding Site: Specific residues that interact with another protein or a
small molecule.

* Active Site: The residues in enzymes at which biochemical reactions oc-
cur.

* Zinc Finger Region: A short structural motif stabilized by a zinc ion, which
typically binds DNA or RNA molecules.

* Region of Interest: In UniProt, a region of interest is a sequence segment
with a particular biological significance that is not described by other la-
bels.

Structural and Topological Annotations

» Transmembrane Region: A region of a protein that spans a lipid bilayer,
and thus can fix it in place in a membrane.

* Intramembrane Region: A region of the protein embedded within the hy-
drophobic core of a lipid bilayer, inside a membrane.

 Topological Domain: In UniProt, this is a complementary label used for
membrane-spanning proteins. It describes the subcellular location of a
protein region with respect to a membrane, e.g., cytoplasmic, nuclear,
intravirion, or extracellular.

» Secondary Structure: Basic secondary structure elements: a-helices, §-
sheets, and turns.
Post-Translational Modifications (PTMs)

Post-translational modifications are chemical changes that amino acids in a
protein can undergo after the protein has been synthesized [111].

« Disulfide Bond: The formation of a covalent bond between two cysteine
residues that contributes to the structural stability of a protein.

* Glycosylation Site: The addition of sugar chains to specific residues
through a covalent bond.
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Figure 3.1: Diagram showing different types of annotations present in the
UniProtKB database. (A): Domain labels with respect to a lipid bilayer. The
transmembrane region traverses the membrane from one side to the other, like
the beta-porin in the example. The intramembrane region is a domain con-
tained within the membrane. A topological domain is a region of the protein not
in the membrane, in this example an extracellular domain. (B): Basic structural
elements of proteins: a-helix, B-sheet,@nd turns.



3.3.3 Gene Ontology (GO) Annotations

The Gene Ontology (GO) is a structured, controlled vocabulary used to de-
scribe the functions of genes and gene products consistently across species
and databases [6), 11]. It provides a way to represent biological concepts in
a standardized way. Words in the Gene Ontology are called GO terms; each
GO term is given a unique identifier and a textual description, as well as hierar-
chical relations to other GO terms. GO annotations are relationships between
a GO term and a specific gene product (e.g., a particular protein). They are
divided into three main categories:

* Molecular Function: Defines the basic activity of a gene product at the
molecular level (such as catalysis or transcription regulation). Examples
include insulin receptor activity and protein kinase activity.

Cellular Location: Describes the location where the molecular function
takes place. This includes cellular structures like the cell membrane, cy-
toskeleton, and nucleus, but also viral components and protein-protein
complexes.

Biological Process: Describes the larger biological pathways or goals
that a gene or gene product contributes to. Example terms include DNA
repair and apoptosis.

3.3.4 InterPro

InterPro is a tool for predicting the presence of protein domains in amino acid
sequences [19]. A protein domain is an evolutionarily conserved region that
acts as an independent structural and functional unit (see figure [3.2). Sev-
eral different databases exist, with manually curated or automatically discov-
ered protein domains based on sequence [101}, 12614, [118] or structural data
[29, [145]. InterPro combines these databases into an integrated resource for
studying protein sequences.

3.3.5 Protein Data Bank (PDB)

The Protein Data Bank (PDB) is an open-access archive for experimentally
determined 3D structures of biological macromolecules, including proteins, nu-
cleic acids, and complex assemblies [1]. It is managed by the Worldwide Pro-
tein Data Bank consortium, which oversees the collection of experimental data
globally, and currently hosts over 241,000 structures. Most of these were deter-
mined using X-ray crystallography, while others were obtained through nuclear
magnetic resonance (NMR) spectroscopy and, more recently, an increasing
number through electron microscopy (EM) [107].

The standard file format for the description of structures in the PDB is
PDBx/mmCIF (macromolecular crystallographic information file), which describes
atomic coordinates as well as experimental metadata [1].
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3.3.6 Structural Classification of Proteins (SCOP)

The Structural Classification of Proteins (SCOP) database is a manually cu-
rated hierarchy of protein structural domains that classifies proteins according
to structural and evolutionary relationships [86]. Proteins are grouped into fam-
ilies, which are then grouped into superfamilies, folds, and classes.

» Family: proteins with at least 30% sequence similarity, but also some pro-
teins with lower similarity that share very similar structure and function.

» Superfamily: families that share structural and functional features that
suggest a common evolutionary origin.

* Fold: superfamilies that have the same major secondary structures in the
same arrangement.

» Class: groups of folds classified into five main classes based mainly on
their a and 8 content (a: mostly a-helices, 5: mostly 8-sheets, «/§: a
combination of a-helices and §-sheets, a + 5: mostly segregated « and
B, multi-domain: containing domains of different folds).

The Structural Classification of Proteins — Extended (SCOPe) is an exten-
sion of version 1.75 of the SCOP database, where new experimental structures
are semi-automatically added to the existing classification [27].

The ASTRAL compendium additionally provides sequences for the SCOPe
domains, filtered to different levels of sequence identity to avoid redundancy
[55].
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Figure 3.2: lllustration of two different structural domains within a protein, high-
lighted in orange and blue.

3.4 Tools

3.4.1 MMSeqs2

MMSegs2 (Many-against-Many sequence searching) [129] is a toolkit for the
alignment and clustering of biological sequences (protein and nucleotide se-
quences). MMSeqgs2 is widely used by the bioinformatics community to fil-
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ter redundant protein sequences by clustering or selecting representative se-
quences based on a given similarity threshold.

MMSeqs2 accelerates sequence similarity searches by performing a pre-
filtering step that involves breaking up protein sequences into k-mers and iden-
tifying high scoring k-mer matches. The MMSeqs2 implementation incorpo-
rates several key computational optimizations that make it orders of magnitude
faster than older popular tools such as BLAST [7].

3.4.2 PyMOL

PyMOL [37,, [116] is a widely adopted, (mostly) open-source molecular visu-
alization platform used in structural biology to analyze and visualize macro-
molecular structures and trajectories. Written in Python, PyMOL generates
high quality 3D renderings of molecules such as proteins, nucleic acids, and
small ligands, and supports several file formats, including the PDB standard.
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Chapter 4

Intrinsic Dimensionality
through a Neural Network

Abstract

The intrinsic dimension of a dataset is the minimum number of parameters
needed to describe it. In this chapter, we investigate how the intrinsic dimen-
sionality of data representations evolves across layers of deep neural networks
trained on diverse modalities, including DNA, proteins, natural language, and
images. The intrinsic dimension serves as a geometric probe of how neural
networks process information. Vision models display a “hunchback” pattern:
an early rise followed by a decline, mirroring results from convolutional net-
works. Protein language models exhibit a reproducible two phased pattern:
an initial ascent, followed by a dip in the intrinsic dimension estimated through
local neighborhoods and a second peak at larger scales. DNA and natural lan-
guage models show more variable behavior, with transformer-based architec-
tures producing modality-specific curves that depend strongly on architecture
and dataset diversity.

Comparing across modalities, we find that protein models display the most
robust and consistent intrinsic dimension trajectories, even across multimodal
architectures, supporting the view that these models have converged to some
sort of universal representation. These findings position protein models as par-
ticularly interesting for interpretability studies, where insights into their internal
organization are likely to generalize across architectures and training regimes.

Natural data like images and text occupy high-dimensional spaces (e.g., mil-
lions of pixels for photos or thousands of different words/tokens for language),
but valid examples tend to lie on or close to a much lower-dimensional structure
within this space, known as a manifold. This idea is called the manifold hypoth-
esis, and it is the justification behind dimensionality reduction techniques such
as Isomap [135], t-SNE [83] and UMAP [85] (see figure [4.1). The minimum
number of parameters needed to describe this manifold is called the intrin-
sic dimension [18]. In other words, the intrinsic dimension is the answer to
the question: what is the smallest number of variables needed to describe a
dataset?
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Figure 4.1: The Swiss roll dataset: a classic 2D manifold that curves through
3D space. Besides some noise, points in the dataset can be localized with
only two parameters. Through dimensionality reduction algorithms like Isomap
[135], this dataset can be flattened to a 2D representation without significant
information loss.

Studying how the values of the intrinsic dimension evolve through the lay-
ers of a neural network can potentially help us understand some aspects of
how the model processes information internally. Intuitively, we could expect the
intrinsic dimension to increase in early layers, as the network extracts several
different features from the data and combines them in different ways to cre-
ate more complex ones. For example, it has been seen that early layers in
vision models contain components that correspond to edge detectors in sev-
eral different orientations, and blurred detectors for different colors and textures
[90]. The intrinsic dimension then decreases in later layers as the network dis-
cards irrelevant information and compresses the representation into a more
compact form [8, [139]. In the vision example, different textures and shapes
are combined to create distinct object categories like cars, animals and heads.
The intrinsic dimension trajectories can help us compare different models and
architectures (e.g., convolutional neural networks vs. transformers vs. state
space models) and understand how likely they are to be converging to similar
internal representations. Additionally, the values of the intrinsic dimension are
a potential tool for identifying efficiently compressed representations in models
that are more likely to have good generalization [8].

In this chapter, we will analyze the intrinsic dimension along the layers of
neural networks trained on biological sequences (proteins and DNA) and nat-
ural data (text and images).

4.1 Previous Works

The first work to study how the intrinsic dimension of representations evolves
across the layers of a deep neural network was [8]. They observed a con-
sistent hunchback pattern (where the intrinsic dimension initially rises, peaks
at intermediate layers, and then declines) in multiple convolutional neural net-
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works trained for image classification, as well as an inverse relationship be-
tween model performance and the final value of the intrinsic dimension, with
better performing classifiers exhibiting lower dimensionality in their last hidden
layer.

Later, [139] performed a similar study on transformer models for protein and
image data, finding that intrinsic dimension evolution follows a consistent trend
with an initial peak followed by a plateau region. Intermediate layers in the
plateau, where the intrinsic dimension reaches a local minimum, seem to be
more semantically rich (capturing remote homology in proteins and class labels
in image data) and better suited for other downstream tasks. This plateau value
also seems to agree with the one measured by [52] for proteins belonging to
the same family (an indirect measure of the variability allowed in sequence
evolution). The general shape of this intrinsic dimension curve also aligns with
the intuition that transformer models act as compression algorithms [38].

A similar analysis for natural language transformers [28] found a compa-
rable intrinsic dimension progression curve, but unlike [139], it concluded that
representations at the peak (rather than the plateau minimum) were most ef-
fective for transfer learning. Other works include [144], which studied the evolu-
tion of the intrinsic dimension in language models at the token level, and [138],
which found that Al generated text has a significantly lower intrinsic dimension
than human written texts, and proposed this metric as a way to detect it. More
recent work has shown that intermediate layer representations are better suited
for downstream tasks in state space models as well as in transformers [128].

4.2 Intrinsic Dimension Estimation

Several different techniques for estimating the value of the intrinsic dimension
of a dataset have been proposed [53, 26l [117]. Here, we use GRIDE (Gen-
eralized Ratios Intrinsic Dimension Estimator) [40], an estimator based on the
Two-NN (Two Nearest Neighbors) estimator [51]. We will first describe Two-
NN to provide the necessary background, and will then go on to explain how
GRIDE differs from it.

4.2.1 Background: Two-NN

The Two-NN estimator is based on the distance between data points and its
two nearest neighbors, hence the name.

Given a data point z; sampled from a d-dimensional manifold, we denote
the distance to the j-th nearest neighbor as r; ;. Under the assumption of
constant local density, it can be proven that the ratio of the distances to its two
nearest neighbors p; = r;1/r; 2, follows a Pareto distribution given by

f(p) = dp= @ (4.1)
and a corresponding cumulative distribution:

Flp)=01-p"% (4.2)

from which we can calculate the dimension d
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_log (1 — F(p))
log (1)
We can estimate the intrinsic dimension by calculating the ratio p; for each
data point and its empirical cumulative distribution F.,,,,(;). By plotting —log (1 — Fepnp ()
against log (i) and fitting a line through the origin, the slope of this line will give
us the estimated value.

d= (4.3)

Dataset decimation

Figure 4.2: These plots illustrate the influence of scale on the estimated value
of the intrinsic dimension (ID). The points are generated from a sinusoidal curve
with gaussian noise along the y-axis. (A) In the first dataset points are packed
with a high density, and the nearest neighbors to each point are very close
together at a distance where noise in the dataset is relevant and in practice
there are two degrees of freedom. (B) When some of the data points are
decimated, the noise influences the estimation less and the 1D structure of
the data becomes clearer for the algorithm. (C) When the density of points
becomes too sparse, the curvature of the sine becomes more decisive and
pushes the estimation towards a value closer to 2.

The value of the intrinsic dimension changes depending on the size of the
neighborhood involved in the estimation (as illustrated in figure [4.2). For this
reason, it is important to perform a scale analysis and estimate the intrinsic
dimension on subsequently smaller subsets of the original dataset (by deci-
mating the data). We choose as the final value of the estimation the one that
remains stable across several different dataset sizes.

4.2.2 GRIDE

The Generalized Ratios Intrinsic Dimension Estimator (GRIDE) builds on the
Two-NN method but extends it to work with nearest neighbors of different ranks.
This allows the estimation of the ID as an explicit function of scale without
performing any decimation [40].

Given a data point x; and its n;-th and ny-th nearest neighbors, we define
the ratio:

7
Hing,ne = L (44)

Ti,no

If we assume that the density of data points remains constant in the neigh-
borhood size, the value of y; ,, », should follow a generalized Pareto distribu-
tion:
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= M(ng—l)d-{-lB(n2 - nq, nl)

where B(-, ) is the beta function. The details of this derivation can be found
in [40]. An estimate of the intrinsic dimension can then be obtained by numeri-
cally maximizing the likelihood.

For our analyses, we use ny = 2n; for the scale of the neighborhood. We
also refer to ny as scale or k.

fﬂim,lm,Q (:u)

(4.5)

4.3 Estimates on Neural Networks

In the following section, we describe in detail experimental estimates of the in-
trinsic dimension obtained on several different neural networks using GRIDE.
The datasets used for the estimation are described in section and the
models in section Each data point was embedded through one of the
models, and representations were extracted through the layers at the end of
each block (e.g., at the end of each transformer block in transformer models).
We describe the resulting curves in section followed by some conclu-
sions.

4.3.1 Datasets
Biological Sequences

For the biological sequence models, we use a matched dataset of genes and
proteins coming from prokaryotic organisms that we built from proteins in the
Uniprot Swissprot database [2] with genomic sequences from the NCBI (Na-
tional Center for Biotechnology Information) RefSeq database [94].

We extract all proteins originating from prokaryotic organisms in Swissprot
version 2024 01, and filter for proteins with the highest levels of experimental
evidence ("evidence at protein level” and "evidence at transcript level”). We use
CD-HIT [57] to extract only proteins with at most 50% sequence identity (using
a word length of 3 following CD-HIT’s user guide).

Afterwards, we match each protein sequence to a sequence in the NCBI
RefSeq database (using the “gene name” field from Swissprot), and kept only
sequences with names starting with “WP” (these are non-redundant gene se-
quences that correspond to unique proteins). The genomic sequences were
downloaded in May 2024. In total, we had ~ 5.7k data points.

Additionally, for some DNA language models, we use a dataset of DNA
sequences of length 1k extracted from the human reference genome (GRCh38
[121]). We had around ~ 7.8k points in this dataset.

Natural Language and Images

Here we use images and image captions from the Microsoft Common Objects
in Context (COCO) [80] dataset. We selected ~ 5k images from the 2017
version.
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4.3.2 Models

We analyze the following models:

DNA Models

* Nucleotide Transformer: This family of transformers is composed of encoder-
type models with the same architecture as ESM2. Nucleotides are tok-
enized as k-mers of 6 characters each, with a maximum context length
of up to 6kbp (kilobase pairs). Different variants of the model are trained
on the human reference genome (500M parameters); the 1000 Genomes
Project, which contains variants of the whole human genome (500M and
2.5B parameters); and a multi-species genomic dataset [35] (2.5B pa-
rameters). The size of the embeddings is 1280 for the 500M paramater
models and 2560 for the 2.5B parameter models.

Nucleotide Transformer v2: This is an improvement over the first version
of the Nucleotide Transformer with rotary positional encodings, longer
training times, and a longer sequence context of 12kbp. All of the mod-
els are trained on a multi-species genomic dataset [35]. There are four
versions, each with 50M, 100M, 250M, and 500M parameters. The em-
bedding dimension is 1024 for the biggest model, 768 for the 250M pa-
rameters model and 512 for the 50M and 100M model.

» HyenaDNA: A family of models with a Hyena architecture trained on the
human reference genome with single nucleotide resolution [89]. Each
model has a different context length, from 16k for the smallest model to
1M for the largest one. The number of parameters for these models is
much smaller than for the transformer models (parameter counts ~ 451k,
635k, 1.66M, 4.07M, 14.2M, 28.2M, and 54.6M). The embedding sizes
are 128 for the smallest model and 256 for the others.

» Caduceus: These are models with bidirectional Mamba blocks and RC
(reverse complement DNA sequence) equivariance, with single nucleotide
resolution [120]. Different variants of the model were trained with a con-
text length of 1k or 131k tokens. The largest model has around 7.7M
parameters. The embedding sizes used were 118 (for 1k context) and
256 (for both 1k and 131k context).

Protein Models

* ProtTrans: The ProtTrans models were trained on the UniRef [2] or BFD
[76] datasets, each with a different architecture inspired by a natural lan-
guage model (T5, BERT, Electra, and XLNet). The models we studied
here have the following parameter counts: ProtT5-XL-UniRef50 (3B),
ProtBERT (420M), ProtElectra (420M), and ProtXLNet (409M). All the
models have an embedding dimension of 1024.

» ESM2: Encoder type transformer models trained on UniRef sequences
[81]. We study the models with sizes 8M, 35M, 150M, and 3B. The mod-
els have hidden dimensions of 320, 480, 640, 1280 and 2560.
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* Ankh: These models maintain a similar architecture to the ProtT5 models
but were more intensively optimized to be performant without having to
scale up the parameter count [48]. The base model has 736M parame-
ters, and the large model has 1.9B parameters (both with 48 layers). The
hidden dimensions of the models are 768 for the base model and 1536
for the large model.

+ ESM3: Multimodal transformer models trained on sequences from the
UniRef and MGnify databases, as well as structures from the PDB, Al-
phaFoldDB, and ESMAtlas. Due to model availability, we only study
ESM3-open, which has 1.4B parameters [69]. The embedding dimen-
sion is 1536.

* ProstT5: This is a T5-type transformer trained on a translation task: it
translates from sequence (amino acids) to structure (FoldSeek alphabet
representation). It has 3B parameters [71]. The embedding dimension is
1024.

Vision Models

* Vision Transformer (ViT): This is a BERT architecture applied to image
data [42]. Images are tokenized as sequences of patches of 16x16 pix-
els (or other patch sizes). The models were trained on ImageNet [39],
with parameter counts of 86M for the “base” model, 307M for the “large”
model, and 632M for the “huge” model. The hidden sizes are 768, 1024
and 1280.

» Contrastive Language—Image Pretraining (CLIP): These are multimodal
image language models that join an image encoder to a text encoder
within the same architecture [108]. The image encoder part is the same
as for ViT; the difference here is that they are trained with a contrastive
learning objective: the image and text encoders are trained simultane-
ously to minimize the distance between representations of paired images
and text. The hidden sizes are 768 for the base models and 1024 for the
large models.

+ Shifted Windows Transformer (Swin): These are hierarchical vision trans-
formers where patches of increasing sizes are processed at each stage
in the model, making the process somewhat more similar to how a con-
volutional neural network would process the data [82]. They are trained
on images from ImageNet. The sizes of the models are 29M for the “tiny”
version, 50M for the “small,” 88M for the “base,” and 197M for the “large.”
The hidden dimensions are of 192, 192, 256 and 384.

Natural Language Models

 Pythia: These are a set of transformer models trained on the Pile dataset
[58] specifically for interpretability research. They use rotary positional
encodings, flash attention, and have a context length of 2048 tokens. We
use the models ranging from 14M to 6.9B parameters. The hidden sizes
go from 128 for the smallest model to 2560 for the bigger one.
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* Meta Llama 3: The Meta Llama 3 models are transformer models with
rotary positional encodings trained on a bespoke dataset [62]. We use
the 3B and 70B models, which have a context length of 8k tokens. The
hidden sizes are 4096 and 8192.

* Mamba: Models with the Mamba architecture [63], described earlier. We
use the 130M, 370M, 790M, and 1.4B parameter models. The models
were trained on the Pile dataset, with a context length of 2048, although
they can process much longer inputs. The embedding dimensions are
768, 1024 and 1536.

» Striped Hyena: A Striped Hyena model (a hybrid between a transformer
and a Hyena model [106]) trained on the RedPajama dataset [147] with
7B parameters and a 32k context. The hidden size is 4096.

4.3.3 Results
DNA

We calculated our intrinsic dimension estimates using the human reference
genome dataset for the HyenaDNA and Caduceus models, as they were trained
only on human DNA sequences. The results are shown in Figure [4.3] For
the Nucleotide Transformer v2 models, we estimated the intrinsic dimension
on both the prokaryotic dataset and the human reference genome. In both
cases, the curves were qualitatively similar (with a slightly more pronounced
minimum around 60% of the depth and a final ascent for the human dataset),
so we show only the results for the multi-species prokaryotic dataset. For the
Nucleotide Transformer v1 models, we use the human reference genome for
models trained on human DNA (the human reference genome and the 1000
Genomes Project), and we show the intrinsic dimension curves estimated on
both the human and prokaryotic datasets for the multispecies model. All curves
shown in the main text use a k,,,.. = 16, but the full-scale analysis can be found
in Section
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Figure 4.3: Intrinsic dimension estimates through the layers of DNA models
(neighborhood size of k = 16). Nucleotide Transformer: all of the curves
are calculated on the human reference genome dataset, except 2.5B-MS-p,
which is the multi-species model calculated with the prokaryotic dataset. Mod-
els are identified by their parameter count and their training dataset (HR: hu-
man reference genome, 1000G: 1000 Genomes Project, MS: multi-species
genomes). Nucleotide Transformer v2: all curves are calculated on the
prokaryotic dataset. Models are identified by parameter count. HyenaDNA:
curves are calculated on the human reference genome. Models are identified
by their maximum sequence context length; their parameter count is detailed in
the text. Caduceus: curves are calculated on the human reference genome.
Models are identified by their hidden size and context length.

We find that the HyenaDNA and Caduceus models, both non-transformer
architectures, have intrinsic dimension curves that are consistent with the “hunch-
back” shapes observed by [8] in convolutional vision networks: an initial ascent
and a peak followed by a slow descent in the curve.

The transformer models under study here behave much less consistently
with one another. All the Nucleotide Transformer v2 models trained on multi-
species genomes follow a systematic trend: a rapid ascent in the first layer (the
intrinsic dimension of the input is not shown in the plot but is much lower than
that of the first layer) followed by an exponential-type decay.

The Nucleotide Transformer v1 models follow a different trend for each case.
It is worth noting that even though these models share the same architecture,
they are trained on different datasets. The smallest model trained on the human
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reference genome has an initial peak, a descent phase, and a slight final as-
cent reminiscent of the shape found by [139] for ESM2, a model with exactly the
same architecture. The Nucleotide Transformer multi-species model shows a
similar shape when evaluated on the human reference genome dataset but has
a much less pronounced minimum when evaluated on the prokaryotic dataset.
The Nucleotide Transformer models trained on the 1000 Genomes Project have
a continuous ascending trend; the difference in this shape might be caused
by the fact that this model was trained on a dataset of a slightly different na-
ture (several different variants of the human genome instead of a single one),
although evaluating the intrinsic dimension on a dataset with more genomic
variety (the prokaryotic multi-species dataset) gave us qualitatively the same
results.

Proteins

All of the models used for the protein section are transformers. In general, they
all seem to follow the same overall trend described previously by [139], with a
peak followed by a minimum and a final ascent phase, although some models
have their own quirks (Figure[4.4). Not all models present the extended plateau
phase that ESM2 models have, and some have more extended peaks. It is
remarkable that models that contain structural information during their training
also exhibit the same overall trend.

All the plots shown were calculated with a value of k,,., = 4, which de-
termines the size of the neighborhood. We find that for protein models, it is
difficult to decide on a single value of the neighborhood size that provides a
stable intrinsic dimension estimate for all layers. Additionally, and contrary to
other data modalities, the qualitative shape of the intrinsic dimension curve
varies drastically across different scales (see Figure [4.5]for the scale analysis
of ESM2-3B). At larger scales, the plateau consistently turns into a peak for all
models. This indicates a strong curvature in the data: locally, the manifold is
low-dimensional, but at higher scales, the apparent dimension increases. We
think that this could be due to two different possibilities: 1. a low-dimensional
but extremely curved meandering manifold or 2. a representation space with a
highly clustered structure.

The shape of the intrinsic dimension evolution for different representative
models can be found in Section [B|of the appendix.
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Protein models
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Figure 4.4: Intrinsic dimension estimates through the layers of the protein lan-
guage models (neighborhood size of & = 4). All of them are evaluated on
protein sequences from the prokaryotic dataset. ProtTrans: models are iden-
tified by their names (which include the base architecture and, in the case of
T5, the training dataset — all other models are trained on Uniref50). ESM2:
models are identified by their parameter count. Ankh: models are identified by
their name. Multimodal: models are identified by their name; both models are
from different families and training objectives.
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Figure 4.5: Neighborhood scale analysis for the ESM2 — 33-layer model. ID
Evolution: This plot shows the evolution of intrinsic dimension through the
layers for different choices of neighborhood size (scale). Scale Analysis: This
plot shows how the intrinsic dimension estimate changes with the choice of
scale (neighborhood size) for each one of the layers of the model. Usually, this
helps find a choice of scale where the estimate is stable; however, here it is
difficult to pinpoint a single scale choice for all layers.

Images

For images, we compare a series of Vision Transformer model variants (see
figure [4.6). Although less varied in architecture, these models also present a
consistent pattern of intrinsic dimension evolution, reminiscent of the hunch-
back shape found by [8] for convolutional vision models. We note that CLIP
and ViT have the same architecture but different training objectives, while ViT
and Swin (which are more similar in intrinsic dimension evolution shape) have
the same training objectives but slightly different architectures. We show the
scale analysis for some representative models in section [B| of the appendix.
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Figure 4.6: Intrinsic dimension estimates through the layers of the vision mod-
els (neighborhood size of & = 8). Models are identified by their names in each
family. For the CLIP models, the number after the hyphen is the image patch
size used by the model. The intrinsic dimension is estimated from the mean-
pooled representation of an image.

Language

Here, we compare two families of transformer models (Pythia and LLaMA 3),
as well as a Mamba model and a hybrid hyena-transformer model (Striped
Hyena). All the results are shown in figure with additional scale analysis
in Bl The Pythia models show a distinct pattern consisting of an initial peak
followed by a slow descent (which becomes a second peak when using larger
neighborhood sizes for the analysis) and a minimum. This pattern seems quite
similar to the one shown by protein language models, but not exactly the same
as the one found by [28]. This difference from previous works could be due to
the fact that the dataset used to calculate these representations contains very
short sequences compared to the maximum lengths supported by the model.

The Mamba model also seems to have a distinctive pattern with one main
central peak at around halfway through the model. The LLaMA and Striped
Hyena models have inconsistent shapes when calculated with the dataset used
in this study, which again could be due to the short sequence length.
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Figure 4.7: Intrinsic dimension estimates through the layers of the natural lan-
guage models (neighborhood size of &,,,... = 32). Models are identified by their
parameter count in each family. The intrinsic dimension is estimated from the
mean-pooled representation of a sentence.

4.3.4 Conclusions

In this chapter, we studied the evolution of the intrinsic dimension through the
layers of neural networks with different architectures and trained on different
data modalities. We find some consistent patterns that have been reported
by previous works, such as the hunchback pattern in vision models and the
characteristic shape in protein language models. So far, these patterns seem
less consistent for DNA and language data, and remarkably robust for protein
data: all models, including multimodal ones, seem to have converged on a
similar pattern. We conclude from this that protein language models are in-
teresting case studies for interpretability research, given that statements about
one model seem to be more likely to generalize to another.
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Chapter 5

Interpretability and Sparse
Autoencoders

Abstract

This chapter introduces the main ideas of mechanistic interpretability of neu-
ral networks and sparse autoencoders as a tool to extract interpretable con-
cepts from a model (section[5.1.1)). Later on we apply sparse autoencoders to
study the representations of protein language models, specifically the ESM2-
8M model (section[5.4). By performing a statistical analysis of each neuron
in the sparse autoencoder, we link them to relevant protein annotations and
identify potential interpretations such as transmembrane regions, binding sites,
and specialized structural motifs. We further demonstrate that manipulating
selected activations during inference (section enables steering of se-
quence generation toward target motifs. Intervening on zinc-finger-associated
neurons yields sequences containing zinc-finger structural elements, as veri-
fied by automated annotation and structure prediction (figure[5.7). Overall, our
results show that sparse autoencoders have the potential for disentangling and
controlling the internal representations of protein language models, offering a
mechanistic tool for both interpretability and protein design applications.

5.1 Introduction

In spite of the massive success of large neural networks, it is extremely diffi-
cult to understand why and how a particular model works internally. This black
box nature poses practical problems for model usage, as it makes it difficult to
guarantee that models are safe, trustworthy and reliable as well as free from
different biases [16]. Understanding how a model works can help with de-
bugging, designing better and more efficient model architectures [105} [63] and
provide new insights into problems that had not been solved before by humans
[5]. Moreover, studying the inner mechanisms of artificial intelligence provides
researchers with unique opportunities and a level of access that is not possible
in biological systems [125].

36



The field of mechanistic interpretability aims to understand the internal
mechanisms of neural networks with an approach similar to reverse engineer-
ing a computer program. In this approach, we can first try to understand what
features are learned by a neural network and then how these are combined
together in circuits to produce the final output. The term was first introduced by
[91] in a series of articles (the Circuits thread) that aimed to intensively study
vision in the Inception model [132]. The claim is that the features and circuits
found in a model are somewhat generalizable to similar models.

In these series of articles, researchers found that visual features learned by
the network get progressively more complex through the layers, starting from
simple edge and line detectors to textures and then eyes and heads [90]. The
features in one layer are combined through circuits that create more compli-
cated features (see figure [5.7), for example curve detectors are created from
simple line features in a way that can be understood and manually re-created
[25].

s
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B negative (inhibition)

Figure 5.1: A simplified version of the circuit that creates a triangle detector
based on simpler line detector features. Taken from [9Q].

Inspired by these findings, Anthropic created a similar series of articles for
natural language models called the Transformers Circuits Thread. Initial explo-
ration revealed that a big percentage of the capabilities of transformer models
to learn from context seem to stem from a specific type of circuit termed an
induction head [47)95]. As already mentioned in previous sections, this circuit
consists of two attention heads in successive layers that allow the model to
complete patterns of the type AB..A — B and this insight has already been
used to design more efficient language model architectures [56, [105, 63].

A fundamental problem for interpretability research in transformers is that
“neurons” in this model do not have a one to one correspondence with definite
“features” or concepts that we understand. Instead, features are thought to
be encoded as vector directions in representation space: linear combinations
of model neurons. For example, it has been found that there is a direction
corresponding to “gender” in the representation space of language and word
embedding models [98]. This idea -that concepts are encoded as linear di-
rections in space- is known as the linear representation hypothesis, and there
seems to be plenty of evidence to support it (although there are known counter-
examples, such as cyclical features for the days of the week and months of the
year found in [50]). This partially explains why transformer neurons are polyse-
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mantic (having more than one meaning): as a lot of transformer operations are
rotationally invariant, there is no incentive for the basis axis or “neurons” of the
model to align with particular feature directions. These concepts are illustrated
in figure

In addition to this, it has been observed that language models seem to
learn many more facts and concepts than they have parameters. [46] showed
using toy models that transformers are incentivized to learn concepts in super-
position to maximize parameter use. Concepts are encoded in directions that
are almost orthogonal but cannot be recovered by a simple rotational transfor-
mation (see figure [5.2| (C)). This further complicates the problem of trying to
interpret polysemantic neurons in transformers.

3

Figure 5.2: lllustration of feature directions in a neural network representa-
tion space. The axes are two independent “neurons” in the model.(A) In an
ideal case, feature directions would align perfectly with the basis vectors, which
would make neurons directly interpretable. (B) In a real neural network, the fea-
ture directions might be rotated with respect to the basis axes, which spreads
concepts across different components and gives rise to polysemanticity. (C)
Features have also been shown to be packed in almost orthogonal directions,
where neural networks try to learn more concepts than they have parameters.

5.1.1 Sparse Autoencoders

To solve the problem of interpreting models with polysemantic neurons, we
would like to have a method that first learns where feature directions are in
representation space (ideally in an unsupervised manner). [46] first proposed
dictionary learning to solve this problem in toy models that presented superpo-
sition, and then [22, [33] applied sparse autoencoders to small models trained
on natural language data. This was then expanded to larger models by [133].
They found that, by using sparse autoencoders (SAEs), we can extract features
that are much more easily interpretable than individual neurons and correspond
to highly abstract human-level concepts like sarcasm, sycophancy and empa-
thy. Moreover, [133] found that these features are actionable: if we artificially
activate them during inference, we can steer or guide the model to produce an
output that contains those features.

We will describe the original sparse autoencoder architecture and training
objectives in section Since the first papers using this simple architecture,
other works have proposed several improved versions like the top-k activa-
tion SAE by OpenAl [59] and the gated SAE by Google Deepmind [110]. The
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SAE approach has been applied to several different language models, includ-
ing non-transformer architectures like Mamba [146]. It has also been applied to
convolutional vision models [61], multi-modal vision-language models [75] and
more domain specific data, like x-rays [3] and medical text [96]. Apart from in-
terpretability and steering, some research have applied SAEs to model editing:
trying to “delete” specific information from a trained model [54].

5.1.2 Sparse Autoencoders on Biological Sequence Data

Given that sparse autoencoders can be used not only to discover which fea-
tures a model is learning, but also to guide model generation towards specific
types of output, their potential applications to biological modeling are immense.
Applying SAEs to protein language models can, for example, help us learn
more about biological mechanisms by telling us which features a model uses
to make a certain prediction [5]. They could also be used in protein sequence
design pipelines. And lastly, for editing out unsafe information from models, if
necessary.

At the time of starting our project, there were no published articles applying
SAEs to protein language models. Two articles appeared on the topic [127, 5]
before ours [60]. [5] examined each SAE feature by hand to find possible bi-
ological interpretations, while [127] applied an automated pipeline to interpret
each SAE latent. Ours [60] was the first to apply steering to generate a se-
quence containing a simple structural motif.

Later on, several other articles appeared on steering protein language mod-
els: using matryoshka SAEs to increase structure solvent accessibility [99],
steering based on functionally predictive latents to obtain a protein sequence
[137] and directly using neuron activations [13]. [87] performed the first study
on how simpler motif detector latents are used to construct domain detectors
that are ultimately used for protein contact prediction circuits in protein lan-
guage models. There were also works expanding protein SAE labels to GO
annotations [66] and even small gene language models like HyenaDNA [65].

5.2 Sparse Autoencoder Architecture

Sparse autoencoders that are used in interpretability research are usually sin-
gle layer models which are trained to reconstruct the token representations of
the language model being studied. The sparse autoencoder can potentially
disentangle the features learned by the larger model because its hidden rep-
resentation space is much larger than the original. SAEs have an additional
sparsity constraint which forces the model to keep only a few components ac-
tive at a time, which seems to make each component far more interpretable
than in a standard model [134, 22, 33].

The autoencoder is constituted by a single layer encoder followed by a sin-
gle layer decoder. The encoder is given by:

2 = fene(z) = ReLU(Wepne(2 — bec) + bene) (5.1)

where z € IR? is an input token that has been embedded into the represen-
tation space of a given language model under study, and the output z € IRY, is
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Figure 5.3: Comparison of the architecture of a standard autoencoder vs. a
sparse autoencoder. Both autoencoders take a continuous representation as
input and try to reconstruct it in the output after passing through a bottle-neck
layer. (A) In the standard autoencoder architecture, the hidden layer has a
smaller size than the input, so information has to be compressed. (B) In the
sparse autoencoder architecture, the hidden layer is bigger in size but a spar-
sity constraint is enforced so only a few neurons can be active at any given time
which forces the model to learn meaningful concepts.

the latent autoencoder representation. The hidden dimension n is m-times big-
ger than the original dimension d. W, are the encoder weights and by, € R
are the b.,. € IR" biases.

The decoder is:

T = fdec(z) - (Wdec -z + bdec) (52)

Here 7 is input reconstructed through the decoding matrix W, € IR"*“.
The loss function used during training is a combination of the reconstruction
error Lrsr and an additional sparsity constraint £, :

L(x)=Lyse+ L, = Z(fﬂd —iq)?+ A Z Zn (5.3)
d n

Arbitrarily small latents could satisfy the L; constraint without having to be
sparse. To avoid this from happening, we normalize W,.. to be unit norm
periodically during the training, as in [110].

Several improvements have been proposed for training sparse autoencoders,
both in terms of sparsity contraints (top-k proposed by [59]) and additional
terms to the loss function (KL divergence proposed by [21]), but these will be
left for future work.

5.2.1 Evaluation Metrics

There are several hyperparameters that we need to decide on while training
a sparse autoencoder. For a simple one, the main hyperparameters are the
learning rate, the size of the hidden layer and the sparsity penalty A. To decide
which sparse autoencoder architecture and combination of hyperparameters
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gives the best results, ideally we would have to know the ground truth direc-
tions that we have to learn. Instead, we rely on a combination of sparsity and
reconstruction error to measure the quality of the trained SAE:

» Sparsity: We measure the sparsity of our autoencoder as L, of z, the
average number of non-zero latents for a single token.

» Reconstruction error: This measures how good the SAE is at reconstruct-
ing the activations of the original model. We can use the mean squared
error for this. Usually, instead, we use a metric based on the cross en-
tropy (performance) of the model, which we call the cross entropy in-
crease Acg.

ACE = CEoriginal - CEreconstructed (54)

This is the difference in cross entropy of the model with the original acti-
vations vs the model with the reconstructed ones and indicates how much
of the model’'s performance the SAE can explain.

Number of dead latents: This metric is generally used for SAE quality. It
is defined as the number of latents that are never active (non-zero) over
a large number of tokens (here we take ~ 10° tokens).

We will choose a SAE that reaches a good compromise between sparsity
and reconstruction error, while keeping the number of dead latents as an addi-
tional quality check.

5.3 Interpretability and Steering

5.3.1 Interpreting “Neurons”

Several methods have been proposed to interpret the parameters of a neural
network. In vision models, some works have proposed directly optimizing a
synthetic image that maximizes the activation value of the “neuron” that we
want to interpret [92]. A simple approach is to collect example images from our
dataset that activate that particular “neuron”, as done by [91]. Then, we can try
to figure out what these examples have in common, for example, by having a
human look at them and annotate them with a possible explanation. Another
approach is to create manually curated datasets for certain labels (python code,
french text, politician names), and then try to find neurons in the model that
activate when the label is present by training a simple logistic regressor [67].
However, besides being time consuming, this approach requires constructing
positive and negative examples in the right way, so that we could distinguish
a “politician name” neuron from a general “person name” or “political” neuron
[67].

To automatically annotate a large number of “neurons” in a language model,
other researchers have suggested using large language models themselves
[17]. Here we give the model a few examples of text that activates the neuron
and their corresponding activations and ask it to give a brief explanation on
what the neuron is detecting. By conditioning the model on this explanation
and asking it to score a new example with a “predicted activation”, we can also
measure the quality of the explanations by comparing the predicted and real
activations.
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In Protein Language Models

For the case of protein language models, InterProt [5] adopts an approach
where they build a visualizer for top activating proteins with their sequence and
structure, and then try to figure out by manual inspection if there are any obvi-
ous patterns. InterPLM [127] uses different methods, including taking protein
annotations from UniProt as labels and looking for neurons that have a good
performance on them as binary classifiers; as well as using textual protein de-
scriptions to give automated interpretations based on a large language model.

5.3.2 Steering

We can use SAE latents that correspond to specific features to steer or guide
the model towards generating output with those features, or removing them
from the output. This has been demonstrated for natural language [134] as
well as image generation [77].

The approach we use in this work is outlined in figure 5.4
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Figure 5.4: Procedure for steering the outputs of a Protein Language Model
(PLM). (A) We introduce the trained sparse autoencoder in between one of
the original transformer layers and modify the value of a target latent com-
ponent during inference. (B) Starting from a random sequence, we perform
inference with the modified model and sample an output sequence. We repeat
this process iteratively and select a final sequence that maximizes the target
component z.

We start with a randomly generated sequence of tokens of fixed length.
We input the sequence through the model and the encoder layer of the SAE,
and extract the latent representation of the sequence z. Given that the k-th
component of this representation corresponds to our target feature, we modify
2, by scaling and shifting its value to increase its magnitude, as in (5.5). We
then pass the modified value z; through the decoder layer f;.. and add back
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the original reconstruction error of the embedding = before passing it through
the rest of the model (5.6) to obtain our final output probabilities.

zp=a-zr+b (5.5)
x* = fdec(ZZ) + Tepr (56)

For each position in the sequence, we randomly sample a token accord-
ing to the probability distribution predicted by the model under the intervention
outlined previously and in (A). We then repeat this process iteratively (as
outlined in (B)), starting from the predicted sequence and performing 100
repetitions of inference-prediction to refine the sequence. We select the se-
quence at the iteration where the value of the target latent z; is maximum.

5.4 Sparse Autoencoders on Protein Language Mod-
els

In this section, we describe the details of our work training a SAE for inter-
pretability of a protein language model and guiding sequence generation.

5.4.1 Training Details

We train our SAE on embeddings of the smallest model of the ESM2 family
(ESM2 8M) [81], which has a hidden dimension of size 320, and extract ac-
tivations from the final output of the transformer block. Our SAE consists of
the simplest single layer architecture described in section 5.2, with the simple
L, sparsity constraint and a ReLU activation function. The model is written in
PyTorch [100] and trained on an NVIDIA A100 GPU with 40 GB of RAM. The
time to train and evaluate each model was 30 minutes. The training dataset,
hyperparameter and layer selection are described in the following sections.

Training Dataset

We train our model using the Astral SCOPe 2.08 dataset, filtered to 40% se-
quence identity, which includes approximately 15k highly non-redundant pro-
tein sequences [27]. This dataset contains a manageable number of tokens,
which allows us to perform model training faster and iterate over different hy-
perparameters; but it still spans a wide range of protein structural domains.
This diversity allows the autoencoder to learn a broad set of features.

Layer Selection

We adopt a principled strategy to select the layer from which we extract repre-
sentations for the sparse autoencoder. The initial intuition, taken from previous
works, [134, 59, is to choose a layer towards the middle/end of the model.
We assume that at this stage the model has already developed features that
are abstract enough but are not yet focused on the output reconstruction task.
However, unlike these prior works, we move beyond mere intuition by incorpo-
rating a quantitative measure based on intrinsic dimension.
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Specifically, we select one layer in the plateau of the intrinsic dimension
curve, as described in section Selecting a layer within this plateau, which
provides more compact semantically-rich representations, increases the likeli-
hood that our SAE finds meaningful abstract features.

Hyperparameter Selection

We use the Adam optimizer [78] with default parameters (5, = 0.9, 82 = 0.999)
for the training. We use the Kaiming random initialization [70] for the weights
of the network.

We perform a hyperparameter sweep with the following values: learning
rate (5e%, 1le=4, 1e~3); X penalty (0.0003,0.001,0.005) and dictionary size mul-
tiplier (32,10, 5).

We use the evaluation metrics detailed in section[5.2.]to decide on the best
combination of these hyperparameters. Specifically, we aim to find a model
that balances reconstruction error and sparsity by focusing on the “elbow” part
of the CE increase against L, plot, where increasing the density of active la-
tents does not significantly reduce the reconstruction error, indicating an opti-
mal trade-off.

Dead Neuron Handling

We check how frequently each of the latents activates over a subsample of
tokens (50 batches of 4096 tokens) at regular intervals during training (every
500 batches). When this frequency is close to zero (< 10~°), we consider that
the latent is “dead” and we randomly re-initialize its weights to “revive” it.

5.4.2 Interpretability and Steering
Interpretability

In this work, we follow a similar strategy as [127]. We extract several different
protein annotations from the UniProt database (described in section[3.3.2). We
convert the amino-acid-level annotations into binary sequences matching the
length of the corresponding protein sequences and use them to detect SAE
latents that act as detectors for those annotations.

Mathematically, let A be the set of all amino acids and A+ the set of amino
acids that have been annotated with the feature ¢. Considering a SAE latent
k to be active (k™) for a given amino acid when its value z; exceeds a certain
threshold 7., we have:

_ HGEAW s 2k >Tz}’

W:P(¢+|k+) Ha € A:zp > 1.}

(5.7)

 HaeApr 2 > 7.}
| A |
This gives us a value of precision and recall for each pair of k, . We con-

sider a latent component to be associated with a specific feature if its precision
m or recall p exceed a predefined threshold that we set to 0.80.

p=P(E"|¢") (5.8)
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In the case of protein-level annotations, we use mean pooling over the latent
SAE representations.

Steering

We use the methodology described in[5.3.2for steering the model during infer-
ence. We test the sequence generation procedure with SAE latents that were
selected to have a clear association with zinc finger region annotations (high re-
call). We probe different values of starting sequence length ([22, 27, 30, 35, 40, 60]),
scaling value « ([2, 5, 10, 20, 30]) and shift b ([0.1, 1, 10, 50, 100, 200]), for a total
of 180 combinations, obtaining one sequence for each. We use the automatic
zinc finger detection tool by [119] to check the resulting sequences.

5.4.3 Results
Model Training and Selection

Training and evaluation of a sparse autoencoder for the ESM2-6M model took
around 30 minutes on an A100 nvdia GPU with 40GB of memory. The model is
selected to have a good trade-off between its reconstruction error and sparsity
level, as shown in figure [5.6, with hyperparameters Ir = 5e¢~%, A = 0.001,
m = 10. The loss curves for the training of this autoencoder are shown in

figure[5.5]
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Figure 5.5: Loss curves for the training of the selected sparse autoencoder
with hyperparameters Ir = 5e=%, A = 0.001, m = 10, on a train set and a
test set. We show two types of losses: a loss based on the L1 norm which
represents sparsity and the L2 loss which represents the reconstruction error.
The periodic peaks in the loss happen due to our dead neuron handling where
we reset some of the parameters (details in section[5.4.7]in the main text).
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Figure 5.6: Trade-off between the sparsity and reconstruction error of sparse
autoencoders with different hyperparameters. The dictionary size multiplier is
indicated in different colors, but the models have also varying learning rates and
sparsity coefficients. We select a model with a low reconstruction error and a
reasonable level of sparsity, shown as a red star. This model had a learning
rate of 5e=4, a sparsity coefficient \ of 0.001 and a dictionary size multiplier of
10.

Interpretability

For the interpretability analysis, we focus on the autoencoder that provides
the best trade-off between sparsity and reconstruction quality. We compute
recall and precision for all latent-feature pairs, using three increasing thresholds
of latent activation. This allows us to assess the robustness of the identified
features.

We identify 395 putative latent—feature associations. Among these, several
latent components are associated with distinct binding sites, cellular regions,
and motifs such as zinc fingers. We also identify many less stronger potential
associations (lower values of precision or recall).

Intuitively, a latent component that perfectly matches an annotation type
should exhibit both high precision and recall, resulting in a high F1-score. How-
ever, the model is trained in an unsupervised way without access to any of
these annotations; so the features that it learns do not necessarily correspond
to those in our manually curated dataset. We expect the model to learn some
of these features anyways as they are relevant protein characteristics, and pro-
tein language models are successful at a lot of protein downstream tasks. For
instance, a latent £ might encode a more specific subcategory of a dataset
feature ¢, such as identifying the starting amino acid of a helix rather than the
entire helix structure (as seen by [5] on some features). In such cases, the
association between k and ¢ would likely have high precision but low recall.

Similarly, a high recall but low precision may indicate that the model has
learned a more coarse-grained feature than those defined in the dataset. This
is evident in cases such as latent £ = 610, which activates across various types
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of zinc fingers. We also find a latent that activates on zinc fingers, disulfide
bonds and different binding sites (such as iron-sulfur cluster binding sites).

At a protein-wide level, we find latents associated to different protein char-
acteristics. For example, we find latents related to location: they activate in
internal (cytoplasmic, intravirion or in the mitochondrial matrix) or in extracel-
lular/periplasmic proteins. We also find a latent that seems to activate only for
eukaryotic organisms, which are a minority in the dataset used for the sparse
autoencoder training.

To avoid selecting latents with spuriously high recall (such as those acti-
vating indiscriminately across all amino acids) we also evaluate the proportion
of times a latent is active on amino acids lacking a given label, denoted as
P(k*|¢~), before confirming an association.

Steered Sequences

We test the model steering procedure described in previous sections and acti-
vate sparse autoencoder latents that are associated with the presence of zinc
finger motifs, to try to guide the model towards generating sequences that con-
tain the motif.

We generate 180 sequences, as detailed in section Using an online
tool for automatic annotation of zinc finger regions [119], we look for known
zinc finger motifs and Pfam family matches in our generated sequences. We
find 24 matching regions (out of 180 sequences) when we simultaneously inter-
vene on the two most prominent latents (high recall) associated to zinc finger
motifs. In contrast, intervening only on the most prominent latent produces 3
matches, while generating sequences from the baseline model or intervening
on a random latent or a random pair of latents produces no matches. Among
the matched sequences, the highest percent similarity was 48%, with an aver-
age sequence similarity of 31%, indicating a good level of diversity among the
generated sequences.

We also predicted the structures of the generated protein sequences using
the ESMFold model for visual inspection. Some examples are shown in|5.7
As it can be seen, this structures show a patterns typical of a zinc finger motif:
a beta hairpin in the vicinity of an alpha helix.

While this sequence generation pipeline requires carefully choosing the val-
ues of the a, b and the initial sequence length to improve the success rate, the
process can be automated by introducing appropriate heuristics to search the
parameter space (i.e. by performing a grid search with several combinations of
these parameters).
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a=10; b=10.0; I=30 a=20; b=200.0; /=60

a=20; b=50.0; =30 a=10; b=100.0; /=60

a=2;b=100.0; /=30 a=10; b=100.0; /=40 a=2;b=10.0; /=40

Figure 5.7: Examples of sequences generated with the sparse autoencoder
steering procedure, using different parameters and sequence length and acti-
vating latents associated with detecting zinc finger structures. The structure of
the sequence that is shown here was predicted with the ESMFold model. With
the intervention, the model tends to generate sequences exhibiting structural
elements characteristic of zinc fingers: g-hairpins in proximity to an «-helix.
The s-hairpin like structures are highlighted with dashed circles.

5.4.4 Conclusions

In this study, we demonstrate the potential of sparse autoencoders (SAEs) for
interpreting and manipulating the internal representations of protein language
models. By training a SAE on the ESM2-8M parameter model, we identified
and interpreted latent components associated with various protein annotations,
including transmembrane regions, binding sites, and zinc finger motifs.

We have also demonstrated that these latent components can be used to
steer the model towards generating amino acid sequences containing specific
structural patterns like zinc finger motifs. These results highlight how sparse
autoencoders can be useful in studying the representations of protein language
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models, with promising potential applications for protein design and engineer-
ing.

Future work can expand on this by training sparse autoencoders on the
representations of more modern protein language models like ESM3, expand-
ing the protein training dataset and incorporating recent improvements in the
sparse autoencoder architecture and training. Additional tests are required to
see how well this methodology extends to other protein motifs and domains.
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Chapter 6

Interpretability of Model
Neurons

Abstract

This chapter explores the interpretability of protein language models through
two complementary analyses: sparse probing for protein domain recognition
and the characterization of outlier dimensions. The layers exhibiting peak per-
formance coincide with the local minimum of the intrinsic dimension curve, re-
inforcing the notion that these intermediate representations capture the most
evolutionarily informative features and are best for downstream tasks. Using
embeddings from ESMZ2-3B, we show that information relevant to specific pro-
tein domains (such as the death domain PF00531), although not encoded by a
single model neuron, is concentrated in a small subset of neurons, with classi-
fier performance saturating rapidly as the number of input neurons increases.
This is described in more detail in section[6.1} We further demonstrate that pro-
tein language models exhibit outlier dimensions analogous to those described
in natural language models. A single outlier component shows activation pat-
terns strongly associated with intrinsically disordered protein regions, suggest-
ing it acts akin to punctuation in natural language models. This is detailed in
section[6.2

6.1 Sparse Probing for Protein Domain Recogni-
tion

We have seen previously that individual neurons in language models are hard
to interpret: the models tend to encode concepts using several different com-
ponents at the same time. However, how many components are needed to
encode a certain concept is still an open question. The model could use a few
select components or encode using the whole population of neurons. Here, we
follow the methodology in [67] to do sparse probing and see how many neurons
are needed to clearly detect a specific label in the data (in this case, a specific
protein domain).
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We find that although adding input neurons to a classifier consistently in-
creases performance, this will quickly saturate with only a few neurons: it
seems that most of the information is contained in a few components. Addi-
tionally, and in line with observations in previous works ([139]), we see that this
performance peaks in the same layers where we find the local minimum of the
intrinsic dimension, further supporting the claim that this is where the model
most efficiently encodes evolutionary information about the proteins.

6.1.1 Methods
Datasets

For this experiment we take a very simple dataset: we extract proteins from
the Interpro database that contain one specific protein domain: PF00531, also
called the death domain, which is present in apoptosis and inflammation regu-
lation pathways. The structure of this domain consists mainly of a bundle of six
alpha helices and is described in more detail in [97].

For this analysis, we extract embeddings from all the layers of ESM2-3B for
all the amino acids in these proteins. We also assign a binary label to each
amino acid depending on whether it is part of a death domain region (1) or not

(0).

Sparse Probing

We train logistic regression models to classify amino acids included in the
PF00531 domain in two stages. First, we use the whole embedding (all compo-
nents/neurons in one layer) as input to a regressor, and we extract the absolute
value of the coefficients for each component as a measure of their relative im-
portance for the prediction.

On a second stage, we train k-sparse regressors, we only take the first k
most important components/neurons (according to the previous classification)
and train a logistic regressor model with this data. We restrict this analysis to
the 50 most important components in each layer due to computational costs.
This is also the reason we avoid doing a stepwise selection, which would pro-
vide a more accurate ordering of the importance.

We use the F1 score as a measure of performance for all the classifiers,
and observe trends with varying sparsity (k) and across layers in the model.

The models are trained on labeled amino acids from protein P98150 and
tested on amino acids from protein 070510, which both contain PF00531 but
have different architectures (different combinations of domains).

6.1.2 Results

With a simple logistic regression model using the protein representations from
ESM2-3B we are able to predict which amino acids are part of a region con-
taining the PF00531 domain with almost perfect accuracy.
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Figure 6.1: Classification performance (accuracy) for PF00531 prediction with
logistic regression. The models are trained on different layers of ESM2-3B,
using an increasing number of neurons k. Varying k: This plot shows the
classification accuracy for each layer (different colors) with increasing number
of neurons. We mark in black the curve corresponding to layer 24, which has
a good performance already for small £ and is located in the local minimum
region of the intrinsic dimension evolution. We see that most of the information
for this task is contained in a few most relevant neurons. Through Layers:
The classification accuracy using 5 neurons as input for the logistic regressor,
shown through the layers of ESM2-3B. The accuracy peaks in the region of
the intrinsic dimension minimum, as shown previously for a homology task by
[139].

Afterwards, we observe how this performance changes when varying the
number of neurons used for the classification and through the layers of the
model. This is shown in figure[6.1 We see that although the performance in-
creases consistently as more neurons are added, each neuron gives diminish-
ing returns. Most of the information seems to be concentrated in the first most
important neurons, and performance saturates pretty early as well. Another
phenomenon that we note is that early layers give relatively low performance
at this task, and the performance peaks around layer 24 (different layers for
different values of k£ - number of neurons).

We also plot the performance across layers for a value of £ = 5, and we
note that the evolution seems to be divided into two main phases: in early lay-
ers the performance is low, and it suddenly peaks in intermediate layers before
slightly decreasing in the last layers. We observe that these two phases occur
in the same layers that mark the two phases of intrinsic dimension evolution
in protein language models, and peak performance seems to occur at the lo-
cation of the minimum. This seems to be consistent with the observation by
[139], that evolutionary relationships between proteins are easier to identify at
the intrinsic dimension minimum. In this work we are additionally able to to
note that this evolutionary information is contained in a very small number of
components and that this sparsity also peaks in the layers of the intrinsic di-
mension minimum. This points to a highly structured representation space that
is organized by evolutionary representations in these layers.

We also plot the activation values of the three most important neurons (the
neurons where the absolute value of the coefficients in the logistic regression
is the largest) in layer 24 along the protein length and show them in figure
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Here we can easily see how these components contain already enough
information to visually classify which amino acids are part of the domain.

Activation Profiles
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Figure 6.2: Neuron activation profiles for proteins containing the PF00531
domain. We plot the activation value of selected neurons through the protein
length (amino acid index), for a subset of proteins that contain the PF00531
domain. The amino acids that span PF00531 are marked with a red coloring.
We select the top 3 neurons that are the most important to predict the presence
of the domain (in terms of the highest coefficients in a logistic regressor). We
see that high values of the activation in these neurons are indicative of the
presence of the domain.

6.2 Massive Activations and Outlier Dimensions

In this section, we demonstrate that the phenomenon of outlier dimensions,
previously described in natural language models by [79], is also present in
protein language models.

Outlier dimensions are components in the embeddings of natural language
models that have activation values that are consistently much larger than the
average component. They seem to play an important role in models, as delet-
ing one of these components has a significant effect on model performance,
unlike an average component [79].

Massive activations, on the other hand, are a related phenomenon where
some dimensions in natural language models activate by orders of magnitude
more for specific tokens: usually the token that marks the beginning of a se-
quence or other very common tokens [131]. They seem to act as bias terms in
the model, and concentrate attention on the tokens that activate them.

Studying ESM2-3B, we find an outlier dimension in the model that seems to
be related to intrinsically disordered protein regions. These regions are protein
segments that lack a a well defined structure and are very common in proteins.
Because of their flexibility, they can bind to multiple partners which gives them
numerous functional roles [93]. We note that the component occurs at the
same index across all layers in the model - this consistency is likely cause by
the residual connections in the transformer.
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6.2.1 Methods
Dataset

We extract a dataset of 3513 proteins with disorder annotations from MobiDB
[103]. MobiDB contains annotations for disordered regions in proteins curated
from several different sources. These annotations are aggregated in different
ways. We selected the “Gold” level of evidence (annotations containing manu-
ally curated data and their homologues), and downloaded the dataset on March
2025.

For each amino acid in a protein in our dataset, we have a series of Os or
1s indicating whether the amino acid is part of a disordered region or not. This
label is a “merge” of all the different annotation sources included in the dataset.

We extract protein embeddings from all the layers of ESM2-3B for the anal-
ysis.

Existence of an Outlier Component

We analyze the average activation value of embedded amino acids in each of
the components, as well as their standard deviation. We compare the value
of our putative outlier component to the average value across all other compo-
nents.

Relationship to Disorder

We perform a binary classification for each amino acid that indicates if it is
contained in a disordered region or not. At a first stage, we perform this clas-
sification using the whole embedding to establish a baseline. Afterwards, we
also perform this classification with each individual component, across all lay-
ers, and take note of where the performance is the maximal.

6.2.2 Results

To demonstrate the existence of an outlier dimension in the model, we ana-
lyze the average activation values across all components, which are shown in
figure We see that there is a component with a value that is consistently
several orders of magnitude above the average value of other components in
the model.

We also plot activation profiles for the outlier component for all the layers of
ESM2-3B. An example is shown in figure[6.4] The average component through
the whole sequence is several orders of magnitude above the normal value
(which is around 0), consistent with the definition of an outlier dimension. Addi-
tionally, even though massive activations are thought of as separate phenom-
ena in natural language models, this component also seems to show some
characteristics of massive activations: the value of its activation is significantly
higher for the beginning and end-of-sequence tokens. We also see that the
behavior of this component seems to be particularly different in regions of the
protein where there is no specific structural domain: there is more separation
in the activation values through the last layers, and the frequency of variation
from one token to another seems to be lower. This can be seen in figure[6.4]
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Figure 6.3: Plot illustrating the presence of an outlier component in ESM2-3B.
We show the average value and standard deviation of the activation (in loga-
rithmic scale) through the layers of the model for a dataset of several thousand
proteins for: 1 - the outlier component 1542, 2 - a “normal” component 209,
and 3 - the average of all components. Given that the average value for most
components is close to zero, we add 1 to all values to be able to show them on
this logarithmic scale.

As intrinsically disordered regions are present in a large percentage of pro-
teins, it makes sense that protein language models could use these regions as
anchors the same way the “” or “and” tokens can be used in natural language
models. To test the hypothesis that component 1542 is somehow related to
disordered regions, we train a few logistic regression probes on this data.

First, we use the whole embedding from ESM2-3B to classify amino acids
from intrinsically disordered regions, and manage to achieve a decent level of
performance in terms of F1 score (figure[6.5).

We then test the same logistic regression probe on each individual compo-
nent of the embeddings (figure and find that the outlier component 1542
reaches better performance than other components in recognizing intrinsically
disordered regions. We also note that the performance of the outlier compo-
nent in this task peaks at around layer 20, near the location of the intrinsic
dimension minimum. This further supports the idea that the representations in
this location are rich linearly separable information.
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Figure 6.4: Activation values of the outlier component of ESM2-33B (1542)
for a protein containing two disordered regions. The values are shown through
the length of the protein (amino acid index) and the amino acids spanning the
disordered regions are colored in red. The disorder annotation here is from
Alphafold-RSA. Values in different layers are shown with different colors. We
can see that the activation values in amino acids from disordered regions fol-
low a particular evolution through the layers that is markedly different from the
amino acids in the rest of the protein, particularly in later layers.
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Figure 6.5: Logistic regression performance for predicting disorder annota-
tions in proteins taken from MobiDB (accuracy, precision and F1 score). The
regressor takes all components of a particular layer of ESM2-3B embeddings
as input. The performance is shown through the layers. We see here that
the performance increases dramatically in the first layers, but continues to in-
crease and peaks between layers 15-20 (corresponding to the local minimum
of intrinsic dimension evolution).
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Figure 6.6: Logistic regression performance for predicting disorder annota-
tions using individual components of ESM2-3B. F1 score across layers: we
show the performance for an average component and for the outlier compo-
nent. The outlier component reaches much better performances on its own,
and peaks around layer 20 before going up again for the final layer. F1 score -
layer 20: performance of each individual component for predicting disorder with
embeddings from layer 20 of ESM2-3B. We mark the outlier component with a
red star, and note that it is the one with the highest individual performance.

6.3 Conclusions

In this chapter, we study two phenomena related to interpretability of protein
language models aided by two different classification tasks (protein domain
and disordered region classification). We see that the performance on both of
these tasks tends to peak in layers located at the local minimum region of the
intrinsic dimension curve, further supporting the idea that representations from
these layers are the most useful for downstream tasks.

Additionally, we show that the phenomenon of outlier dimensions is also
present in protein language models, where they seem to be particularly related
to disordered regions, which might play a role similar to punctuation in natural
language models.

We also see that although “neurons” in protein language models don’t en-
code for single concepts such as protein families, most of the information re-
lated to these concepts seems to be concentrated on a few neurons in the
model. Concepts in the model do not seem to be encoded through the whole
population of neurons uniformly.
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Chapter 7

Protein Interaction Interface
Prediction

Abstract

This chapter presents a study of protein interface prediction using pre-trained
protein language models. The work focuses on identifying the amino acid
residues that constitute interaction interfaces, a fundamental problem in struc-
tural bioinformatics with implications for understanding protein function and
guiding therapeutic design. To ensure the reliability of the evaluation, special
attention was given to data curation, particularly to the prevention of homology-
induced data leakage between training and test splits. We used representa-
tions from model in the ESM family for interface classification across multiple
interaction types. The results demonstrate that finetuned ESM2 models sub-
stantially outperform previous classical feature and embedding based base-
lines on benchmark datasets, achieving improvements of up to 0.04 in the
Matthews Correlation Coefficient for interface prediction. Using embeddings
from ESM3 additionally increases performance without the need for finetuning.
These findings highlight the capacity of large scale language models to con-
struct sequence representations with biologically meaningful information, and
the relevance of a diverse pre-training dataset including different data modali-
ties (sequence, structure and function) for model learning.

7.1 Introduction

Protein—protein interactions (PPIs) lie at the heart of nearly every cellular pro-
cess, from signal transduction and metabolic regulation to structural assembly
and immune response. Alterations in PPIs (in particular, perturbations of the
interacting residues) can lead to various diseases. As such, identifying the
specific residues that mediate these interactions is not only of fundamental bi-
ological interest, but also of direct relevance in clinical diagnostics and drug
design. The biochemical and structural characterization of PPI interfaces is a
major task in computational structural biology [150].

58



At the atomic level, a PPI interface is defined by the set of amino acid
residues on one protein that are in contact with a partner protein. These
residues contribute to binding affinity, specificity, and functionality of the pro-
tein complex. From a therapeutic perspective, these interfaces themselves are
ideal targets for drug design: specific molecules can be engineered to disrupt
or modulate specific interactions. However, experimentally determining protein-
protein interfaces is a very expensive and laborious process. This gap has
motivated a rich body of computational work on predicting interface residues
from protein sequence and structure [44, [152]. Computational methods can
accelerate the annotation of interaction networks and provide hypotheses for
experimental validation, which is especially important given the explosion of
sequencing data.

Early efforts in computational prediction used hand crafted features such
as surface accessibility, evolutionary conservation and physicochemical char-
acteristics to identify these interaction interfaces [130,[12]. With advancements
in artificial neural networks and deep learning, other methods were proposed
to predict them by directly training an algorithm on protein sequences and in-
teraction labels [30]. More recently, progress in unsupervised representation
learning through language modeling presents a unique opportunity to approach
this problem. Some researchers have already started efforts to predict inter-
action interfaces using the rich representations learned by protein language
models [136]. However, critical challenges remain: for example, data leakage
(very similar proteins in test and training sets) seems to be common in the lit-
erature when evaluating such models, which means their performance scores
are unreliable.

In this chapter, we describe how we used pre-trained protein language mod-
els for predicting which amino acids are part of a protein interaction interface,
taking particular precautions to prevent data-leakage from our training to our
test datasets. It is organized as follows: in section[7.2] we describe in more de-
tail the deep learning model and training used for the prediction (section|7.2.1)
and the data curation methodology (section[7.2.1). The results are outlined in
section[7.3l

7.2 Methods

7.2.1 Data Curation

For training the models described in this chapter, we used the BioDL dataset
curated in [130],, described in more detail in the following section.

BioDL dataset

The BioDL dataset was constructed by [130] by taking protein structures from
the PDB with more than 2.5 A resolution. Residues were annotated as in-
teracting when the distance between one of their atoms and any atom of the
interacting molecule was less than the sum of their Van der Waals radii plus
0.5 A. Using BLASTClust, sequences with more than 25% similarity were re-
moved, and the dataset was split into 95% for the training set and 5% for the
test set.

59



The BioDL dataset contains interactions of proteins with nucleotides (n),
small molecules (s) and other proteins (p).

Models

We finetune models from the ESM2 family for the protein interaction interface
classification task. We use a pre-trained protein language model as our base
model and add an additional linear layer before binary classification. We use
the binary cross entropy loss for the training. The optimizer used was Adam
with weight decay for regularization and default parameters (betas: 0.9, 0.999).
We also perform the training using the ESM3-open model, but in this case, we
freeze all model layers and train only the last layer (equivalent to extracting the
embeddings from the model).

We perform hyperparameter sweeps with learning rates: (5¢ 2, 1e~*), weight
decay: (0.01, 0.05, 0.1) and batch size (2) with gradient accumulation over
(1, 4, 8, 16) steps. We perform the training over 8 NVIDA A100 GPUs with
80 GB of memory each. The effective batch size is: batch_size x gradi-
ent_accumulation x number_devices. The training time for the biggest model
was around 30 minutes.

We train the models on the BioDL datasets for interactions with nucleotides,
small molecules and proteins, and additionally test the most performing model
on the ZK448 dataset from [152].

We measure the performance of the models with two main metrics that are
less sensitive to the imbalance in the labels of the dataset (many more neg-
atives than positives): the F1 score and the Matthews Correlation Coefficient
(MCC) score, which are both standard metrics for this task.

7.3 Results

Following the described methodology, we finetune all models in the ESM2 fam-
ily up to the 3B size. The performance with increasing model size is shown in
figure[7.] for models trained with a standard set of hyperparameters. We note
how, as expected, a larger starting size for the base model results in a higher
MCC score, given that they have learned a richer protein representation and
have more expressive capacity (parameters) to tune.

The performance of the best models for each type of classification task
(protein-nucleotide: n, protein-small molecule: s and protein-protein interac-
tion: p) are shown in table and compared to the best performing models
from the PIPENN family [130] [136]. These consist of an ensemble of neu-
ral networks trained on the BioDL dataset for each specific task, starting from
classical features. For protein-protein interactions, there is also a model trained
on the embeddings of another protein language model, namely ProtT5-XL. In
previous tests, [136] saw that ProtT5-X embeddings worked better than ESM2.
With the finetuning of ESM2, we achieve a higher score than theirs by more
than 0.04 points, and 0.05 using the embeddings from the ESM3 model.
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Figure 7.1: Evolution of the performance on the protein-protein interface clas-
sification task (only proteins), given by the Matthews Correlation Coefficient
with different sizes of the starting ESM-2 model. All models were finetuned
with the following hyperparameters: (learning rate: 5¢~°, weight decay: 0.01,
effective batch size: 2 x 8 x 8). Bigger starting models produce a higher final
performance (notice the log scale on the plot).

Table 7.1: Performance of different models on various data modalities for the
BioDL [130] dataset. The models trained in this work are marked with *.

Model Name F1 MCC
Nucleotide
PIPENN ensnet_n [130] 0.42 0.38
*esm2_136_3B 0.59 0.57
Small Molecule
PIPENN ensnet_s [130] 0.41 0.38
*esm2_136_3B 0.55 0.53
Protein
PIPENN ensnet_p [130] 0.34 0.25
PIPENN ensnet + EMB [136] 0.40 0.31
*esm2_136_3B 044 0.35
*esm3-open 044 0.36

For comparison with other models and scores previously reported in the lit-
erature, we also evaluate the model on the ZK448 dataset [152], these compar-
isons are shown in table[7.2] With ESM2, we obtain a better performance score
than most models, starting only from the sequence information, except for the
Seqg-InSite model [72]. However, the performance of this model significantly
decreases when the level of homology between its training set and the test set
decreases, as shown by [136]. The ESM3 based model further improves per-
formance beyond what we obtain with models trained without structural data.
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Table 7.2: Comparison of different methods for protein-protein interface predic-
tion on the ZK448 [152] dataset. The models trained in this work are marked
with *.

Method F1 MCC

Seq-InSite46 0.54 0.46
PIPENN-EMB 0.51 0.39
EnsemPPIS35 0.39 0.29
*esm2.136_.3B 0.54 0.42
*esm3-open 0.61 0.52

7.4 Conclusions

In this chapter, we investigated the use of pre-trained protein language models
for predicting residues involved in protein interaction interfaces. By carefully
constructing the training and evaluation datasets to avoid homologous data
leakage, we obtained a robust assessment of model generalization. Finetuning
ESM2 models led to consistent improvements across interaction types, with
the largest model achieving the best performance. The observed scaling trend
suggests that larger representations encode progressively richer biochemical
and structural information.

Compared to traditional feature based methods and previous embedding
based models, the finetuned ESM2 architecture achieved higher F1 and MCC
scores on both the BioDL and ZK448 datasets. These results demonstrate
that sequence based models can provide accurate residue level predictions of
interaction sites.

Additionally, using ESM3 embeddings further increases the performance
without the need for finetuning. This is likely due to the fact that the ESM3
model has seen both sequence and structural information during pre-training,
and this gives it an advantage over the EM2 model for this task. This holds true
even though we are only using the protein sequence as input for both ESM2
and ESM3, without having to include any additional structural information dur-
ing inference.
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Chapter 8

Risk Stratification via
Unsupervised Learning

Abstract

In this chapter, we describe how we applied unsupervised learning techniques
(clustering) to clinical data from patients with a specific type of leukemia and
found that the resulting groups corresponded to different risk categories in
terms of treatment-free survival of the disease. We describe this type of leukemia
(B-cell Chronic Lymphocytic Leukemia), as well as the clinical problem, in more
detail in section[8.1.1, The methodology for our analysis and the results are de-
tailed in sections|[8.3 and respectively. We provide additional background
on survival data analysis in section[8.1.3, and on the type of clinical data used
in this study in section[8.7.1]

8.1 Background

8.1.1 B-Cell Chronic Lymphocytic Leukemia

B-cell Chronic Lymphocytic Leukemia (BCLL) is a type of cancer affecting the
white blood cells responsible for secreting antibodies, the B-cells. It is the most
common type of leukemia in adults in Western countries, with an incidence of
4.1 cases per 100,000 inhabitants [68].

This type of leukemia is chronic because the disease progresses slowly
over several months or years, and many patients are asymptomatic. Treatment
is only required when patients start showing symptoms (anemia, swollen lymph
nodes, etc.) or for advanced stages of the disease [68]. The time from diag-
nosis to first treatment (treatment-free survival time) is our main target variable
here.

Patients diagnosed with BCLL are clinically heterogeneous in terms of dis-
ease progression and prognosis. Specific biomarkers (measurable biological
quantities) for this disease help provide more personalized care to each patient.
Some biomarkers of known diagnostic and prognostic value in BCLL are spe-
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cific gene mutations, chromosomal aberrations, and flow cytometry variables
described in the following section.

Selected Biomarkers

» Flow Cytometry Markers: Flow cytometry is a technique used to ana-
lyze individual cells flowing through a small tube by using light. Antibodies
with fluorescent dyes can be used to detect the presence of specific re-
ceptors on the cell surface. In this project, it is used to identify B-cells and
detect the presence of receptors like CD49d (involved in cell adhesion)
and CD38 (involved in B-cell activation), in terms of the percentage of
cells presenting the marker [104].

* Fluorescence In-Situ Hybridization (FISH) markers: This technique
uses specific DNA sequences (probes) that are labeled with a fluorescent
dye. The DNA probe binds to its complementary sequence in the cell and
is used to detect its presence, absence, or duplication [32]. Here, we use
it to look at deletions in chromosomes 17 and 11, as well as trisomy
(repetition) of chromosome 12 (measured as the percentage of nuclei
that present the abnormality).

» Genetic Mutations: We look at genetic mutations in terms of Variant
Allele Frequency: roughly the proportion of times a certain mutation ap-
pears during a DNA sequencing experiment. In this project, we mainly
look at the TP53 gene, a known tumor suppressor gene [15].

» IGHV (Immunoglobulin Heavy Chain Variable region) mutation: The
IGHV region is a variable region in the gene that codes for antibodies
in B-cells. This helps the antibody bind to different antigens (parts of
biomolecules), and it undergoes somatic hypermutation in mature B-cells.
Mature B-cells (i.e., those having a mutated IGHV) are associated with
less aggressive forms of leukemia [68]. The % mutation is calculated as
the % difference with respect to the germline.

8.1.2 Survival Analysis

Survival analysis deals with a specific type of data called censored data. Orig-
inally, it dealt with measuring the lifespan of individuals, but it can be used for
analyzing any dataset where our target variable is the time it takes for a par-
ticular event to occur. This event could be death, but it could also be a patient
undergoing a particular treatment or showing signs of a disease. At the time of
the analysis, it is possible that not all events have happened yet: this is why we
call it censored data — part of the information is missing. Our data will have
two components: the total time duration and whether the event has happened
or not.

We can explore several different aspects of our data. We can see how
survival probability or hazard rates evolve through time in the population, or we
can see how different variables improve or worsen these probabilities. Survival
probabilities are usually estimated with the Kaplan-Meier estimator (section
[8.1.2), while there are several different estimators for the hazard ratio. A simple
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way of seeing how different variables affect survival outcomes is the Cox model
described in section[8.1.2

Kaplan-Meier Estimator

The survival probability at time ¢ is defined as the probability that the death
event has not yet occurred. This can be estimated with:

St =] <1 - i) (8.1)

t; <t

Where S(t) is the estimated survival probability at time ¢, d; is the number
of deaths at time ¢;, and n; is the number of individuals still at risk at time ¢;
[43].

Cox Proportional Hazards

The Cox Proportional Hazards model is the simplest regression model for sur-
vival data. It allows us to estimate how particular variables change the baseline
hazard function of the population [114].

The hazard function H(¢) is defined as the probability of a death occurring
at time ¢, and is related to the survival probability through:

S(t) = e(~H®) (8.2)

The Cox model is fitted to output the hazard given a set of input variables
h(t] x):

Bt | %) = ho(t) exp (8- (x - X)) (8.3)

Where h(t) is the baseline hazard of the population, x are the average
input values of the population, and 3 are the coefficients for each variable.

8.1.3 Clustering

Clustering is a machine learning technique used to find structure in datasets
and group together similar data points. Here, we briefly describe two clustering
algorithms used for this project: k-means (a partition algorithm) and Advanced
Density Peaks (DPA), a density-based clustering algorithm.

K-means

The k-means algorithm partitions the data into & different clusters by minimiz-
ing the Sum of Squared Errors (SSE) between data points and their assigned
cluster centers (called centroids) [10]. Mathematically:

k
argmin; 3 > [l — gl (8:4)

i=1xeC;

where C; is the set of all data points x assigned to cluster i, and p; is its
centroid (average x values).
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Advanced Density Peaks

Advanced Density Peaks (DPA) is an improvement over the original density
peaks clustering algorithm. In the original algorithm, cluster centers are found
as data points that are both in regions of high density and far away from other
points with high density. DPA automatically finds these cluster centers, given
a specific level of statistical confidence Z [45]. The value of Z is a measure
of how confident we are that a cluster actually exists, instead of being just a
random fluctuation. Setting a minimum value of Z controls how many clusters
the algorithm considers real (i.e. a higher value of Z means less clusters will
meet the criteria).

8.2 Methods

8.2.1 Data Pre-processing

The dataset we used for our analysis consists of observations from peripheral
blood samples of 746 patients diagnosed with B-cell leukemia from January
2003 to January 2020. These data come from the Centro di Riferimento On-
cologico di Aviano, and the dataset has been described in detail by [34]. We
applied several pre-processing steps before the analysis, which we detail in
the following paragraphs. A visual overview of the dataset and the original
variables is provided in Figure [8.1]

Dataset Population

Variable

Figure 8.1: Population for each variable in the original dataset. The x-axis rep-
resents different columns in our dataset, while the y-axis represents different
samples. We mark missing values in blue.

« Sample Selection: We select the first sample for each patient in cases
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where patients have multiple samples.

+ Treatment-Free Survival Time: To calculate the treatment-free survival
time, we count the days between the blood sample and the date of first
treatment, or the date of the last follow-up appointment for untreated pa-
tients. We exclude patients whose last follow-up appointment was less
than 12 months after diagnosis.

» Missing Values: We discard variables that have more than 25% of miss-
ing values.

8.2.2 Variable Selection

To identify the most clinically significant variables for predicting the treatment-
free survival time, we use the Cox model. We fit a univariate Cox model for
each of the variables under study and keep the ones with coefficients that have
the smallest p-values.

8.2.3 Clustering and Survival Analysis
Clustering

After selecting our variables and samples, we perform k-means clustering on
our dataset. We use the elbow method to select the number of clusters to
partition our dataset and plot the results as a 2D projection using the UMAP
algorithm [85].

To study the characteristics of each cluster in more detail, we look at the
average values of each variable for each cluster (the centroids) and compare
them across clusters.

Survival Analysis

We use the Kaplan-Meier estimator and plot the survival curves (treatment-
free survival probabilities) for each of the resulting clusters. We combine the
clusters into three risk groups (high, intermediate, and low risk) to make the
classification more convenient to use in practice.

8.3 Results

8.3.1 Variable Selection

We calculate the proportion of missing values in the dataset and drop variables
with fewer than 75% valid values. We show the results of the univariate Cox
model fitting in Figure We choose to select the variables with the small-
est p-values before the gap, shown with the dashed red line. This selection
results in the following variables: IGHV _%mutation (percentage of mutation of
the IGHV gene); FISH_Del11, FISH_Del17, FISH_Tri12 (FISH: Fluorescence in
Situ Hybridization variables detecting the presence of deletions in chromosome
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11, chromosome 17, and trisomy in chromosome 12, indicated as a percent-
age of cells); CD49d, CD38 (flow cytometry variables indicating the presence
of specific protein receptors in the cell membrane, indicated as a percentage
of cells); and TP53 (VAF: Variant Allele Frequency of mutations in the TP53
gene).

Univariate Cox Proportional Hazards

-10

-20

log(p-value)

-40

CD38
CD49d
TP53
CD20 I~
FMC7
CD23
CD43
CD5

FISH_Del11
FISH_Del17

FISH_Tri12
FISH_Del13

IGHV_%mutation { «

Figure 8.2: Plot of the p-values (on a log scale) of the coefficients in each
univariate Cox proportional hazards model. The p-values are calculated with
the lifelines package [36], using the Wald test. We select the lowest p-values.

8.3.2 Clustering and Survival Curves

Using the elbow method, we find an optimal value of 6 clusters for our dataset
with the k-means clustering algorithm. This plot is shown in the appendix (fig-
ure [B.1). We visualize the resulting clusters in a UMAP projection (figure [8.3)
and plot the cluster centroids in figure From this, we recognize that there
are clusters with distinct clinical characteristics in terms of the selected vari-
ables. We plot the Kaplan—Meier survival probabilities for each cluster in Figure
8.5]

Clusters 4, 5, and 6 are each characterized by high values in one of the
FISH variables (corresponding to trisomy of chromosome 12, deletion of chro-
mosome 11, and deletion of chromosome 17). Cluster 6 is additionally charac-
terized by a high presence of TP53 mutations, which tend to be correlated with
chromosome 17 deletion [151]. All these are severe disruptions at the chro-
mosomal level and are therefore associated with an overall lower value of the
treatment-free survival probability.

Cluster 1 is marked by higher values of the IGHV _%mutation variable, which
is associated with more specialized B-cells and a milder form of the disease
[143], indicating very low risk. Cluster 2, on the other hand, is distinguished by
low values of IGHV_%mutation as well as CD49d and is intermediate in terms
of risk. Cluster 3 seems to be associated mainly with elevated values of CD49d
and is also intermediate in terms of risk, but slightly worse than cluster 2.
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Figure 8.3: UMAP projection in 2D of the clustered dataset.
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Figure 8.4: Cluster centroids (average values) for the k-means clustering of our
dataset. Each cluster is characterized by a particular profile and seems to be
associated with one or two particularly marked variables.
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1.0 Kaplan-Meier Fit
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Figure 8.5: Treatment-free survival probabilities for patients in different clusters.

For convenience in clinical practice, we group the clusters into low (cluster
1), intermediate (2, 3, and 4), and high-risk groups (5 and 6). We show the
survival curves for each group in Figure 8.6]

1.0 Kaplan-Meier Fit
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Figure 8.6: Treatment-free survival probabilities for patients in different risk
groups.

We note that each of the clusters seems to be characterized by an extreme
value in a particular variable: cluster 1 and 2 by IGHV_%mutation (high and low
values), cluster 3 by CD49d, cluster 4 by FISH_Tri12, cluster 5 by FISH_Del11,
and cluster 6 by FISH_Del17 and TP53. Guided by this finding, we devise a
way of recreating the original clustering by applying simple thresholds to the
data. This is useful for applying the results of the clustering in clinical practice.
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This classification algorithm (described in Figure [8.7) allows us to recover the
original clustering classification with 92% accuracy. To decide the values of the
thresholds, we take the minimum value of the representative variable in each
particular cluster (excluding outliers: values that are more than 40% away from
the average value). We then rank them in order from highest to lowest to get
our final algorithm. We show the distributions of each of the variables along
with the selected thresholds in Figure [8.8]

TP53 > 37%

Yes No
FISH_Del11 >
44%
Yes No

Fish_Tri12 >
Clus‘ter 5 26%

‘V 3 Yes No
High Risk <~

Yes No

; IGHV% >
: 5.2%
: Yes No

Cluster 2 Cluster 1

Intermediate o _________! .
Risk ¢ v

Low Risk

Figure 8.7: Decision tree algorithm to classify each new patient into one of the
clusters and corresponding risk groups (high, intermediate, and low) described
previously.
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Figure 8.8: Histograms showing the distribution of value counts for different
variables that characterize each cluster. We mark our selected thresholds with
a dashed red line.
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8.3.3 Advanced Density Peaks Clustering

For comparison, we perform the same clustering on our dataset using the DPA.
We perform the clustering with several values of z and notice that there seems
to be a region where the number of clusters remains stable, so we decide to
keep a z value in that range (z from 0.75 to 1.25). This is shown in figure[B.2]in
the appendix. Clustering with z = 1 leads to the assignments shown in Figure
We also plot the centroids of each cluster in Figure[8.10]

UMAP projection of Clustering

UMAP 1

Figure 8.9: UMAP projection in 2D of the original dataset with the clustering
assignments of Density Peaks Advanced.

Centroids
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Figure 8.10: Centroids of the DPA clusters.

Looking at the centroid profiles and the UMAP, we see that the original clus-
ters (OC) from k-means with the extreme FISH variables (FISH_Tri12, FISH_Del11,
and TP53 & FISH_Del17) have an almost exact correspondence with some new
clusters (NC) obtained from DPA. NC5 is associated with high values of TP53
and FISH_Del17, like OC6; NC6 with FISH_Del11, like OC5. These clusters
are both associated with low survival probabilities. NC8 corresponds to OC4,
with high FISH_Tri12 values.

OCS3 splits into two smaller clusters, NC1 and NC2. Like OC3, NC2 has
high CD49d and CD38 values and a low value of IGHV mutation. NC1, on the
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other hand, has high CD49d but low CD38 and IGHV mutation, with a slightly
better survival outcome than NC2.

NC3 seems to be a subset of OC2, with similar clinical profiles (low IGHV
mutation, CD49d, and CD38). NC4 is a subset of OC1, mainly characterized
by high values of IGHV mutation. NC7 lies at the boundary region between
OC1 and OC2, with a profile similar to OC1. Both NC4 and NC7 have quite
high survival rates, probably due to their high IGHV mutation values.

NC1 has intermediate survival, while NC3 and NC2 have low survival rates,
which could be associated with their low IGHV mutation values.

We see that the DPA clustering shares some key similarities (the FISH-
related clusters) and differences with the k-means clusters. In the end, we
decided to keep our original k-means clustering, given that we were able to ex-
tract a simple algorithm that clinicians can use to manually classify new patients
into distinct risk groups, as this was our main goal.

Kaplan-Meier Fit
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Figure 8.11: Kaplan—Meier survival curve estimates for the DPA clustering.

8.3.4 Conclusions

Using an unsupervised machine learning algorithm, we were able to extract
clinical profiles (cluster centroid values) for our B-cell leukemia patients that
correspond to distinct risk groups with low, intermediate, and high treatment-
free survival probabilities. We devised a simple decision tree that can repro-
duce the original clustering with high accuracy and can be easily implemented
to classify new patients in clinical practice. Our groupings reflect well-known
information in the field, such as high values of chromosomal aberrations being
predictive of a more aggressive form of the disease, and IGHV mutation being
a strong prognostic marker. What sets our approach apart is that these clini-
cal profiles emerge in an unsupervised manner, directly reflecting the inherent
structure of the patient population.
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Chapter 9

Conclusions

This thesis has presented a comprehensive and multi-layered investigation into
the interpretability and practical utility of Protein Language Models (PLMs). The
work spans from foundational analyses of the geometric structure of neural
representations to advanced methodologies for disentangling and manipulating
them, culminating in their application to biologically relevant problems.

A key observation, discussed in chapter [4.1] concerns the consistent tra-
jectory of the intrinsic dimension (ID) in PLMs compared to models trained on
other data modalities. All PLMs examined displayed a reproducible pattern
characterized by two phases: 1. an initial peak and 2. a mid-layer plateau
with an ID minimum at a local neighborhood scale and a second peak in the
ID at larger neighborhood scales. This behavior suggests strong curvature
and highly structured representations in the second phase. Models in other
modalities also show similarities to each other (particularly the image models
which show a characteristic hunchback pattern seen before in convolutional
networks), as well as some inconsistencies (the patterns in DNA models are
remarkably diverse in this analysis). The robustness of the ID evolution pat-
tern in PLMs suggests that they converge towards a universal and efficient
representation of protein space, largely independent of specific architectural or
training details. Such universality positions PLMs as an ideal framework for
mechanistic interpretability: insights obtained from one model are highly likely
to generalize across others, substantially enhancing the reproducibility and im-
pact of interpretability research in computational biology.

Building on this foundation, chapter[5/demonstrated the potential of Sparse
Autoencoders (SAEs) as an effective means of probing and interpreting PLM
representations. By mapping latent dimensions to biologically meaningful fea-
tures derived from UniProt annotations (such as zinc finger motifs and trans-
membrane domains) we provided a concrete correspondence between neural
activations and molecular functions. Notably, this interpretability proved useful
for model steering. Through targeted interventions on SAE latents associated
with zinc finger motifs, we successfully guided the ESM2 model to generate
novel sequences exhibiting the desired structural pattern. This result illustrates
how mechanistic interpretability can help us enable directed protein design
and, ultimately, Al-assisted protein engineering.

The analyses presented in chapter [6] further underscored the structured
nature of PLM representations. Focusing on the death domain (PF00531), we
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found that information encoding is sparsely distributed across neurons, with
most relevant signal concentrated in a small subset of them instead of through
the whole neuron population. This sparsity is particularly marked within the
middle layers, coinciding with the ID minimum. These observations reinforce
the notion that intermediate representations have particularly rich structure.
Additionally, the identification of an outlier dimension correlated with intrinsi-
cally disordered regions provides a compelling parallel to findings in large lan-
guage models, where outlier dimensions and massive activations seem to be
related to particularly frequent tokens.

In chapter [7, we move from interpretability to application by finetuning
PLMs for protein interface prediction. The resulting models achieved high pre-
dictive performance, underscoring the transferability and biological relevance
of representations learned during pre-training. Given the centrality of pro-
tein interactions to cellular processes and therapeutic discovery, this contri-
bution demonstrates how PLMs can serve as robust computational tools for
molecular-level inference and drug design.

Lastly, and in parallel to this work, chapter [8]investigated the use of unsu-
pervised learning approaches in a clinical setting. By grouping patient profiles
from B-cell leukemia cohorts, we uncovered distinct and clinically meaningful
categories that corresponded with observed risk. This study resulted in a small
and interpretable decision tree for risk assessment, easily applicable to clinical
practice.

In summary, this thesis contributes to the growing paradigm shift in compu-
tational biology: from using deep learning as a predictive instrument to lever-
aging it as a mechanistic lens through which biological processes can be ex-
amined. Through the integration of intrinsic dimensionality estimation, sparse
autoencoders, guided steering and neuron-level analysis we have started to
bring some light into the inner information processing of protein language mod-
els, as well as demonstrating their applicability to biologically relevant problems
and their potential for protein engineering.
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Appendix A

Intrinsic Dimension
Estimation

A.1 Scale Analysis Plots

This section contains the scale analysis of the intrinsic dimension estimation
performed on some representative models for each modality (DNA, proteins,
language and vision). These were kept of the main text for space concerns.

We can see that on most modalities the shape of the evolution curve re-
mains the same, though the numeric values are do vary. The only exception to
this is for protein language models, which present a marked second peak for
the intrinsic dimension at larger scales of the estimation. Possible reasons for
this behavior are explored in the main texts, but it is likely either due to highly
curved or due to highly clustered representation spaces.
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Figure A.1: Scale analysis for the intrinsic dimension estimation of selected
DNA language models.
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Vision Models
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Appendix B

Risk Stratification via
Unsupervised Learning

B.1 Cluster Number Selection Plots

This section contains supporting plots for the selection of the number of clus-
ters k using both k-means and advanced density peaks. For k-means, we
select the number of clusters using the elbow method. For advanced density
peaks, we plot the number of clusters found by the algorithm against the given
level of statistical confidence and we find the & number that is more consistent
across different statistical confidence levels.
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Figure B.1: Elbow plot for the selection of the number of clusters using k-
means. We notice a bend around k = 6.
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Figure B.2: Number of clusters found by advanced density peaks when varying
the desired value of confidence Z. We see that the number of clusters seems
to be &k = 8 over several values of Z (it is persistent), so we select this as our
number of clusters.
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