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ABSTRACT

Protein function prediction is a fundamental challenge in biology, crucial for understanding
biological processes, disease mechanisms, and accelerating drug discovery. While compu-
tational methods leveraging sequence or structural information have advanced, accurately
translating protein structure to function and pinpointing the specific residues responsible
remain significant hurdles. Many existing deep learning approaches fall short, often relying on
post-hoc analyses that lack specificity or fail to directly integrate functional site identification
into the prediction process.

In this study, we introduce the Protein Region Proposal Network (ProteinRPN), a novel graph-
based deep learning framework designed to address these limitations. ProteinRPN is the first
model to integrate the proactive identification of functional regions within the Gene Ontology
term prediction pipeline. The core of the model is a Region Proposal Network module that
processes protein structure graphs (residues as nodes, contacts as edges) to identify potential
functional regions, termed anchors. These anchors are subsequently refined using a multi-stage
process involving a novel differentiable node drop pooling layer that incorporates domain
knowledge. A functional attention layer further enhances the representations of predicted
functional nodes, and a Graph Multiset Transformer aggregates this localized information into
a comprehensive graph-level embedding for final prediction. The model is optimized using a
combination of cross-entropy classification loss, supervised and self-supervised contrastive
learning losses (SupCon and InfoNCE) for robust representation learning.

Evaluated on standard benchmarks derived from the DeepFRI/HEAL datasets, ProteinRPN
demonstrates state-of-the-art performance, consistently outperforming existing sequence-
based and structure-based methods across all three Gene Ontology domains (Molecular
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Function, Biological Process, Cellular Component) based on standard CAFA metrics (Fmax,
AUPR, Smin). Notably, ProteinRPN achieves significant improvements over strong baselines
like HEAL, with AUPR (Area under Precision Recall curve) gains of approximately 15.4%
(BP), 8.5% (CC), and 1.3% (MF). Furthermore, ablation studies validate the contribution
of each key component, particularly the region proposal mechanism. Qualitative analysis
confirms the model’s ability to accurately localize known functional residues within protein
structures, offering enhanced interpretability.

By directly modeling and identifying functionally relevant structural regions, ProteinRPN
presents a robust, interpretable, and high-performing approach to structure-based protein
function prediction. This work contributes a novel framework that bridges the gap between
structural information and functional annotation, offering potential for deeper biological
insights and advancing computational tools for understanding the proteome.
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Title: Professor of Electrical Engineering and Computer Science
Thesis Supervisor
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Title: Associate Professor of Chemical Engineering,
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Thesis Reader
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Chapter 1

Introduction

Proteins are essential biomolecules constituting living organisms, playing a plethora of roles
within biological systems - such as catalyzing chemical reactions, participating in signal
transduction, and maintaining cellular structure. The exact number of proteins in nature is
unknown, but current estimates range between millions to billions. An early study in 2007
concluded that there are around 5 million sequences in the earth’s proteome [1]. Currently,
there are 350 million unique protein coding sequences in UniProt [2] and over 3 billion in
MGnify [3]. It is estimated that the human proteome consists of approximately 20,000 genes,
leading to approximately 70,000 proteins [4] serving a variety of functions. For instance,
proteins provide structural support for cells and tissues, forming structures like actin and
tubulin in the cytoskeleton, and collagen and elastin in connective tissues. They also act
as enzymes, which are biological catalysts that speed up chemical reactions in the body.
They are also vital as transport molecules like hemoglobin that carries oxygen in the blood,
or transport proteins that help move substances across cell membranes. Proteins, such as
antibodies, are essential for the immune system, helping the body fight off infections. Proteins
are needed for growth, repair, and maintenance of tissues, as they provide the building blocks
for new cells. Further, proteins like actin and myosin are involved in muscle contraction,
enabling movement [5].

Thus, determining the functions of proteins is essential in understanding and uncovering
biological systems. They are also common targets for drug discovery since many diseases are
facilitated by malfunctioning proteins, and thus, information on their function can facilitate
the development of drugs targeting these proteins. Thus, they are central to biotechnological
advancement [6].
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Figure 1.1: Sample 3D structure visualization: Hemoglobin. The trace view (left) displays
the four subunit backbones and heme groups, while the spacefill view (right) emphasizes the
protein’s shape and surface accessibility.

1.1 The Challenge of Understanding Protein Function

Proteins are polymers of 20 common amino acids, typically ranging in length from 50 to 2000
residues [7]. They are usually expressed as a linear sequence of these 20 amino acids known
as the primary structure of the protein, bonded together using peptide bonds. These chains
then fold due to the formation of strong covalent disulfide bonds, forming local sheet or helix
arrangements known as secondary structures. These local conformations come together in 3D
space to form a coiled and highly complex tertiary structure of the protein [5]. These complex
3D structures then interact with one another through non-covalent forces and assemble into
complexes that provide the machinery for proteins to function and life to take place [8].

Protein function prediction is essential for understanding both intracellular and extracellular
biological processes, as well as the relationship between protein diversity and evolution. It also
contributes to elucidating gene functions, mapping gene regulatory networks, and annotating
uncharacterized proteins. Accurate predictions support drug discovery by identifying relevant
protein targets, improving the design and effectiveness of therapeutics. In personalized
medicine, insights into individual variation in protein function are critical for assessing disease
risk and designing tailored treatment strategies [8].

As the field has progressed over the past several years, as a result of various genome and
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transcriptome projects, we now have access to >250 million protein sequences. However,
less than 1% (∼170k) protein sequences have experimentally determined function. This
presents a large gap between known sequences and their functions known as the sequence-
function gap [6]. While protein structure can be resolved using experimental methods like
X-ray crystallography, protein function is typically determined through techniques such as
biochemical assays and enzymatic analysis. However, these functional assays are often costly,
time-consuming, and labor-intensive, limiting their applicability to only a small subset of
proteins. This makes accurate computational prediction of protein function a critical and
challenging task.

To standardize protein function across studies, the Gene Ontology (GO) framework is
commonly used. GO categorizes protein function into three main sub-ontologies: Biological
Process (BP), which describes the broader biological goals a protein contributes to; Molecular
Function (MF), which refers to the specific biochemical activity of the protein; and Cellular
Component (CC), which indicates where within the cell the protein is active [8]. These are
further explained in Chapter 2.

1.2 Overview of Current Protein Function Prediction Ap-

proaches

Since experimental techniques are expensive, time-consuming and labor-intensive [6, 8],
computational methods have become ubiquitous due to their high accuracy, scalability and
robust performance. Over the past decade, many such computational methods have been
proposed to address the sequence function gap. These are broadly classified into sequence-
based methods, 3D structure-based methods, Protein-Protein Interaction (PPI) network-based
methods and hybrid information-based methods [8].

1.2.1 Sequence-based methods

Among computational approaches, sequence-based methods have been the most widely used
for protein function prediction, primarily due to the universal availability of protein sequences.
These methods aim to extract functionally relevant features directly from the amino acid
sequence, often capturing subtle patterns that correlate with functional roles. While additional
data types, such as 3D structure, can offer complementary information to enhance predictions,
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sequence remains the primary modality used to predict function given its accessibility across
virtually all known proteins [6, 8]. The accuracy of these methods, however, is limited.

1.2.2 Structure-based methods

Structure-based methods, on the other hand, leverage 3D structural information to predict
protein function. These approaches often represent protein structures as contact maps,
enabling the extraction of features that are closely tied to function. While protein sequence is
frequently included as an additional input, structure-based methods offer distinct advantages
for proteins whose function is heavily influenced by spatial conformation and structural
context [8].

1.2.3 Protein–protein interaction-based methods

Protein–protein interaction (PPI) network-based methods leverage interaction data to improve
protein function prediction. Since proteins rarely function in isolation, incorporating PPI
information is particularly valuable for predicting Gene Ontology terms related to Biological
Processes (BP), which often involve the coordinated activity of multiple proteins. These
methods typically operate on genome-scale interaction networks, aggregating data from
multiple sources to capture the functional organization of proteins. It has been shown that
interacting proteins in PPI networks tend to share similar functions, making it feasible to
infer a protein’s function based on its interaction partners. As with structure-based methods,
protein sequence is often used as an additional input to enrich the model. Some approaches
further emphasize integrating heterogeneous information from various interaction types to
improve functional predictions [8]. However, the reliability of PPI-based predictions can be
affected by the quality of the interaction data. High-throughput experimental techniques
used to generate PPI networks may introduce noise, potentially impacting the accuracy of
the predicted functions [6].

1.2.4 Hybrid Information-based methods

Hybrid information-based methods integrate multiple sources of data—such as protein
sequences, 3D structures, PPI networks, and InterPro features—to improve the accuracy and
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robustness of protein function prediction. These integrative approaches aim to leverage the
complementary strengths of each modality [8].

A detailed discussion of all the above methods is provided in Chapter 2.

1.3 Limitations and Opportunities

Even after significant advancements, many challenges in predicting protein function accurately
remain. These include the absence of clear features correlated with certain functions, making
it difficult to design effective algorithms; the existence of homologous proteins with minor
sequence or structural differences that lead to distinct functions; the multifunctionality of
many proteins; and the limited availability of functional assays, representative structures, or
annotations for a large fraction of known proteins [9].

For many biochemical and biophysical functions, no well-defined sequence or structural motifs
have been identified that consistently correlate with those functions. In some cases, this is due
to the weak conservation of the physical requirements underlying the function. For instance,
protein–protein interaction sites often involve relatively smooth and poorly conserved surface
regions, making it harder to predict them using surface pocket detection or motif-based
methods, unlike catalytic sites, which are typically more conserved and easier to localize.
Additionally, functional activity is often localized to small, specific regions within a protein.
For example, in several proteins, the ability to bind plasminogen has been traced primarily
to the presence of a lysine residue at the protein terminus [9].

Another significant challenge in protein function prediction is the limitation of homology-based
methods [9]. Even proteins with high sequence or structural similarity can exhibit different
functions. Small variations in or near the active site can alter a protein’s activity, resulting in
a different substrate specificity or catalytic mechanism. For instance, members of the enolase
superfamily share a common evolutionary origin, a conserved (β/α)7β-barrel (TIM-barrel)
fold, and similar active site architectures. Yet, they catalyze distinct biochemical reactions.
This superfamily includes:

• Enolases, which convert 2-phosphoglycerate to phosphoenolpyruvate in glycolysis

• Muconate lactonizing enzymes, which break down aromatic compounds into citric acid
cycle intermediates
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• Mandelate racemases, which interconvert (S)- and (R)-mandelate enantiomers

• 3-methylaspartate ammonia lyases, which are responsible for the breakdown of L-threo-
3-methylaspartate into mesaconate and ammonia

• As well as several other functionally diverse enzymes [10, 11]

Similarly, the aminotransferase family includes paralogs that, despite sharing conserved active
site residues, perform distinct functions. These examples highlight the limitations of relying
solely on homology and highlight the need for more nuanced models that can capture subtle
functional differences and understand key functional residues underlying certain function
patterns [9].

Most existing protein function methods lack the ability to identify key functional residues.
Those that do, often rely on post-hoc interpretability techniques, such as gradient-based Class
Activation Maps (CAMs) [12, 13], to highlight which residues contribute most to a predicted
function. While these visual explanations offer some insight, they are retrospective in nature
and reflect only what the model has implicitly learned during training, without incorporating
prior biological knowledge about known functional sites. As a result, these methods often
highlight many scattered residues with low specificity, which dilutes interpretability and
reduces performance by failing to concentrate on biologically meaningful regions.

1.4 ProteinRPN: A Graph Region Proposal Approach for

Protein Function Prediction

To address the limitations of existing approaches, we propose ProteinRPN, a novel model for
accurate protein function prediction that explicitly incorporates functional residue detection.
By focusing on regions where groups of residues collaborate to carry out specific biological
functions, ProteinRPN enhances interpretability and precision. Drawing inspiration from
region proposal networks in computer vision [14], the model introduces a graph-based Region
Proposal Network (RPN) to identify candidate functional subregions within protein graphs.

The model begins by proposing k-hop subgraphs (anchors) centered on each node, aimed
at capturing regions likely to contain functional residues. These anchors are then refined
using a node drop pooling mechanism to prune nodes in the large anchors to identify the
sparsely present functional residues. Once the graph is enriched with key functional residue
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information, to generate global protein representations, Graph Multiset Transformer (GMT)
aggregates the node-level embeddings, preserving both localized functional signals and the
overall graph topology. Additionally, contrastive learning is employed to ensure that proteins
with similar functions are mapped to nearby representations, while dissimilar proteins remain
well separated in the embedding space.

The region proposal module is first pretrained on a functionally annotated dataset – the
PDBSite dataset [15], which provides functional residue annotations from the Protein Data
Bank (PDB) [16], a widely used repository of experimentally validated protein structures.
We then evaluate ProteinRPN on the same benchmark datasets used by prior work [12, 13]
to ensure fair comparison with state-of-the-art models.

1.5 Contributions and Thesis Outline

The experimental results indicate significant improvements in predicting protein functions
compared to state-of-the-art (SOTA) models. Remarkably, the proposed model achieves a
∼15% improvement in protein-centric AUPR on BP ∼9% improvement in Fmax on the BP
and MF ontologies compared to SOTA models. We also visualize the predicted functional
residues, demonstrating that our model can identify essential functional structures and regions,
which are meaningful for biological analysis.

This thesis is organized as follows. Chapter 2 provides background and surveys related work
in protein function prediction. Chapter 3 presents the proposed methodology, detailing the
architectural components and design choices behind our model, ProteinRPN. Chapter 4
outlines the experimental setup, including the datasets, training procedures, and evaluation
metrics. In Chapter 5, we analyze the model’s performance and compare it against state-of-
the-art baselines. Finally, Chapter 6 concludes the thesis by summarizing key findings and
discussing potential future directions.
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Chapter 2

Background and Related Work

2.1 Fundamentals of Protein Structure and Function

Proteins are important macromolecules, specifically, biopolymers that are vital for human,
plant, and animal life. The repeating units of these polymers, i.e., the monomers, are amino
acids, of which 20 are commonly found in nature.

Amino acids: These are the fundamental repeating units of proteins. They have a common
backbone structure consisting of a central carbon atom (the α-carbon). This carbon atom is
covalently bonded to an amino group, a carboxyl group, a hydrogen atom, and a variable side
chain (−R group) which accounts for the many different types of amino acids, giving each
its unique characteristics. The central α-carbon atom is a chiral center for all amino acids
except glycine, which has a hydrogen atom for its variable −R group. Since the α-carbon
atom is asymmetric, both L and D stereoisomers exist for most amino acids. However, in
natural proteins it is found that most amino acids exist in the L-configuration [18]. The
nature of the -R group determines the chemical properties of each amino acid such as size,
charge, polarity, hydrophobicity, and ability to bond with other amino acids. These in turn
have strong influence on the ability of the protein to fold and function.

The 20 standard amino acids occurring naturally in proteins tend to be classified into groups
based on the properties of the variable −R group [18]:

• Nonpolar Aliphatic (Alanine, Valine, Leucine, Isoleucine)

• Aromatic (Phenylalanine, Tyrosine, Tryptophan)
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Figure 2.1: The core components of an amino acid monomer: the amino group, the carboxyl
group, and the variable side chain (R-group) attached to the central alpha-carbon.

Figure 2.2: The polypeptide backbone illustrating the peptide plane and the main dihedral
angles (phi ϕ, psi ψ, omega ω) that define backbone conformation.[17]
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• Polar uncharged (Serine, Threonine, Cysteine, Glutamine, Asparagine)

• Positively charged or basic (Lysine, Arginine, Histidine)

• Negatively charged or acidic (Aspartate, Glutamate)

As is common in biological systems, there are always special cases: for example, proline
consists of an aliphatic side chain which forms a rigid ring structure with the amino group,
which introduces constraints in the backbone when many such units combine to form the
protein polymer [19]. Another special case is that of cysteine, which contains a sulfhydryl
(-SH) group known to form covalent disulfide bonds important for stabilizing tertiary and
quaternary structures of proteins, discussed below.

Within proteins, the amino acid monomers link sequentially via peptide bonds. These are
amide linkages formed through a dehydration reaction between the carboxyl group of one
amino acid and the amino group of the next, creating a polypeptide chain with distinct
N-terminus (free amino group) and C-terminus (free carboxyl group) ends [5, 7].

Proteins have a very strong biological significance and are responsible for life. A fundamental
function of proteins is enzymatic catalysis. Enzymes are special proteins that are highly
specialized and effective catalysts that catalyze specific biochemical reactions necessary for life.
They exhibit extreme substrate specificity and regulatory control over metabolic pathways,
and typically, each biochemical reaction is catalyzed by a specific enzyme. Other proteins
serve important structural roles, providing shape and support to cells, tissues and organisms.
For example, collagen in connective tissue, keratin in hair and nails, and cytoskeletal proteins
like actin and tubulin that maintain cell shape and integrity. Aside from these vital functions,
proteins are also essential for transport and storage, and routinely facilitate the movement of
ions, small molecules and other proteins through membranes or through the bloodstream.
For example, hemoglobin carries oxygen in the blood and ferritin stores iron.

Proteins are key in cell signaling and communication. Here, proteins act as hormones,
neurotransmitters, and receptors embedded in cell membranes that detect external signals
along with intracellular signals that relay messages within the cell. Examples include insulin
which regulates glucose. Similarly, motor proteins are responsible for movement at both
the cellular and organismal levels. For example, myosin interacting with actin for muscle
contraction and kinesin and dynein for moving substances along microtubules within cells.

Proteins are also essential for immune defense in organisms. Antibodies or immunoglobulins
are proteins designed to recognize and eliminate foreign organisms within the body, and
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Figure 2.3: Chemical structures of the 20 standard amino acids commonly found in proteins.
They are categorized based on the properties of their unique side chains (−R groups) into
groups such as small, hydrophobic, aromatic, acidic, basic, amide-containing, and nucleophilic.
Molecular weight (MW) and relevant pKa values are indicated.

Figure 2.4: The condensation reaction forming a peptide bond. The α-carboxyl group of one
amino acid (Valine) reacts with the α-amino group of another (Phenylalanine), eliminating a
molecule of water (H2O) and creating a covalent amide linkage (the peptide bond).
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cytokines complement them to regulate immune response. Thus, proteins play a wide variety
of functions in organisms and are essential for their survival and functioning, necessitating
accurate protein function annotation to understand biological processes more thoroughly,
identifying drug targets and disease mechanisms.

2.1.1 Levels of Protein Structure

Protein function is very strongly linked to its three-dimensional structure [20]. This is because
while folding into its 3D structure, the protein backbone exposes certain amino acid side chains
into unique spatial configurations leading to those becoming active functional sites. These
could be enzyme active sites, which bind to substrates and catalyze biochemical reactions,
or binding pockets which facilitate other interactions such as those between DNA, RNA,
other proteins or ligands. Hence, even minor alterations in the structure due to mutations
or changes in the external environment could change the exposed active sites altering or
inhibiting the functional activity of the protein. Thus, understanding the 3D structure of
proteins is a prerequisite for strong functional understanding.

The 3D structure of proteins is conventionally described using a hierarchical framework that
consists of four levels that build on top of each other. These are the primary, secondary,
tertiary and quaternary structures.

Primary structure

This represents the most fundamental level comprising the linear sequence of amino acids
that covalently bond together to form the polypeptide chain. The bonds, peptide bonds,
are rigid planar amide linkages formed by the dehydration/condensation reaction between
the α-carboxyl group of one amino acid and the α-amino group of the other amino acid as
explained earlier. This creates the polypeptide backbone consisting of a repeating series of
nitrogen, α-carbon, and carbonyl carbon atoms (N-Cα-C), from which the variable amino
acid side chains (R-groups) project outward, interacting with one another and leading to
higher levels of protein structure. As a convention, the primary structure is always written
starting from the N-terminus towards the C-terminus (the end with the free α-carboxyl group),
building directionality into the sequence. Thus, the primary structure gives us the recipe to
understand the 3D structure of the proteins, as demonstrated in Anfinsen’s experiments with
ribonuclease [21–24].
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Secondary structure

The secondary structure level is used to describe local spatial arrangements of the protein
where adjacent protein residues of the sequence group together to form a segment and form
certain helix or sheet like structures in 3D, independent of side chain conformations. These
arrangements tend to be stabilized by hydrogen bonding between the carbonyl oxygen (C=O)
atoms and the amide hydrogen (N-H) atoms within the backbone of the protein/polypeptide.
The two most common such structures of spatial arrangements are the right-handed alpha-helix
(α-helix) and the beta-pleated sheet (β-sheet) [23–25].

The α-helix is a tightly coiled, rod-like structure where the polypeptide backbone twists in a
helix stabilized by hydrogen bonds between the C=O group of residue at the nth position and
the N-H group of residue at the (n+ 4)th position, with the R-groups projecting outwards
from the helical axis, consisting of 3.6 residues per turn.

In contrast, the β-pleated sheet (β-sheet) is a flat sheet of residues formed by laterally packing
two or more adjacent polypeptide segments known as β-strands. These strands lock together
through hydrogen bonds between C=O and N-H groups on adjacent strands. The side
chains of consecutive residues within a strand protrude alternately to opposite sides, roughly
perpendicular to the plane of the sheet. These sheets can be of two types based on the relative
orientation of the strands: anti-parallel, where adjacent strands run in opposite directions
(N-terminus to C-terminus), and parallel, where adjacent strands run in the same direction.
Anti-parallel β-sheets are known to have slightly greater stability since the hydrogen bonds
are less strained [26, 27].

Segments within the polypeptide chains also form less regular structures known as loops or
coils, or turns. These segments connect α-helices and β-strands and are usually found on the
surface of the protein.

Tertiary structure

Tertiary structure refers to the overall 3D conformation adopted by a single protein or
polypeptide chain, positioning each atom in the molecule. This spatial arrangement comes
together due to the folding of the secondary structure elements and positioning of the amino
acid side chains. This level describes the global folding pattern, detailing how the various
α-helices, β-sheets, turns, and loops within the polypeptide are packed and arranged relative
to one another in three-dimensional space. Unlike secondary structure which formed due to
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hydrogen bonding in the backbone, tertiary structure is formed due to various interactions
between the different side chain groups, often involving residues located far apart in the
primary sequence, brought close together due to the folding process. Examples of these
interactions include, hydrophobic interactions clustering nonpolar residues away from water,
hydrogen bonds between polar side chains (and sometimes with backbone atoms), ionic
bonds (salt bridges) between oppositely charged side chains, and weak van der Waals forces
between closely packed atoms [27]. Additionally, covalent disulfide bonds are also important
in deciding tertiary structure. These form between thiol groups (-SH) of specific cysteine
residues that are close in the folded structure.

Figure 2.5: Illustration of protein structural organization. The linear sequence of amino acid
residues (primary structure) folds into local secondary structures like the alpha-helix. These
elements then fold into the overall three-dimensional shape of a polypeptide chain (tertiary
structure). Finally, multiple polypeptide subunits can assemble to form a functional complex
(quaternary structure)[28].

2.2 Frameworks for Protein Function Annotation

With the rapid advancement of genome sequencing technologies, we now have access to vast
amounts of sequence data. Further, with the development of AlphaFold [29], we are now
able to rapidly obtain the three-dimensional structures of these proteins to a high degree of
accuracy. However, determining the function of these proteins still heavily relies on expensive
and time-consuming experimental methods and is thus a major bottleneck in biological

31



research. Traditional experimental validation methods are often slow, resource-intensive,
and difficult to apply on a large scale. This necessitates the development and application of
accurate computational methods that are able to bridge this sequence-function gap.

2.2.1 Gene Ontology (GO): Structure and Usage

The Gene Ontology project [30, 31] is widely used to globally describe and classify the
functions of gene products such as proteins. By providing a structured and controlled
annotation system for function, it provides consistency to all methods classifying or describing
protein function across species, allowing different methods and researchers to communicate
in the “function” language easily. This is achieved using three distinct, orthogonal ontology
domains that capture different aspects of function: Molecular Function (MF), Biological
Process (BP), and Cellular Component (CC), explained further below.

• Molecular Function (MF): This ontology describes the particular biochemical
activities performed by proteins at the molecular level. For example, ‘ATP binding’ or
‘kinase activity’.

• Biological Process (BP): This represents broader biological objectives or pathways
that the protein participates in through coordinated action of multiple molecular
functions. Examples include ‘DNA repair’ or ‘signal transduction’.

• Cellular Component (CC): This ontology defines the subcellular locations or struc-
tures where the protein is active. Example: the ‘nucleus’, ‘cytoplasm’, or ‘mitochondrial
inner membrane’.

Within each ontology, the GO terms are organized as a directed acyclic graph (DAG) where
nodes represent terms from the ontology and edges signify hierarchical relationships between
the terms such as “is a” or “part of”. As we traverse the depth of the DAG, the terms become
more and more specific, and annotation to a specific term automatically implies annotation
to all its ancestor terms, referred to as the True Path Rule. More formally, it states that for
a gene product to be annotated with a specific GO term, it must also be annotated with all
of that term’s parent terms (and subsequently all ancestor terms) up the hierarchy towards
the root of the ontology.

For computational prediction, protein function annotation is often framed as a multi-label
classification task using GO terms. However, this leads to a large number of labels since each
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GO term forms a label and the hierarchical dependencies need to be handled. To mitigate
this, each GO term is initially predicted independently and the model learns to predict the
likelihood of the protein being associated with each specific term based on the input features.
As a post-processing step, hierarchy enforcement is practiced in order to not violate the True
Path Rule [32]. This is demonstrated in Algorithm 1: If a child term j is predicted positive
(or has a score above a threshold), its parent term i must also be considered positive (its score
might be adjusted upwards, e.g., score(i) ≥ score(j)). This propagates positive predictions
up the hierarchy. If a parent term i is predicted negative (or has a score below a threshold),
all its descendant terms k must also be considered negative (their scores might be adjusted
downwards). This propagates negative predictions down the hierarchy. This makes GO
term prediction compatible with standard classification models, but requires an additional
post-processing step in order to ensure compatibility with the real-world significance of GO
terms.

Algorithm 1 Hierarchy Enforcement for True Path Rule
Require: Prediction scores s(t) for each term t, threshold θ, hierarchy as a DAG with

parent-child edges i→ j
1: for all terms j such that s(j) ≥ θ do
2: Propagate positive prediction upwards:
3: for all ancestors i of j do
4: s(i)← max(s(i), s(j))
5: end for
6: end for
7: for all terms i such that s(i) < θ do
8: Propagate negative prediction downwards:
9: for all descendants k of i do

10: s(k)← min(s(k), s(i))
11: end for
12: end for
13: return Adjusted scores s(t)

2.2.2 Enzyme Commission (EC) Numbers: Classifying Enzymes

The enzyme commission (EC) numbers are an alternate labeling scheme applicable only to
enzymes. It provides a hierarchical classification based specifically on chemical reactions
catalyzed by enzymes. EC numbers are of the form X.X.X.X, consisting of four numerical
components separated by periods. It specifies a four level hierarchy indicating the type
of reaction catalyzed by an enzyme. The first component of the EC number defines the
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Figure 2.6: A subset of the Gene Ontology Biological Process hierarchy. This directed acyclic
graph (DAG) shows relationships (indicated by arrows) between terms, starting from general
concepts like ’metabolic process’ (GO:0008152) and becoming progressively more specific
down to ’hexose biosynthetic process’ (GO:0019319).
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main class of the enzyme. There are 6 main classes based on the general type of reaction:
EC 1 (Oxidoreductases), EC 2 (Transferases), EC 3 (Hydrolases), EC 4 (Lyases), EC 5
(Isomerases), and EC 6 (Ligases). The second and third components specify the subclass and
subsubclass which are related to the type of substrate or bond involved. The fourth digit is
a serial number uniquely identifying the specific enzyme reaction. Example: EC 2.7.11.1 -
protein-serine/threonine kinase.

Unlike the broader GO term classification, EC numbers limit themselves to enzymes and
represent a stricter functional hierarchy. GO-based prediction provides a broader functional
coverage across all protein-types and hence is the primary focus of this study.

2.2.3 Benchmarking Efforts: The CAFA Challenge

The Critical Assessment of protein Function Annotation (CAFA) [33] is a widely adopted
experiment to benchmark leading protein function prediction methods in an objective manner.
It is a time-based challenge where the organizers release a large set of protein sequences,
including some whose functions are currently unknown. Participating teams submit function
predictions as GO terms for these released sequences. Following this, wet-lab-based exper-
imental evidence is collected for the target proteins leading to new or updated functional
annotations. These are then collected in a benchmark set against which the submitted
predictions are rigorously compared using standardized evaluation metrics. Today, these
datasets are widely used to train, compare and benchmark leading protein function prediction
models in the field. Common evaluation metrics used in CAFA, and adopted in this study,
include protein-centric maximum F1-score (Fmax), semantic distance (Smin), and Area Under
the Precision-Recall curve (AUPR), which account for the hierarchical nature and imbalance
of GO annotations [6, 34]. These are explained in detail in Chapter 4.

2.3 Machine Learning Concepts in Protein Function Pre-

diction

In recent years, with the rise in machine learning-based approaches across biotechnology,
machine learning, particularly deep learning, has proved to be beneficial in accurate and
scalable annotation of function in proteins. These approaches offer powerful methods to learn
complex patterns from large protein datasets and infer function computationally. Protein
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Function Prediction is widely formulated as a supervised learning problem, i.e., a multi-
label, multi-class classification problem, where the model learns to extract features from
protein sequences or structures to output labels such as GO terms[33]. Architectures such as
Convolutional Neural Networks (CNNs) [35], Graph Convolutional Networks (GCNs) [36],
and Graph Attention Networks (GATs) [37] are very commonly used for the task, for example.

Attention mechanisms [38] are an important addition to newer deep learning models that
allow the models to dynamically weigh the importance of different parts of the input data,
such as specific amino acids in a sequence or key residues/regions in a structure when making
predictions, often improving their efficacy.

Many modern deep learning approaches perform tasks that are a subset of the broader goal of
representation learning, which aims to automatically learn meaningful embeddings or vector
representations that capture the essential properties of proteins from raw data like sequences
(e.g., using Protein Language Models like ESM-1, ESM-2 [39], ProtT5 [40], SAProt [41]) or
structures. Techniques like contrastive learning, including Supervised Contrastive (SupCon)
loss [42] and Noise-Contrastive Estimation (InfoNCE) [43], help train robust representations
by explicitly encouraging embeddings of functionally similar proteins (or perturbed versions
of the same protein) to be closer together while pushing dissimilar ones apart.

2.4 Related Work: Computational Methods in Protein

Function Prediction

2.4.1 Protein Representation Learning

Deep learning models focused on protein representation learning aim to encode protein
sequences and/or structures into vector representations that capture important information
about proteins and can be used in downstream tasks requiring protein understanding, such
as inputs for classification, regression or generation tasks.

Protein Representation learning models are primarily of three types: sequence representation
learning, structure representation learning and multimodal representation learning [44].

Sequence representation learning models aim to build language models for proteins by training
on diverse sets of sequences in order to generalize across diverse families. These could be
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autoregressive language models (e.g., ProGen) [45], masked language models (e.g., ESM-1,
ESM-2 [39], ProtTrans [40]) or Diffusion Language Models (e.g., DPLM) [46].

Structure Representation Learning models aim to encode protein structures by incorporating
geometric and relational information about protein structures. Examples include EGNN
[47], a graph neural network equivariant to Euclidean transformations respecting geometric
symmetries, GVP [48] - learning from protein structures using geometric vector perceptrons,
and GearNet [49] - which incorporated protein inductive bias through edges of the residue
graph and incorporated geometric and relational information.

Finally, representations can also be learned through multimodal data. For example, ESM3
[50] reasons over sequence, structure, and function and generates proteins far from naturally
occurring ones. ProST [51] is another model that learns protein representations by training
on sequences and biomedical texts, enabling zero-shot protein classification and functional
retrieval without annotations.

2.4.2 Protein Structure Prediction

Protein structure prediction or the protein folding problem is a fundamental challenge in
biology aiming to accurately determine the 3D structure of a protein from its sequence by
predicting the coordinates of every atom in the protein molecule. The central dogma of
biology is that sequence determines structure, which in turn determines function [20]. Thus,
as discussed above, knowing the structure of the protein is critical since it strongly influences
the function and mechanism of action of the protein.

Experimental methods such as X-ray crystallography and cryo-EM can determine structures
with high resolution, however, they are slow, expensive, and not applicable to all proteins,
making it difficult to scale them to the millions of sequenced proteins [6].

Thus, computational methods became the need of the hour and several methods based
on homology modeling (using templates of similar proteins), threading (fitting sequence
to known folds), and ab initio methods (physics-based simulation) were proposed. Recent
breakthroughs, however, have been based on deep learning. AlphaFold2 [29] marked one such
groundbreaking advancement, achieving near-experimental accuracy for many single-chain
protein predictions by leveraging attention mechanisms and co-evolutionary information from
Multiple Sequence Alignments (MSAs). Alongside, RoseTTAfold [52] also emerged achieving
high accuracy by simultaneously processing 1D sequence information, 2D distance/orientation
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maps, and 3D coordinates.

Newer models such as OmegaFold [53] and ESM [39] evolved to get rid of the MSA re-
quirement and instead use protein language models with geometry-focused transformers to
predict structures directly from single sequences, which is beneficial for proteins with limited
evolutionary data. The availability of highly accurate structure predictions from tools like
these significantly benefits downstream tasks, including structure-based protein function
prediction, providing essential 3D context even when experimental structures are unavailable.

2.4.3 Protein Function Prediction Methods

As discussed in Chapter 1, protein function prediction methods are of 4 types: sequence-based,
structure-based, protein–protein interaction (PPI) network-based and hybrid, i.e., integrating
two or more modalities [6, 8].

Sequence-Based Approaches

Traditional function prediction models used sequence-based methods [6, 54] and heavily relied
on the principle of homology transfer, inferring function by identifying sequence similarity
to already annotated proteins using tools like BLAST or DIAMOND. These methods were
effective for proteins of close homologs, but had much lower efficacy at lower sequence
identities (<30-40%). Further, these methods were unable to handle cases where proteins
with similar sequences had different functions or vice versa, making them ungeneralizable.
More recent sequence-based approaches have made use of machine learning and deep learning
along with different sequence encodings (e.g., one-hot, k-mers, physicochemical properties)
or learned embeddings from architectures like CNNs, RNNs, or Protein Language Models
(PLMs) as input to classifiers. Examples include DeepGO [55] and DeepGOPlus [56] using
CNNs [6], HiFun [57] combining BLOSUM and Word2Vec-based embeddings in CNN and
BiLSTM architecture, and TALE [58] using transformers.

Structure-Based Approaches

Structure-based methods are based on the principle that protein 3D structure is more
conserved than sequence and is a stronger and more direct determinant of molecular function
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[54]. These methods analyze experimental or accurately predicted structures (e.g., from
AlphaFold2 [29]) using techniques like structural alignment, motif searching, or geometric deep
learning on graph or point cloud representations of the structure [6]. Graph Convolutional
Networks (GCNs) and Graph Attention Networks (GATs), are commonly used to process
protein structures represented as graphs where residues are nodes and the contact map defines
edges [8].Examples include DeepFRI [12] using GCNs, GAT-GO using GATs and predicted
contacts, HEAL [34] using message passing and graph transformers, Struct2GO [59] using
GCNs with attention pooling [6].

Protein-Protein Interaction (PPI) Network-Based Approaches

Protein-Protein Interaction (PPI) network-based methods predict function based on the
assumption that interacting proteins often share functions or participate in common biological
pathways [60]. These methods utilize network topology, analyzing properties like direct neigh-
bors, shared neighbors, network motifs, or applying graph algorithms like label propagation
or network embedding. Examples include GeneMANIA [61], integrating multiple networks
with label propagation, deepNF [62] using network diffusion/autoencoders and NetQuilt [63]
using IsoRank for multi-species network alignment [6].

2.5 Current Gaps and Challenges in Protein Function

Prediction

Even as computational methods in protein function prediction get more accurate and advanced,
some key challenges remain, as highlighted in Jeffery et al. [9].

• Persistent annotation gap: Even as function detection methodologies get more
advanced, a large fraction of protein-coding genes lack known functions. For example,
greater than 30% for some genomes, while experimental validation remains slow and
expensive.

• Incompleteness and Bias in GO data: GO term annotations are inherently
incomplete, reflecting the Open World Assumption. This means that the absence
of annotation does not mean the absence of function. It is possible that certain
functions for a protein have not yet been discovered and only those that are known
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have been annotated, rendering the annotations incomplete. Further, it is very difficult
to experimentally guarantee that a protein does not have a certain function, thus, it is
difficult to validate negative predictions and makes benchmarking complicated.

• Ambiguity of specifying function: The function of a protein is often context-
dependent and subject to the environment of the protein, and many proteins, known
as pleiotropic or “moonlighting” proteins possess multiple distinct functions, which is
difficult to express using GO terms. Further, certain GO terms are associated with very
few proteins making it difficult to generalize these functions to newer proteins.

• Identifying specific functional determinants: It is often very difficult to correlate
sequence/structure with function even though that is the strongest known indicator.
Small differences in sequence or structure can sometimes lead to vastly different functions
(e.g., enzymes with similar folds but different specificities; high sequence similarity
but different roles like Gal1/Gal3). Thus, it is extremely important to determine
constellations of amino acids that play an active part in the protein’s function. Any
mutations in the protein that lead to a difference in the active site can heavily impair
or modify the protein’s function. To the best of our knowledge, ProteinRPN is the
first model to proactively identify candidate active site regions using a graph proposal
network for function determination.

In the next chapter we introduce our model ProteinRPN and discuss its architecture in detail,
outlining the working of the model in identifying potential functional regions via region
proposals, refining these proposals and finally generating GO term predictions.
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Chapter 3

ProteinRPN Model Architecture and
Methodology

In this chapter, we introduce ProteinRPN, a novel model for protein function prediction
designed with biological insight. The core premise behind ProteinRPN is to focus on
biologically meaningful regions of the protein, those likely to be functionally relevant, and
use these regions to improve downstream prediction of Gene Ontology (GO) and Enzyme
Commission (EC) terms.

We begin by modeling proteins as graphs, where nodes correspond to individual amino acid
residues and edges are defined by the contact map, indicating spatial proximity (typically
within 10Å) between residues in the protein’s three-dimensional structure.

As illustrated in Figure 3.1, ProteinRPN operates on these protein graphs and is composed
of three key components:

• Region Proposal Network (RPN): This module identifies subgraphs (anchor regions)
likely to contain functionally important residues. It systematically examines k-hop
neighborhoods around each residue to propose candidate functional regions.

• Function Attention Layer: Following the identification of candidate functional
residues, the Functional Attention Layer refines their representations by emphasizing
interactions critical to protein function. It achieves this by adjusting edge attention
weights based on connectivity to these predicted functional nodes, selectively amplifying
their influence during feature aggregation.
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Figure 3.1: Overview of the ProteinRPN architecture, illustrating the main components:
Region Proposal Network, Function Attention, and Function Prediction Module.

• Function Prediction Module: The refined residue representations are then ag-
gregated using a Graph Multiset Transformer (GMT) pooling layer, followed by a
multi-layer perceptron (MLP) readout to produce final predictions for GO and EC
terms.

To train the model effectively, we use a combined loss function that includes both a Supervised
Contrastive (SupCon) loss, which clusters proteins with similar functions, and a self-supervised
InfoNCE loss, which enhances the quality of the learned representations by contrasting positive
and negative protein pairs.

3.1 Motivation and Architectural Overview

Our architectural design is motivated by an analysis of 603 protein structures from the
PDBSite dataset [15], which reveals that functional residues often form spatially clustered
regions in the three-dimensional structure, even when they are not sequentially adjacent. In
these proteins, each consisting of hundreds of residues, the number of functionally annotated
residues ranges from 1 to 30.

These observations highlight several important considerations for protein function prediction.
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First, they highlight the need to operate at the subgraph-level, rather than focusing on
individual residues, since functional activity typically arises from localized clusters of residues
within a protein’s 3D environment. Second, the sparsity of functional residues relative to the
total number of residues in the protein necessitates aggressive pruning to isolate meaningful
regions. This calls for a multi-stage refinement pipeline that can progressively filter out
irrelevant nodes while preserving biologically relevant clusters.

3.2 Input Representation and Protein Graph Construc-

tion

Proteins are represented as graphs G(V,E), where the nodes V correspond to amino acid
residues and the edges E denote spatial proximity between residues in three-dimensional
space. The adjacency matrix A ∈ RN×N for a protein with N residues is constructed from
the contact map: an undirected edge is added between two residues if the distance between
their Cα atoms is less than 10Å. In this work, we use G(V,E) and G(Z,A) interchangeably,
where Z ∈ R|V |×D represents the node features and A ∈ R|V |×|V | is the adjacency matrix; D
is the dimensionality of the residue embeddings.

The goal of ProteinRPN is to predict a probability vector ŷ(j)i ∈ Rlj , where lj is the number
of Gene Ontology (GO) terms for subontology j ∈ {BP,CC,MF}. The output vector
ŷ
(j)
i contains the predicted probabilities for each GO term in subontology j, capturing the

likelihood that a protein is annotated with multiple terms across the three GO domains.

3.2.1 Residue Features

For each protein graph, node features for the N residues are constructed through a two-step
process. First, each residue is encoded using ESM-1b embeddings to capture secondary
and tertiary structure ZE ∈ RN×DE , which provide context-aware sequence representations
derived from a protein language model [64]. In parallel, residues are label-encoded based on
their amino acid identities and embedded into vectors ZR ∈ RN×DR . Both sets of embeddings
are projected into a shared D-dimensional space and combined as follows:

Z = ZE + ZR ∈ RN×D
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Figure 3.2: Generating a protein graph from sequence information. The amino acid sequence
is used to predict a residue-residue contact map (using information from their corresponding
PDB entries). This map is then filtered based on a distance threshold (e.g., < 10 Å) to create
a binary adjacency matrix, which defines the edges of the final protein graph representation
used in downstream analyses.

effectively integrating deep contextual information with explicit amino acid identity features.

3.2.2 Structural Information

To incorporate three-dimensional structural information, we extract atomic coordinates for
each residue from the Protein Data Bank (PDB) [65]. These coordinates are used to compute
geometric features or define spatial relationships between residues, allowing the model to
reason about the protein’s physical structure.

3.2.3 Contact Map Construction

Edges in the protein graph are defined using a Cα-based contact map. Specifically, an
undirected edge is added between two residues if the Euclidean distance between their Cα

atoms is less than 10Å. The resulting binary contact map serves as the adjacency matrix A
for the graph G, capturing local structural neighborhoods critical for protein function.

3.3 ProteinRPN Core Architecture

In this section we discuss the core components responsible for processing the protein graph
representation and generating functional predictions.The architecture consists of three primary
functional stages: the Region Proposal Network (RPN) module, which identifies and refines
candidate functional regions; the Functional Attention Layer, which selectively enhances
the features of these identified regions; and the final Prediction Head, which aggregates the
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Figure 3.3: Relationship between protein secondary structure elements and contact map
patterns. The ribbon diagram (left) shows α-helices and β-sheets, which correspond to
characteristic diagonal and off-diagonal patterns in the contact map (right).

refined features and classifies the protein into Gene Ontology (GO) and Enzyme Commission
(EC) terms.

3.3.1 Region Proposal Network (RPN) Module

Inspired by object detection methods in computer vision, specifically Region Proposal
Networks (RPNs) in Faster R-CNN [14], we introduce a similar idea for protein function
prediction on graphs. The core idea is to focus on small regions of the protein graph that
are likely to contain functional residues, rather than processing the entire graph uniformly.
This is important because, in most proteins, only a small subset of residues are actually
involved in carrying out specific functions. To our knowledge, this is the first method to
apply graph-based region proposals in the context of protein function prediction.

Graph Convolution Layers

The ProteinRPN model begins its analysis by processing the input protein graph, denoted
as G(Z,A), where Z represents the initial node (residue) feature matrix and A is the
adjacency matrix capturing residue proximities. To enrich these initial features with local
contextual information, the Region Proposal Network (RPN) module employs k layers of
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Graph Convolutional Networks (GCNs) [66].

Let H(0) = Z be the initial hidden node embedding matrix. The embeddings are updated
iteratively through the GCN layers according to the standard propagation rule:

H(i+1) = ReLU(D̃−0.5ÃD̃−0.5H(i)W (i)) (3.1)

where Ã = A + I is the adjacency matrix with self-loops added, D̃ is the diagonal degree
matrix of Ã used for normalization, W (i) is the trainable weight matrix for layer i, and ReLU
is the Rectified Linear Unit activation function.

After k message-passing layers, the resulting node embedding matrix, Z1 = H(k) ∈ RN×D1

(where N is the number of residues and D1 is the dimension of the new embeddings),
encapsulates information from each node’s respective k-hop neighborhood. This effectively
extends each node’s receptive field to encompass its k-hop subgraph. Consequently, each node
vi in the graph, now represented by its embedding Z1,i, can be considered a representative of
its corresponding k-hop subgraph, termed an "anchor." This initial processing step transforms
the original graph G into a conceptual graph G′(Z1, A), where each node’s features are
enriched with information about its local structural environment. Based on empirical results,
setting k = 2 was found to be sufficient for capturing the local context relevant to identifying
functional residues within proteins. These anchor representations Z1 are then utilized in the
subsequent step of the RPN to predict the likelihood of each anchor containing a functionally
relevant region.

Anchor Functionality Prediction

The second part of the region proposal module involves predicting whether an anchor region
is functionally relevant. We formulate this as a node classification task: for each node vi in
the latent graph G′(Z1, A), the goal is to predict whether its corresponding k-hop subgraph
contains functional residues.

To perform this classification, we apply a Graph Attention Network (GAT) layer [37] on top
of the node embeddings Z1. The GAT layer allows the model to compute attention over
neighbors in the latent space, emphasizing structurally or functionally informative regions.
The output of this layer provides a functionality score for each anchor, which is used to select
a subset of high-confidence regions for further refinement in subsequent steps of the model.
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k-Hop Subgraph Extractor

Once the Region Proposal Network generates a set of candidate anchor nodes, each representing
a k-hop neighborhood, the next step is to extract these subgraphs in a differentiable and
learnable manner. The k-hop Subgraph Extractor module does this by assigning each node a
soft importance score, then using these scores to mask the graph and isolate regions most
likely to contain functional residues. This module is designed to:

• Enable end-to-end learning by avoiding hard selections.

• Preserve structural context by softly pruning the graph around high-scoring nodes.

• Allow gradient flow for subgraph selection through continuous relaxation.

Initialization The process begins by computing initial importance scores for each node
based on its feature representation. This is done using a simple learnable linear layer followed
a sigmoid activation:

s(0) = sigmoid(XW + b)

Here:

• X is the node feature matrix (from previous modules).

• W is a learnable weight matrix of shape D × 1.

• b is a bias term.

The result is a score vector s(0) ∈ [0, 1]N , where each element indicates how likely the
corresponding node is to be functionally relevant.

k-Hop Diffusion To incorporate information from the local neighborhood of each node,
we diffuse the initial scores using a diffusion matrix M :

M = αA+ (1− α)I

where:

• A is the adjacency matrix of the protein graph.
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• I is the identity matrix (adds self-connections).

• α is a diffusion factor controlling how much importance spreads to neighbors.

We then compute the diffused scores s(k) after k hops:

s(k) =Mks(0).

This step ensures that scores are influenced by neighboring residues across k hops, allowing
the extractor to highlight localized clusters of potentially functional residues.

Soft Subgraph Extraction With the diffused scores s(k), we construct a soft subgraph by
masking both node features and the adjacency matrix: Node features are reweighted:

X ′ = s(k) ⊙X

where ⊙ denotes element-wise multiplication, and each node feature vector is scaled by its
importance score. Adjacency matrix is softly reconstructed: For edges between different
nodes (i ̸= j):

A′
ij = s

(k)
i · s

(k)
j · Aij

For self-loops (i = j):
A′

ii = max((s
(k)
i )2 · Aii, Aii)

This results in a softened view of the graph G′(X ′, A′), where high-scoring nodes and their
interactions are preserved while irrelevant regions are downweighted.

Entropy Regularization To encourage the model to make clear decisions about which
nodes to keep or discard, we apply an entropy-based regularization loss:

Lentropy = − 1

N

N∑
i=1

[s
(k)
i log(s

(k)
i ) + (1− s(k)i ) log(1− s(k)i )]

This entropy loss penalizes uncertain (mid-range) scores and pushes them toward binary
decisions, 0 (irrelevant) or 1 (important). As a result, the model learns to focus on small,
coherent clusters of residues most likely to be functionally relevant.

This soft subgraph extraction mechanism ensures that ProteinRPN retains the flexibility of
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learning which regions to focus on while still enabling structural and contextual awareness. By
isolating likely functional regions and filtering out irrelevant residues, this module ensures that
downstream components, like the functional attention and prediction layers, operate on focused
and biologically meaningful subgraphs, improving both performance and interpretability.

Node Drop Pooling: Pruning Non-functional Residues

After identifying promising k-hop subgraph anchors around each node, the next challenge is
to aggressively prune these regions to isolate only the functionally relevant residues. This is
crucial, as most anchor regions still contain many non-functional nodes that can introduce
noise and hurt downstream performance. To achieve this, we develop a novel differentiable
node drop pooling mechanism. This module learns a soft binary mask over each node,
effectively deciding which nodes to retain for further processing and which to discard.

Differentiable Node Drop Pooling This module works by assigning a drop probability
to each node in the subgraph, indicating how likely it is to be pruned. It is fully differentiable,
allowing gradients to flow through the selection process and enabling end-to-end training.

Node Drop Probability We compute a drop score for each node using a lightweight
graph neural network applied to the current graph structure at layer L:

D(L) = sigmoid(GNNdrop(A
(L), Z(L)))

Here:

• A(L) is the current adjacency matrix.

• Z(L) is the current node feature matrix.

• GNNdrop is a trainable GNN that outputs a drop score for each node.

• D(L) ∈ [0, 1]N contains retention probabilities , a score close to 1 indicates a node should
be retained, while scores near 0 indicate it should be dropped.
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Domain Knowledge-based Node Scores

Proximity Scores This component is motivated by the observation that functional residues
often cluster together in three-dimensional space, even if they are distant in the primary
sequence. Instead of merely using a binary contact map, the proximity score Pi for a residue
i is calculated by summing the inverse of its distances to all other residues j:

Pi = αps

∑
j ̸=i

1

dij
(3.2)

where dij is the Euclidean distance between the Cα atoms of residues i and j, and αps is
a learnable scaling factor. This formulation prioritizes residues that are tightly clustered
with a few other residues over those that might be moderately close to many, aligning with
structural characteristics observed in functional sites such as those in the PDBSite dataset
[15].

Secondary Structure Scores Experimental evidence indicates that certain types of
functional residues, particularly catalytic ones, exhibit a preference for specific secondary
structural environments. For instance, catalytic residues are frequently found within α-
helices (approximately 39%) and β-sheets (approximately 28%), and are less common in
less structured loops or coil regions [67]. To leverage this prior knowledge, ProteinRPN
assigns higher predicted scores to residues located within α-helices or β-sheets. The secondary
structure assignment for each residue is obtained using DSSP (Dictionary of Secondary
Structure in Proteins) [68].

These two domain knowledge-driven scores are combined with scores from GNNdrop to
produce a final functionality score for each node within the proposed anchors. These scores
are then converted into probabilities (e.g., using a sigmoid function), and residues with the
highest probabilities are identified as functional, guiding the pruning process within the Node
Drop Pooling layer and subsequent feature enrichment by the Functional Attention Layer.
This integration of explicit biological priors aims to make the functional region identification
more accurate and biologically meaningful.
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Feature Update Using the retention probabilities D(L), we update the node features by
applying an element-wise multiplication:

Z(L+1) = D(L) ⊙ Z(L)

This has the effect of zeroing out the features of nodes with low retention scores, allowing the
model to focus only on the most important residues within the subgraph.

Adjacency Matrix Update We similarly update the adjacency matrix using the outer
product of the retention scores:

A(L+1) = (D(L)(D(L))T )⊙ A(L)

This softly removes edges that involve dropped nodes by scaling them down. The resulting
matrix A(L+1) is a fractional adjacency matrix where the strength of each edge reflects the
retention confidence of the connected nodes.

This node drop pooling layer allows the model to dynamically refine anchor regions, focusing
only on clusters of residues with high functional relevance. Unlike hard pruning, the soft
probabilistic formulation retains gradient flow, making it learnable and stable during training.

By the end of this module, each subgraph has been reduced to a compact, functionally
enriched set of residues, ready for further analysis through surface alignment and functional
attention.

3.3.2 Functional Attention Layer

Following the identification of candidate functional residues by the region proposal and
refinement stages, their representations are further processed and enriched through a dedicated
Functional Attention Layer. The primary purpose of this layer is to selectively amplify the
features associated with the predicted functional nodes while retaining contextual information
from neighboring non-functional nodes. This is achieved by assigning attention weights
to graph edges based on their connectivity to the predicted functional residues, thereby
emphasizing relationships deemed critical for protein function. This edge-centric attention
mechanism iteratively enhances the functional node representations and helps preserve the
structural integrity of the identified functional subgraphs, mitigating the risk of fragmentation
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that can occur when selecting individual nodes in isolation.

To implement this, the original residue features Z ∈ RN×D (combining ESM-1b embeddings
and amino acid identity embeddings) serve as the input node feature matrix for enrichment.
For each edge (i, j) connecting residue i to residue j in the protein graph, an initial attention
score eij is computed. This score is derived from the concatenation of the feature vectors Zi

and Zj, which is then passed through a linear transformation parameterized by a learnable
weight vector a ∈ R2D×1 (where D is the feature dimension), followed by a ReLU activation
function to discard negative scores:

eij = ReLU(aT [Zi||Zj]) (3.3)

This initial attention score eij is then modulated based on whether the target node j was
previously identified as functional (zj = 1) or contextual (zj = 0). The adjusted score e′ij is
calculated as:

e′ij = αFA · eij · zj + βFA · eij · (1− zj) (3.4)

Here, αFA ≥ 1 and βFA < 1 are scaling factors. This adjustment mechanism increases the
attention paid to edges connected to functional nodes (scaled by αFA) while reducing the
attention for edges connected to contextual nodes (scaled by βFA). For the experiments
in this work, αFA was set to 1 and βFA was set to 0.5 to explicitly prioritize focus on the
identified functional nodes.

The final attention coefficients αij are obtained by normalizing the adjusted scores e′ij across
all neighbors i of the target node j (e.g., using softmax). These coefficients quantify the
influence that each neighboring node i exerts on the target node j.

Finally, the updated feature vector Z2j for node j is computed by aggregating the feature
vectors Zi from its neighbors N (j), weighted by the corresponding attention coefficients αij,
and transformed by a learnable weight matrix W ∈ RD2×D (similar to a standard GAT layer):

Z2j =
∑

i∈N (j)

αij ·W · Zi (3.5)

This aggregation process ensures that subgraphs surrounding the predicted functional residues
receive greater attention and contribute more significantly to the final node representations Z2.
This mechanism enhances the model’s capacity to capture context-aware interactions crucial
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for function, leading to a more comprehensive understanding of the protein’s functionally
relevant regions.

3.3.3 Prediction Head Module

Graph Multiset Pooling: Aggregating Functional Signals

After functional region proposals have been refined and enriched, the final step of the
ProteinRPN pipeline is to aggregate the node-level embeddings into a comprehensive graph-
level representation. This representation summarizes the protein as a whole and is used to
predict Gene Ontology (GO) and Enzyme Commission (EC) terms.

To achieve this, we employ a Graph Multiset Transformer (GMT) [69], a hierarchical attention-
based pooling mechanism that effectively captures both local residue-level interactions and
global structural context. Unlike standard global pooling techniques (e.g., mean or max
pooling), which treat all nodes equally, GMT leverages learnable super-nodes to selectively
summarize the most informative features from the graph.

Learnable Super-Nodes for Global Pooling The GMT module introduces K learnable
super-nodes (queries) Qsuper ∈ RK×D. These super-nodes interact with the graph’s node
embeddings (output from previous layer, let’s call it H ∈ RN×D) via multi-head attention to
extract meaningful, high-level features from the entire graph. Each super-node is designed to
attend to a different aspect of the graph, enabling diverse and informative pooling.

Let H be the input node embeddings and A the graph adjacency matrix. The key and value
matrices are computed by applying separate GCN layers (or linear projections):

Knodes = GCN1(H,A) ∈ RN×Dk

Vnodes = GCN2(H,A) ∈ RN×Dv

The attention scores are computed between the learnable queries Qsuper and the node key
vectors Knodes:

C = softmax

(
QsuperK

T
nodes√

Dk

)
Vnodes ∈ RK×Dv

where C represents the updated embeddings for each super-node based on its interactions
with the graph nodes.
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If using multi-head attention with h heads, where D = h × dhead: Embeddings C1, . . . , Ch

(each in RK×dhead) are produced by each head. These are concatenated and passed through a
fully connected layer:

U = FC(concat(C1, . . . , Ch)) ∈ RK×D

This yields a semantics-aware super-node embedding matrix U , which consolidates the
information each head has learned.

Attention-Based Graph Pooling To summarize the super-node embeddings U into a
final graph-level representation, we apply a single-head attention pooling step. A global
learnable query vector qp ∈ RD attends over the super-node embeddings U :

Kp = UW p
K

Vp = UW p
V

z = softmax

(
qpK

T
p√
D

)
Vp ∈ RD

where W p
K ,W

p
V are learnable projection matrices, and z is the final pooled graph-level

representation.

The GMT layer allows the model to flexibly pool information from only the most relevant
residues, as determined by previous modules, while still preserving the broader context of
the graph’s structure. This ensures that the final representation used for function prediction
is both fine-grained and globally informed, a critical requirement for tasks like GO term
prediction where local motifs and long-range dependencies both matter.

MLP Prediction Head: GO and EC Term Classification

The final graph-level embedding z, obtained from the Graph Multiset Transformer (GMT),
is passed through a multi-layer perceptron (MLP) to produce predictions for Gene Ontology
(GO) and Enzyme Commission (EC) terms.

Given the multi-label nature of the task, where each protein may be associated with multiple
functional annotations across different subontologies (Biological Process, Molecular Function,
Cellular Component), we use sigmoid activation to independently predict the probability of
each term.
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Formally, the prediction is computed as:

ŷ = σ(MLP(z))

where:

• z ∈ RD is the graph-level representation.

• MLP is a feedforward neural network with one or more hidden layers.

• ŷ ∈ RL is the predicted vector of probabilities for L possible functional terms (GO or
EC).

• σ denotes the element-wise sigmoid function.

Each value ŷi ∈ [0, 1] represents the likelihood that the protein is associated with the ith

term.

3.4 Optimization Framework

To enable accurate functional region identification and robust protein function prediction,
ProteinRPN is trained using a two-phase loss framework. During pretraining, the model
focuses on learning to identify functional residues at the node-level. In the downstream phase,
it predicts GO and EC terms at the graph-level while enforcing structural coherence in the
predicted functional subgraphs.

3.4.1 Pretraining Losses: Functional Residue Identification

The pretraining phase supervises the identification of functional residues using residue-level
labels derived from structural annotations.

To promote smooth predictions across connected nodes, we use a cluster-wise agreement loss,
defined over each proposed functional subgraph Gsub = (Vsub, Esub):

Lcluster =
∑

(i,j)∈Esub

Aij(Di −Dj)
2
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Here Di represents the predicted importance score for node i. This term penalizes large
differences in predicted importance scores between adjacent nodes within the proposed
subgraph, encouraging structural consistency and smoothness.

To evaluate the quality of predicted subgraphs, we introduce a subgraph coverage loss based
on Intersection over Union (IoU). This loss measures the overlap between the predicted
residue importance scores D ∈ [0, 1]N and binary ground truth labels Y ∈ {0, 1}N . The
intersection and union are computed as:

Intersection =
N∑
i=1

DiYi

Union =
N∑
i=1

Di +
N∑
i=1

Yi − Intersection

The IoU loss is then formulated as:

LIoU = 1− Intersection
Union + ε

where ε is a small constant for numerical stability. This term penalizes both false positives
and false negatives, encouraging the model to produce subgraphs that closely match the
ground truth functional annotations.

Finally, to promote sharp, confident predictions at the node-level, we apply an entropy
regularization loss on the predicted scores Di:

Lentropy = − 1

N

N∑
i=1

[Di logDi + (1−Di) log(1−Di)]

This regularizer pushes the predicted values Di closer to binary outcomes (0 or 1), discouraging
indecisive or overly smooth score distributions.

The total pretraining loss combines these terms: Lpretrain = LIoU + λ1Lcluster + λ2Lentropy,
where λi are weighting hyperparameters.

3.4.2 Downstream Losses: GO and EC Term Prediction

In the downstream phase, the model is optimized to predict protein function using a graph-
level embedding z derived from the Graph Multiset Transformer (GMT). The main objective
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is a multi-label binary cross-entropy (BCE) loss over T terms for a batch of B proteins:

LCE = − 1

B · T

B∑
i=1

T∑
j=1

[yij log(ŷij) + (1− yij) log(1− ŷij)]

Here, yij and ŷij denote the ground truth and predicted presence of term j for protein i.

To improve representation learning, we incorporate a contrastive loss Lcon that combines
supervised contrastive (SupCon) [42] and self-supervised InfoNCE [43] objectives. The
SupCon term brings together representations zi, zj of proteins that share at least one GO
term (indicated by yi ∩ yj ̸= ∅):

LSupCon = − 1

B

B∑
i=1

∑
j ̸=i

1{yi ∩ yj ̸= ∅} · log
exp(sim(zi, zj)/τ)∑
k ̸=i exp(sim(zi, zk)/τ)

The InfoNCE term encourages consistency between original (zi) and perturbed embeddings
(z′i) of the same protein:

LInfoNCE = − 1

B

B∑
i=1

log
exp(sim(zi, z

′
i)/τ)∑B

j=1 exp(sim(zi, z′j)/τ) +
∑

j ̸=i exp(sim(zi, zj)/τ)

Here, sim(·, ·) is cosine similarity, and τ is a temperature parameter. These losses are
combined: Lcon = αSupConLSupCon + αInfoNCELInfoNCE.

To ensure that the predicted functional regions form spatially coherent clusters, we introduce
a connected components penalty. This loss penalizes predicted subgraphs G′′

i = (Vf , Ef)

induced by the predicted functional residues in protein i that contain multiple disconnected
components κ(G′′

i ):

Lpenalty = αcc ·
1

B

B∑
i=1

κ(G′′
i )

max(1,
∑T

j=1 yij)

where αcc is a weighting term. More details on implementation of the loss term can be found
in the Appendix.

The final downstream loss function is a weighted combination of all components:

Ltotal = LCE + Lcon + Lpenalty

This formulation ensures that the model not only makes accurate functional predictions
but also learns compact, biologically meaningful subgraphs aligned with the structural and
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functional organization of proteins.
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Chapter 4

Experimental Setup

In this chapter, we dive deep into the experimental setup followed to demonstrate the
effectiveness of our framework ProteinRPN, detailing the experimental design, the datasets
used, the training procedure and the comparative analysis performed to validate the model
against the state-of-the-art protein function prediction benchmarks. We start by covering the
pretraining and downstream task datasets, followed by model training strategy, evaluation
metrics used, baseline models we compare against, and finally, the ablation experiments.

4.1 Datasets

In order to pretrain the region proposal module in our framework, which detects and annotates
functional residue clusters in the protein, we pretrain it on a combination of protein and
enzyme active site annotated datasets such as PDBSite, BioLiP, ScanNet and DeepProSite.
This is followed by downstream training on the CAFA datasets prepared by Gu et al. [34]
for GO term prediction and the standard EC benchmark from GearNet [49] for EC term
prediction.

4.1.1 Regional Proposal Module Pretraining Dataset

The region proposal component was pretrained using functional site annotations to learn to
identify relevant residue clusters. For this, we use the PDBSite dataset [15]. The dataset is
derived from the Protein Data Bank (PDB) [65] and contains comprehensive annotations
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of biologically active sites. The version used contains 4723 active sites associated with 197

different functions across 603 proteins. PDBSite was crucial for pretraining due to its diversity
in functional categories and explicit residue-level annotation of functional sites, making it
suitable for training the region proposal module.

4.1.2 Downstream Task Datasets

GO Prediction Benchmark (HEAL Dataset)

Our primary dataset for Gene Ontology (GO) term prediction is based on the benchmark
curated by Gu et al. [34] for evaluating the HEAL model. This dataset is derived from the
widely used DeepFRI [12] dataset, ensuring a standardized basis for fair comparison.

The dataset includes protein sequences from two sources: 36 629 sequences from the PDB and
42 994 sequences from the AlphaFold Database (AFDB). Representative PDB chains with
existing functional annotations and high-resolution structures were selected. Redundancy
was managed by clustering sequences at 95% sequence identity.

Experimentally solved 3D structures from the PDB were used to construct protein residue
graphs. GO term annotations were obtained from the SIFTS resource [70], applying strict
criteria for annotation transfer (e.g., ≥90% sequence identity and ≥70% coverage between
PDB models and UniProtKB sequences) to ensure reliability. The final label space covered
489 Molecular Function (MF) terms, 1943 Biological Process (BP) terms, and 320 Cellular
Component (CC) terms. A subset of 44 137 proteins from the AFDB associated with low-
frequency GO terms (Information Content, IC > 10 in the training set) was used for specific
analyses, with structures predicted by AlphaFold2 [29]. The Information Content IC(f) of a
term f is often defined based on its frequency in the annotation database:

IC(f) = − log2 P (f)

where P (f) is the probability (frequency) of term f appearing in the annotations.

The complete non-redundant dataset was partitioned into training, validation, and test sets
(approx. 80%/10%/10%). The test set was fixed across evaluations and comprised only
proteins with experimental PDB structures and experimentally verified GO annotations
(evidence codes EXP, IDA, etc.). This standardized test set includes proteins with varying
sequence identity (30% to 95%) relative to the training set. Each test set protein has at least
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one experimentally confirmed GO term in each ontology (MF, BP, CC).

EC Prediction Benchmark

For Enzyme Commission (EC) number prediction, we used the dataset established by
Gligorijevic et al. [12], which employs multi-cutoff sequence identity splits (e.g., test set
sequences having ≤ 95% identity to training set sequences). Enzyme classes were retrieved
from levels 3 and 4 of the EC hierarchy, resulting in 538 distinct EC classes used as labels.

4.2 Evaluation Metrics

To rigorously assess the performance of ProteinRPN and compare it with baseline methods,
we use standard evaluation metrics widely employed in the CAFA community for protein
function prediction tasks [6].

As noted in Chapter 2, raw model predictions (probability vectors) must be post-processed to
respect the hierarchical structure of GO and EC ontologies according to the True Path Rule.
If a specific term (child) is predicted positive (above a threshold τ), the positive prediction is
propagated up to all its ancestor terms. Conversely, if a general term (parent) is predicted
negative, the negative prediction is propagated down to all its descendant terms. This ensures
hierarchical consistency.

4.2.1 Protein-centric Fmax

The primary metric is protein-centric maximum F1-score (Fmax). For each protein i, the F1
score is calculated at various prediction thresholds τ ∈ [0, 1]. The Fmax is the maximum F1
score achieved across all thresholds, averaged over all proteins in the evaluation set. Let Pi(τ)

be the set of terms predicted for protein i at threshold τ , and Ti be the set of true terms for
protein i. The precision pri(τ) and recall rci(τ) for protein i are:

pri(τ) =
|Pi(τ) ∩ Ti|
|Pi(τ)|

rci(τ) =
|Pi(τ) ∩ Ti|
|Ti|
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The F1 score for protein i at threshold τ is:

F1,i(τ) =
2 · pri(τ) · rci(τ)
pri(τ) + rci(τ)

(if pri(τ) + rci(τ) > 0, else 0)

The Fmax for protein i is the maximum F1 score across all thresholds:

Fmax,i = max
τ∈[0,1]

{F1,i(τ)}

The final reported Fmax is the average over all Nproteins in the test set:

Fmax =
1

Nproteins

Nproteins∑
i=1

Fmax,i

A higher Fmax indicates better overall performance.

4.2.2 Semantic Distance (Smin)

The Semantic Distance (Smin) metric evaluates predictions based on their position within
the GO hierarchy, using the Information Content (IC) of terms. Lower Smin values indicate
better performance (predictions are closer to the true terms in the ontology). It is calculated
as the minimum Euclidean distance in the (misinformation, remaining uncertainty) plane
across thresholds τ :

Smin = min
τ∈[0,1]

√
ru(τ)2 +mi(τ)2

where the average remaining uncertainty ru(τ) and misinformation mi(τ) over Nproteins are:

ru(τ) =
1

Nproteins

Nproteins∑
i=1

∑
f∈Ti\Pi(τ)

IC(f)

mi(τ) =
1

Nproteins

Nproteins∑
i=1

∑
f∈Pi(τ)\Ti

IC(f)

4.2.3 Area Under the Precision-Recall Curve (AUPR)

The Area Under the Precision-Recall Curve (AUPR) is calculated by integrating precision
over recall across all possible thresholds. AUPR is particularly useful for imbalanced datasets,
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as is common with GO/EC terms where many terms annotate few proteins. It focuses on
the model’s ability to correctly identify positive instances. We report macro-AUPR (average
AUPR across all terms, treating each term equally) and micro-AUPR (AUPR calculated from
globally summed true positives, false positives, etc., weighting by term frequency). Higher
AUPR indicates better performance, especially for rare terms.

4.3 Baseline Methods

To demonstrate the performance of ProteinRPN, we compare it against state-of-the-art
protein function prediction models spanning different categories:

• Sequence-based: BLAST [71], DeepGO [55].

• Protein Language Model (PLM) based: ProtT5 [40], ESM-2 [39], SaProt [41].

• Sequence and Structure-based: FunFams [72], DeepFRI [12], HEAL [34], TAWFN
[73], DeepGO-SE [74].

Results for top-performing baselines were reproduced using their published code and recom-
mended settings on our specific dataset splits where possible. For others, results were taken
from prior publications (e.g., [34]) that used the same benchmark datasets and evaluation
protocols.

Sequence-Based Methods

• BLAST [71]: A foundational sequence alignment tool. Function is transferred from
the best hit in the training set to a test sequence, typically using sequence identity or
E-value (e.g., threshold of 10−3) to weight or select annotations.

• DeepGOPlus [55, 56]: Combines sequence homology scores from DiamondBLAST
with predictions from a 1D CNN, using a tuned weight based on validation performance.

• DeepGO-SE [74]: Predicts Gene Ontology (GO) functions from protein sequences by
integrating a pretrained large language model with a neuro-symbolic framework that
leverages GO axioms, framing protein function prediction as a task of approximate
semantic entailment.
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PLM-Based Baselines

These methods use large pre-trained Protein Language Models (PLMs) to generate embeddings,
which are then fed into a simple prediction head (e.g., MLP) fine-tuned for the task.

• ProtT5 [40]: An encoder-decoder transformer PLM (3B parameters). Weights frozen,
MLP head trained.

• ESM-2 [39]: An encoder-only transformer PLM (650M parameter version used).
Weights frozen, MLP head trained.

• SaProt [41]: A structure-aware PLM integrating sequence and predicted structure
(650M parameter version used). Weights frozen, MLP head trained.

Sequence and Structure-Based Methods

• FunFams [72]: A domain-based method using CATH functional families. Annotations
are transferred based on the best-matching domain found via sequence/structure search.

• DeepFRI [12]: One of the first GCN-based models combining sequence embeddings
(from a PLM) with structural information (from predicted contact maps).

• HEAL [34]: The main baseline, using a hierarchical graph transformer with contrastive
learning to capture global and local structural features.

• TAWFN [73]: A Two-model Adaptive Weight Fusion Network combining CNNs
(sequence) and GCNs (structure) with adaptive feature fusion. Retrained on our
datasets.

4.4 Experimental Design and Ablation Studies

We systematically evaluate the contribution of key components of our ProteinRPN framework
and training strategy to overall performance through ablation studies. We removed or
modified specific components, retrained the model, and compared performance against the
full model using the standard metrics (Fmax, Smin, AUPR) on the test set. Specifically, we
test the impact of:
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• Removing the region proposal module entirely.

• Domain Knowledge ablation (e.g., removing surface alignment or specific pretraining
losses).

• Removing Contrastive Learning (ProteinRPN vs. ProteinRPN w/o CL).

• Combined ablation (ProteinRPN w/o Domain Knowledge and w/o CL).

• Replacing the Graph Multiset Transformer pooling with a more advanced alternative
like Polynormer [75].

• Replacing the combined InfoNCE + SupCon loss with SINCERE [76].

The results of these ablation experiments are reported and discussed in Chapter 5.

4.4.1 Functional Residue Visualization

To qualitatively assess the performance of the region proposal module, we visualize the
predicted functional residues on selected proteins from the PDBSite test set (e.g., PDB IDs
2BCC chain B, 2CHG chain A). We analyze the number of predicted functional residues,
the number correctly identified compared to ground truth, and the spatial clustering of the
predictions. This provides insight into the module’s ability to identify functionally relevant
residues, validating the core hypothesis behind ProteinRPN.

4.5 Implementation and Training Details

This section provides details necessary for reproducing the training process.

• Hardware: Training was performed on a single NVIDIA A100 GPU with 40GB of
memory, alongside a system with 256GB RAM.

• Software: Key libraries included PyTorch and PyTorch Geometric.

• Training Parameters: The Adam optimizer was used with a learning rate of 1× 10−4

and a batch size of 48. Models were trained for up to 100 epochs.
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• Early Stopping: To prevent overfitting, an early stopping criterion was employed
with a patience of five epochs, monitoring performance on the validation set (e.g.,
maximizing validation Fmax or minimizing validation loss).

• Loss Function Weights: For the combined contrastive loss Lcon = αSupConLSupCon +

αInfoNCELInfoNCE, weights were set to αSupCon = 0.1 and αNCE = 0.1.

• Key Hyperparameters: Contrastive loss temperature τ = 0.7; embedding dimensions
(D = 512); number of GCN layers in RPN (k = 2).

Typical training times were approximately 12 hours per model using the specified hardware
and batch size.

In this chapter, we described the experimental setup, highlighting the datasets, the multi-
stage training approach, the comprehensive evaluation metrics, and the comparative analyses
performed. In the next chapter, we discuss the results obtained from implementing these
procedures and analyze their implications for the advancement of protein function prediction.
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Chapter 5

Results and Discussion

In this chapter we discuss the evaluation of the Protein Region Proposal Network (ProteinRPN)
model developed in this thesis. We assess its effectiveness in predicting protein function,
specifically focusing on Gene Ontology (GO) term prediction and preliminary results for
Enzyme Commission (EC) number prediction, benchmarking its performance against current
state-of-the-art methods. The evaluation consists of quantitative analyses using standard
CAFA metrics, ablation studies to determine the contribution of key architectural components,
and qualitative assessments of the model’s ability to identify functionally relevant structural
regions via its novel region proposal mechanism. The results are discussed in the context of
existing challenges and related work, highlighting the contributions and potential limitations
of the ProteinRPN framework.

5.1 Protein Function Prediction Performance (GO Terms)

The primary evaluation of ProteinRPN focused on predicting GO terms using the established
HEAL benchmark dataset, ensuring comparability with leading methods. The performance
results, summarized in Table 5.1, clearly show that ProteinRPN consistently outperforms the
selected baseline methods across all three GO domains (Biological Process - BP, Cellular Com-
ponent - CC, Molecular Function - MF). This includes outperforming sequence-based methods
(BLAST [71], FunFams [72], DeepGOPlus [56], DeepGO-SE [74]), recent sequence/structure-
based models (DeepFRI [12], PFresGO [77], HEAL [34], TAWFN [73]), and Protein Language
Model-based (PLM) baselines where an MLP head was attached to the PLM embeddings.
ProteinRPN achieves the highest scores on the primary Fmax metric, as well as the secondary
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AUPR and Smin metrics for all domains.

Quantifying these improvements reveals significant gains, particularly over the strong HEAL
baseline. ProteinRPN achieves Fmax increases of 6.4% for BP, 2.7% for CC, and 6.5% for MF
compared to HEAL. Its advantage is further highlighted by improvements in AUPR (15.4%
for BP, 8.5% for CC, 1.3% for MF vs. HEAL) and Smin (reductions of 1.8% for BP, 0.9% for
CC, 9.2% for MF vs. HEAL) as we can see in Table 5.1.

Rigorous statistical analysis using paired t-tests across three independent runs confirmed that
ProteinRPN’s performance improvements over HEAL and TAWFN (two advanced baselines)
are statistically significant (p < 0.05) for the majority of metrics, particularly for Fmax and
Smin of BP.

The enhanced performance of ProteinRPN is primarily attributed to its unique architecture
that proactively identifies and focuses on functionally relevant structural regions. The
integrated Region Proposal Network (RPN) module distinguishes ProteinRPN from methods
that lack explicit functional site identification mechanisms or rely on post-hoc interpretability
techniques like Grad-CAM. Such post-hoc methods often highlight numerous scattered
residues, lacking the specificity and direct biological insight provided by ProteinRPN’s
functional region-centric approach. By refining proposed regions using domain knowledge
(secondary structure, proximity) and hierarchy-aware attention, ProteinRPN likely achieves a
more accurate mapping between functionally important local structures and overall protein
function.

While PLMs like ESM-2, ProtT5, and SaProt provide strong sequence-based representations,
supplementary experiments feeding their frozen embeddings into simple MLP classifiers
yielded performance considerably lower than ProteinRPN (see Table 5.1). This suggests that
ProteinRPN’s structure-aware region proposal approach offers complementary benefits, par-
ticularly for BP and MF predictions where local structural context is often crucial, effectively
leveraging structural information beyond what is captured by sequence embeddings alone.
With regards to Enzyme Commision (EC) number prediction, preliminary results acheived
an Fmax of 0.895 for top-level EC class prediction and 0.61 for hierarchical classification.
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5.2 Module Effectiveness (Ablation Study Results)

To analyze the contributions of ProteinRPN’s key architectural components, comprehensive
ablation studies were performed. These studies systematically removed specific modules and
evaluated the impact on overall function prediction performance, demonstrating the necessity
of each component for optimal results.

We start by removing the region proposal mechanism to assess its benefit. This was followed
by looking into the effectiveness of specific and precise region proposals via hyperparameter
tuning. We follow this up by testing the efficacy of incorporating domain knowledge scoring
in the node refinement process and the importance of the contrastive learning paradigm.

Removing the entire Region Proposal mechanism ("w/o Region Proposals") resulted in the
most substantial performance degradation across all metrics and GO domains, as shown in
Table 5.2. For instance, Fmax dropped from 0.618 to 0.581 for BP, 0.691 to 0.673 for CC,
and 0.754 to 0.708 for MF. This significant reduction highlights that the core strategy of
proactively identifying functional regions is fundamental to the model’s success.

Similarly, removing the domain knowledge scoring (secondary structure preference and spatial
proximity heuristics) from the node drop pooling layer ("w/o domain knowledge scoring") also
led to a decrease in performance (Table 5.2), albeit smaller than removing the entire region
proposal system. This result validates the utility of incorporating these biologically-informed
heuristics to refine the selection of functionally relevant residues within the proposed regions.
The ablation study also highlighted the integral nature of the functional attention layer;
removing it would break the information flow, preventing evaluation, indicating its essential
role in processing the features identified by the preceding modules. These results collectively
confirm that each component contributes meaningfully to the overall performance, with the
proactive region proposal strategy being particularly impactful.

In addition to removing entire modules, further experiments tested the sensitivity of Protein-
RPN’s performance to the parameters governing the region proposal process itself. Specifically,
the threshold used to select the final functional residues from the high-scoring anchors was
varied. The original model implicitly used a threshold selecting roughly the top 25% of
residues based on retention probability within high-confidence anchors. When this threshold
was relaxed to select the top 60% of residues, a significant performance drop was observed
across all metrics, as detailed in Table 5.3. For example, Fmax decreased to 0.595 (BP),
0.672 (CC), and 0.691 (MF). This demonstrates that the performance is sensitive to this
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threshold and that simply proposing regions is insufficient; the selectivity in identifying the
most probable functional residues within those regions is crucial for achieving high accuracy.

To evaluate the contribution of key methodological components within ProteinRPN, par-
ticularly the representation learning strategy and the use of domain knowledge in region
refinement, further ablation studies were performed. We also tested for synergistic effects
between the presence of contrastive learning and the domain knowledge scoring. These
experiments systematically removed the contrastive learning (CL) framework (comprising
SupCon and InfoNCE losses) and the domain knowledge scoring based on secondary structure
and proximity (DK). The results of these ablations are presented in Table 5.4. Removing the
contrastive learning component ("ProteinRPN w/o CL") while keeping the domain knowledge
scoring resulted in a moderate decrease in performance across all GO domains and metrics
compared to the full ProteinRPN model. For instance, Fmax dropped slightly, while AUPR
showed a more noticeable decrease, particularly for BP (0.344 to 0.322) and MF (0.683 to
0.648). When domain knowledge scoring (DK) was removed but contrastive learning was
kept ("ProteinRPN w CL w/o DK"), performance also decreased compared to the full model,
although the impact was generally smaller than removing CL alone, especially for Fmax scores.
The most significant performance reduction occurred when both contrastive learning and
domain knowledge scoring were removed ("ProteinRPN w/o DK w/o CL").

These ablation results confirm the positive contribution of both the contrastive learning
framework and the incorporation of domain knowledge to ProteinRPN’s overall performance.
The performance decrease upon removing contrastive learning underscores its importance in
learning robust and discriminative graph representations that likely generalize better for the
function prediction task. Similarly, the benefit derived from the domain knowledge scoring
highlights the value of guiding the model’s attention and refinement process using biologically
relevant heuristics. The synergistic effect observed when both components are included
justifies their integration into the final ProteinRPN architecture.

5.3 Functional Region Identification and Visualization

Beyond quantitative GO term prediction, we also tested ProteinRPN’s ability to identify
functionally relevant residues in test proteins from PDBSite. During pretraining on the
combined pretraining dataset, the region proposal module demonstrated strong predictive
capability, achieving an ROC score of 0.95 for predicting whether an anchor region contained
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functional residues and 0.85 for the subsequent pruning task (node drop pooling). Furthermore,
evaluating the final model on a held-out test set of 120 proteins from PDBSite showed high
accuracy (97%) in detecting specific functional residues, comparing favorably to other methods,
along with a strong AUCROC of 0.8821 for functionality probability predictions across all
residues.

Qualitative visualizations provide further insight into the functional residue detection ca-
pability of the model. As shown in Figure 5.1 for example proteins 2BCC-B and 2CHG-A,
ProteinRPN successfully identifies the majority of experimentally known functional residues
(highlighted in green). Importantly, the correctly predicted functional residues tend to form
spatially coherent clusters within the proposed regions, aligning with biological understanding
of active sites and binding interfaces. While some known functional residues distant from the
main cluster were occasionally missed (highlighted in red), the overall results demonstrate the
model’s strong ability to pinpoint functionally important constellations of residues directly
from the structure. This proactive localization offers enhanced interpretability compared to
post-hoc methods and directly supports the hypothesis that focusing on these specific regions
is key to the model’s improved function prediction accuracy.

Table 5.5: Quantitative performance of functional residue prediction on PDBSite test set.

Metric Value

Anchor Prediction ROC 0.95
Pruning Prediction ROC 0.85
Residue Detection Accuracy 97%
Residue Prediction AUCROC 0.8821

To further investigate the specific choices made within ProteinRPN’s architecture, key compo-
nents were substituted with alternative methods proposed in recent literature: the SINCERE
contrastive loss objective [76] (an integrated combination of InfoNCE and Supervised Con-
trastive loss) and the Polynormer graph transformer [75]. The results of these substitutions
are shown in Table 5.6.

Replacing the original combined SupCon and InfoNCE contrastive loss with the unified
SINCERE loss [76] resulted in a moderate decrease in performance across Fmax, AUPR,
and Smin metrics (Table 5.6). This suggests that the explicit, potentially more tunable
combination of SupCon and InfoNCE used in ProteinRPN provided a better framework for
learning robust representations for this specific task compared to the SINCERE formulation.

Substituting the Graph Multiset Transformer (GMT) pooling layer with the Polynormer
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Figure 5.1: Visualization of predicted functional residues by ProteinRPN on example proteins
(e.g., 2BCC-B, 2CHG-A). Known functional residues correctly identified are shown in green,
missed residues in red, predicted residues highlighted.

graph transformer [75] led to a more significant drop in performance across all metrics
(Table 5.6). While Polynormer offers high expressivity with linear complexity, its standard
pooling mechanism appears less effective for this task than GMT’s approach. The use of
learnable super-nodes in GMT seems particularly adept at capturing functionally relevant
substructures within the protein graph, which is critical for accurate function prediction and
justifies its use in the ProteinRPN architecture.

5.4 Summary of Discussion

The results presented in this chapter validate the effectiveness of ProteinRPN as a novel
approach to protein function prediction. The model consistently achieves state-of-the-art
accuracy on standard benchmarks, significantly outperforming existing methods across various
metrics and GO domains. Ablation studies and module comparisons confirm that this strong
performance is driven by the synergistic integration of its key components: the proactive
graph-based region proposal network, the incorporation of domain knowledge and hierarchy-
aware attention for refinement, and the use of contrastive learning for robust representation
learning. Furthermore, the model demonstrates a promising ability to accurately localize
functionally important residues within the protein structure, offering enhanced biological
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interpretability.

In the context of related work, ProteinRPN addresses several identified gaps. By explicitly
modeling and identifying functional regions prior to final prediction, it addresses the limitations
of methods relying solely on global sequence/structure features or post-hoc interpretability
techniques, which often struggle with specificity and direct functional linkage.

While limitations regarding dataset scope, structure accuracy dependence, and scalability exist,
ProteinRPN represents a significant step towards more accurate and insightful computational
protein function annotation. In the next chapter, we conclude our findings and discuss the
limitations and future scope of the model in detail.
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Chapter 6

Conclusion and Future Work

Accurately predicting protein function is a key bottleneck in biological discovery, particularly
useful in understanding disease mechanisms and guiding drug development. A key challenge
in improving protein function prediction has been identifying specific structural regions or
residues responsible for function, as many computational methods rely on post-hoc analyses
with limited specificity. To address these challenges, this thesis introduced ProteinRPN, a
novel deep learning framework designed for accurate protein function prediction with an
emphasis on proactively identifying functionally relevant structural regions, using those to
refine the protein representation learned by the model and finally predicting function.

ProteinRPN incorporates a graph-based Region Proposal Network (RPN), inspired by com-
puter vision techniques, to first detect potential functional subgraph regions (anchors) within
the protein structure graph. These proposals are then refined through a multi-stage process
involving a hierarchy-aware Node Drop Pooling layer that integrates domain knowledge, such
as secondary structure preference and spatial proximity of functional residues. A dedicated
Functional Attention Layer further enhances the representations of predicted functional
nodes while ensuring important contextual information from the broader graph structure is
preserved. The model utilizes a Graph Multiset Transformer (GMT) to effectively aggregate
node-level information into a comprehensive graph-level representation suitable for final
prediction. The entire framework is optimized using a combination of standard cross-entropy
loss and representation learning techniques, including supervised contrastive (SupCon) and
self-supervised InfoNCE losses.

Comprehensive evaluations demonstrated that ProteinRPN significantly outperforms existing
state-of-the-art methods, including sequence- and structure-based approaches like HEAL and
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DeepFRI, across standard Protein Function Prediction benchmarks and metrics (Fmax, AUPR,
Smin) for all three Gene Ontology (GO) domains. Furthermore, qualitative visualizations
confirmed ProteinRPN’s ability to accurately localize known functional residues within protein
structures, often identifying spatially clustered regions consistent with active or binding sites.

This work presents a robust and scalable deep learning approach that advances structure-based
function prediction by directly integrating the identification of functionally important struc-
tural regions into the prediction pipeline. By providing predictions that are not only accurate
but also grounded in specific structural regions, ProteinRPN offers improved interpretability
and the potential for deeper biological insights compared to less localized methods.

6.1 Limitations of the Current Work

Despite its promising results, the current ProteinRPN framework has several limitations that
suggest avenues for future improvement:

Dataset Scope: The evaluation was primarily conducted on established benchmarks derived
from PDB and SWISS-MODEL; performance on broader datasets or species with different
characteristics warrants further investigation. Furthermore, incorporating a more extensive
annotated dataset at the pretraining stage could further enhance model performance

Structure Dependence: ProteinRPN inherently relies on the availability and quality of
3D structural information, and the impact of inaccuracies in predicted structures (e.g., from
AlphaFold2) on region proposal and function prediction accuracy needs further characteriza-
tion.

Specific Functional Classes: Performance variations across different GO domains (e.g.,
potentially lower relative performance on certain Biological Process (BP) categories com-
pared to Molecular Function (MF) or Cellular Component (CC)) suggest that the model’s
effectiveness might differ depending on the nature of the function being predicted.

Interpretability Limits: Although the region proposal mechanism enhances interpretabil-
ity, fully dissecting the complex interplay between the graph convolutions, attention scores,
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and final predictions remains challenging for deep graph networks.

6.2 Future Work and Directions

Future work could focus on refining the region proposal algorithm to improve its biological
relevance, perhaps incorporating learned priors or alternative anchor generation strategies.
Several promising directions exist for extending and improving the ProteinRPN framework:

6.2.1 Integrating Multi-Modal Data

• Integrating sequence information more deeply, perhaps by fine-tuning Protein Language
Models (PLMs) within a multi-modal ProteinRPN architecture or using joint sequence-
structure embeddings, could capture richer biological context.

• Incorporating Protein-Protein Interaction (PPI) network information, potentially
through graph fusion techniques or multi-graph GNNs, could specifically enhance
the prediction of Biological Process (BP) terms [9].

• Exploring the integration of other data modalities, such as protein domain anno-
tations (InterPro), textual information from literature, gene expression profiles, or
post-translational modification (PTM) data, offers potential for more holistic functional
understanding.

• Given the training set’s inclusion of predicted structures using Alphafold2 [29], further
characterization of performance using only predicted structures for both training and
testing would be a valuable addition to assess the model’s sensitivity to structural data
source, particularly as the current architecture primarily utilizes contact maps rather
than fine-grained atomic coordinates.

6.2.2 Addressing Broader Protein Function Prediction Challenges

• Adapting ProteinRPN or combining its region-focused approach with few-shot or
zero-shot learning techniques could improve predictions for rare or novel GO terms.
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• Explicitly modeling multi-functional proteins, potentially by allowing region proposals
to map to distinct functional annotations, is an important direction.

• Further work could focus on enhancing the model’s ability to discriminate between
closely related functions that might share similar structural features.

• Applying transfer learning principles to adapt ProteinRPN, trained on well-annotated
species, to predict functions in organisms with sparse experimental data is a valuable
goal.

6.2.3 Downstream Applications

• The ability of ProteinRPN to pinpoint functional regions could significantly aid drug
discovery by identifying potential binding sites or allosteric sites for therapeutic target-
ing.

• The predicted functionally relevant regions could serve as high-quality candidates for
detailed experimental validation or computational docking studies to identify enzyme
active sites or specific interaction interfaces.

• Insights from ProteinRPN’s functional region identification could significantly streamline
protein engineering workflows. By highlighting structurally localized areas critical for
function, the model provides clear targets for site-directed mutagenesis aimed at tuning
properties like substrate specificity or binding affinity. Conversely, it identifies regions
potentially tolerant to modifications intended to improve stability or other biophysical
characteristics without compromising the primary biological activity.

In conclusion, this thesis presented ProteinRPN, a novel structure-based protein function
prediction method that leverages graph region proposals and hierarchy-aware attention to
achieve improved predictive accuracy and enhanced localization of functional determinants.
This work contributes to the rapidly advancing field of applying AI and deep learning to
structural bioinformatics, demonstrating the potential of integrating concepts from other
domains like computer vision and utilizing multi-stage refinement for complex biological
problems.

Future development of ProteinRPN and similar region-aware, structure-based models holds
significant promise for accelerating the annotation of the vast proteome, deepening our
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understanding of the structure-function relationship, and ultimately aiding progress in
medicine and biotechnology.
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Appendix A

Code listing

This appendix presents the Python implementation of the connected components loss function,
as introduced and discussed in Chapter 3. The design prioritizes compatibility with gradient-
based learning methods; all constituent operations are differentiable, thus ensuring that the
model can be trained end-to-end with effective gradient flow through this loss component.

1 def weighted_degree(index , num_nodes , edge_weights):

2 deg = torch.zeros(num_nodes , device=index.device)

3 deg.scatter_add_ (0, index , edge_weights)

4 return deg

5

6 def connected_components_loss(node_scores , edge_index , batch , y_true ,

epsilon =1e-6, reg_lambda =0.01):

7 num_graphs = batch.max ().item() + 1

8 loss_values = []

9

10 for i in range(num_graphs):

11 # Get nodes for current graph

12 graph_mask = batch == i

13 graph_scores = node_scores[graph_mask]

14

15 # Subgraph extraction

16 sub_edge_index , _ = subgraph(graph_mask , edge_index ,

relabel_nodes=True)

17 num_nodes = graph_scores.size (0)

18
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19 edge_weights = graph_scores[sub_edge_index [0]] * graph_scores

[sub_edge_index [1]]

20 deg = weighted_degree(sub_edge_index [0], num_nodes ,

edge_weights)

21 edge_weights_sum = edge_weights.sum ()

22 trace_L = torch.sum(deg) - edge_weights_sum

23

24 # Normalize by expected number of functional residues

25 norm_factor = torch.clamp(y_true[i], min=epsilon)

26 loss_values.append(trace_L / norm_factor)

27

28 connectivity_loss = torch.mean(torch.stack(loss_values))

29 reg_term = reg_lambda * torch.mean(node_scores ** 2)

30 total_loss = connectivity_loss + reg_term

31

32 return total_loss , connectivity_loss , reg_term
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