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ABSTRACT

AlphaFold 2 [1] has been a revolutionary algorithm in the field of computational biology.
It made a huge leap in predicting the three-dimensional structure of a protein. Predicting
the structure of a protein is a problem that has been challenging scientists for decades,
and its solution is to date a very desired one, as protein structures play a crucial role in
understanding the function of proteins. And subsequently, understanding the function of
proteins plays a crucial role in understanding the functions of the human body and its
diseases.

AlphaFold 2, an Al-model built by Google DeepMind [2], is able to accurately predict pro-
tein structures for a big number of proteins, far outperforming all other methods developed
before it. But how did it manage such an impressive performance in such a difficult prob-
lem? In this thesis, we will present AlphaFold 2 algorithm after giving some context on
proteins and the protein folding problem. We will also include an experimental part, where
we execute the algorithm and examine some technical details.

SUBJECT AREA: computational biology

KEYWORDS: protein folding prediction, AlphaFold 2 algorithm, protein folding problem,
machine learning, deep learning
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NEPIAHWH

O aAyépiBuog AlphaFold 2 [1] utpge évag eTavaoTaTIKOG OAYOPIOUOG OTOV TOPED TNG
uTTOAOYIOTIKNG BloAoyiag. 'Ekave éva TepAoTio GAPa oTnv TPORAewn TNG TPIodIGCTATNG
OouAG pIag TTpwTeivnG. H TTpoBAewn autr) atroTteAei éva TTPOBANPA TO OTTOIO ETTIOCTAMOVES
TTPOOTIaB0UV va AUoouv 0w Kal OekaeTieg. H AUon Tou €ival 1I81aiTEPA ONUAVTIKA, PIOG
Kal N dour pIog TTpwTeivng TTaidel TToAU onuavTiké pOAo oTnv Katavonon TnG Asitoupyiag
TNG. AKOAOUBWG, n KaTavonaon AsiIroupyiag Twv TTpwTeEivwy BonBdel otnv katavoénon Twv
AEITOUPYIWYV TOU AVOPWTTIVOU CWHATOG KAl TWV O0BEVEIWV TOU.

To AlphaFold 2, aAy6piBuog TeXvNTAG vonuoouvng TTou dnuioupyndnke atrd Tnv eTaipeia
Google DeepMind [2], yTTopei va TTpoBAEWEI e uWNAR akpifeia TRV avadiTrTAwon PIa TTPWTE-
ivng, yia évav peydho apiBud TpwTteivwv. MNwg KaTaPePE OUWG va £XEI TOOO KAAN attédoon
o€ éva 1600 BUOKOAO TTPORANUA; TNV TTapoUoa TITUXIOKK €pyacia Ba TTapoucidoouE
TOV OAYOpPIOPOo, a@oUu TTPWTA dWOOUUE KATTOIEG TTANPOQPOPIES YIA TIG TTPWTEIVEG Kal TO
TTPORANPA avadiTTAWoNG TIPWTEIVWYV. Oa TTAPOUCIACOUE ETTIONG £VA TTEIPAUATIKO OKEAOG,
O1ToU B0 EKTEAETOUE TOV AAYOPIBUO KOl Ba EEETACOUUE KATTOIEG TEXVIKEG TOU AETTTOUEPEIEG.

OEMATIKH NMEPIOXH: uttoAoyioTIKr BlioAoyia

AEZEIZ KAEIAIA: TpoodiopIiouog TTpwTEIVIKAG dounG, aAyopiBuog AlphaFold 2, TrpoBAnua

avadiTTAwOoNG TTPWTEIVWY, PINXaVIKr udénon, Badid pabnon
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1. INTRODUCTION

1.1 Proteins

Proteins are macromolecules that take part in nearly every process in our cells. They are
constructed inside the cell and perform a large number of different tasks like catalyzing
chemical reactions (e.g. digestion), transport nutritional components throughout our body,
attack foreign objects entering our body (antibodies), build cell and tissue structures, regu-
late processes in our body (protein hormones) and others. The building blocks of proteins
are smaller molecules called amino acids. Among amino acids found in nature, around
20 are commonly found in proteins and are listed in Table 1.1. Each amino acid has unique
chemical properties and contributions to protein structure and function. To form a protein,
amino acids attach to each other forming a chain, which then folds to shape a 3-D structure
(Figure 1.3). This structure allows a protein to perform the task it is responsible for.

1.1.1 Protein creation

Protein structure starts from the DNA. In our DNA, we have four types of nitrogenous
bases: Adenine, Guanine, Cytosine and Thymine (A,G,C,T). The DNA looks like a double
helix:

DNA structure

Nitrogenous Base pair

bases 3
Guanine

Hydrogen bond
between two

complementary

nitrogenous bases

Sugar phosphate
backbone

Figure 1.1: DNA. Figure taken from [3].

A gene, a segment of DNA consisting of a sequence of nitrogenous bases, leads to the
production of proteins through a multi-step process. Initially, the gene’s DNA sequence is
transcribed into mRNA, serving as an intermediary. This mMRNA molecule subsequently
acts as a template for the translation of the genetic code, resulting in the synthesis of a
specific sequence of amino acids (Figure 1.2). The precise arrangement of these amino
acids within the protein sequence ultimately determines its three-dimensional structure
(Figure 1.3).

V. Pitsilou 15
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Table 1.1: The 20 amino acids

TYYTTTY

VoH L T P E E K

T

Amino acid Abbreviation | One-letter code
Alanine Ala A
Arginine Arg R
Asparagine Asn N
Aspartic acid Asp D
Cysteine Cys C
Glutamine GIn Q
Glutamic acid Glu E
Glycine Gly G
Histidine His H
Isoleucine lle I
Leucine Leu L
Lysine Lys K
Methionine Met M
Phenylalanine Phe F
Proline Pro P
Serine Ser S
Threonine Thr T
Tryptophan Trp W
Tyrosine Tyr Y
Valine Val \Y
GTGCATCTGACTCCTGAGGAGAAG se- DNA
CACGTAGACTGAGGACTCCTCTTC es-
l (transcription)
GUGCAUCUGACUCCUGAGGAGAAG oo RNA

(translation)

protein

Figure 1.2: How a gene encodes a protein. Figure taken from [4].
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PROTEIN STRUCTURE
structure Lo 0o

|

Secondary \ Q y \ N t . N
Structure L\

Tertiary Quaternary
Structure Structure

Figure 1.3: Protein folding. Figure taken from [5].

1.1.2 Protein misfolding

The proper folding of proteins into their native state is essential for their normal function.
However, various factors can disrupt this process, leading to protein misfolding. Mutations
in the genetic code, as well as environmental factors such as temperature or the presence
of certain chemicals, can interfere with the folding process. When a protein misfolds,
it means that it adopts an incorrect three-dimensional structure compared to its native
state. This misfolded protein may become unstable, lose its functional properties and be
unable to carry out its intended task effectively. The misfolding can disrupt the protein’s
ability to interact with other molecules, impair its enzymatic activity, or interfere with its
structural role. Since proteins play crucial roles in numerous biological processes, the
consequences of protein misfolding can be severe. Alzheimer’s and Parkinson’s diseases

are two well-known examples of diseases associated with protein misfolding.

V. Pitsilou

CONFORMATIOMAL
-~ A et
CHANGE
Normal protein Disease-associated protein
(folded structure) (misfolded structure)
Aggregation
Gain of toxic Loss of biological
activity function

Figure 1.4: Protein misfolding. Figure taken from [6].
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1.2 The problem

Knowing a protein’s structure is very important for medical and biological research. The
structure of nearly 100,000 proteins (compared to the billions of known sequences) has
been found experimentally [7]. But determining a protein structure experimentally is not an
easy task: it is expensive and time consuming, taking months to years to complete [7]. The
scientists’ goal is to be able to determine the structure of a protein in the three-dimensional
space, given its amino acid sequence. If that is achieved, then they will be able to deter-
mine the structure of every protein. This is the so-called protein folding problem.

Figure 1.5: Protein folding problem. Figure taken from [8].

1.3 Computational solution

We know that a protein will fold so that its structure is most thermodynamically stable in
the energy landscape of the intracellular environment [9]. So we could think of solving the
problem by searching all the possible structures, to find the one that is most thermody-
namically stable in the energy landscape. But this landscape contains an extremely big
number of possible conformations for the protein (around 103% for one protein), as esti-
mated by Levinthal [10], making this problem impossible to solve by testing all structures
possible, at least in less than time equal to the age of the known universe [11]. Still, pro-
teins in nature fold spontaneously, in a matter of milliseconds. This is referred to as the
Levinthal’s paradox. So taking the brute force out of the picture as an impossible way of
solving the problem, another computational method that can be used: supervised machine
learning.

1.4 Neural networks

Neural networks are a famous subset of machine learning. They are widely being used in
the last decade, forming a machine learning revolution, as they demonstrate an extremely
good performance on certain tasks that could not be performed by computer programs
before. Often referred to as artificial neural network, a neural network is inspired by the
network of a biological brain. Its goal is to find underlying patterns and relationships in a
set of data. It consists of artificial neurons, which are nodes that highly process information

V. Pitsilou 18
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and pass it to each other. Neurons are often organized into layers and a neural network
with many layers is called a deep network.

A neural network is used after it has gone through a process called training. Training a
neural network consists of showing it examples of the task it has to learn. For example,
if we want to train a network to classify a text into a category between sports, fashion or
politics, the input to the program will be examples of texts, which the neural network will
use to build a statistical model that classifies a text in a category. Then, after training, the
network is ready to classify a new text as referring to politics, fashion or sports, using that
statistical model. The opposite of the training stage is the inference stage, where we put
the trained model into operation. This means that the model simply outputs its prediction
for the given input, without being trained. An additional procedure in neural networks is
called fine-tuning. In fine-tuning of a neural network, the network is trained. Then, it goes
through additional training on a specific dataset we want it to focus on.

There are various types of neural networks. The simplest type is called feed-forward neu-
ral network, where the output of a layer is the input to the next one. There are also other
types including recurrent neural networks, convolutional neural networks, and transform-
ers. Transformers, recently introduced by Google Brain in their famous paper Attention Is
All You Need [12] led the way to language models such as ChatGPT [13]. Transformers
are the type of neural networks used in AlphaFold 2, and are the key to the algorithm’s
success.

Transformers use a mechanism called attention. Attention is the technique of making the
network focus only on some parts of the input that seem more useful than other input parts
in predicting the output. That way, the network extracts more meaningful information from
the input and outputs a highly accurate prediction. This technique is profoundly good in
the field of Natural Language Processing (NLP). This figure demonstrates how attention
works in translating a sentence: squares’ brightness are proportional to the attention a
word receives for translating each word of the sentence.

\.’006
€ Lo S &
I S T S »
S S Fe P Fe &
Sie
verstehen
nicht

warum
Europa
theoretisch

zwar
existiert

aber
nicht

In
Wirklichkeit

Figure 1.6: Attention mechanism. Figure taken from [14].

1.5 CASP competition

AlphaFold 2’s success was demonstrated in the CASP14 competition. The CASP compe-
tition [15] is a biennial competition that calls scientific teams and communities to present
their method on protein structure prediction. DeepMind took partin CASP14 (2020), where
they presented AlphaFold 2. AlphaFold 2 is named after its predecessor, AlphaFold which
took part in CASP13. Although a predecessor, AlphaFold was a different algorithm that
did not perform so good as its second version. Still, AlphaFold was the best-performing
method in CASP13. To understand AlphaFold 2’s huge success in CASP14 competition,

V. Pitsilou 19
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we shall use the metric score RM S D (root mean-square deviation). RMSD is a metric
showing how similar two protein structures are, based on their equivalent atoms distances.
RM S D is calculated by:

where n is the number of pairs of equivalent atoms and d; is the distance between the i-th
pair [16]. As we can see, a bigger RM S D-score implies greater distance between equiv-
alent atoms in two structures, or bigger differences in the structure. In protein structure
prediction, the ideal RM S D-score between the real structure and the predicted one would
be zero (identical structures). Shown below is the median RM S D for the top 15 entries in
CASP14 (2020), measured in A (1A =0.1 nm = 10 m). As we can see, AlphaFold 2 has
an RM S Dy score of 0.96 A whereas the next best method has a 2.8 A RMSDy;. The
RM S D was computed only for the C, atoms of the structures (each amino acid has one
C, atom). AlphaFold 2's 95% confidence interval is 0.85 — 1.16 A, meaning that 95% of
the prediction scores will fall into that interval. The figure shows statistics for median data.
Median data are samples of data which separate the first half data from the second half
data, in a sorted dataset. This means that these are the middle scores among all scores,
sorted. "GXXX” denotes the code of a group. AlphaFold 2’s code is G427.

4
<
8 |
g 37
@
=
S 2-
| =
ks
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@
>

~NT OODNNOQO T NMO
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S OSr-—dOTIITOMMOAN
Og OUCO00CO00C0O0U0O00UO0U

(=] -4
1
AlphaFold |——

Figure 1.7: All-atom RMSD in CASP14 competition (top 15 entries out of 146). Data are median and
the 95% confidence interval of the median, estimated from 10,000 bootstrap samples. Figure taken
from [7].
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2. THE ALPHAFOLD 2 ALGORITHM

2.1 An overview

AlphaFold 2 takes a protein amino acid sequence as input and outputs the most probable
structure of that sequence. As an example, in Figure 1.6, the sequence would be the
input to the program and the structure would be the output. The program’s output is a
structure for the protein in question and confidence scores (ranging from 0 to 100%) for
each amino acid (note: amino acid is also referred to as residue). The program is split
into two big parts: the feature embedding and Evoformer (first part) and the Structure
modaule (second part). In the first part, information from other proteins is highly processed
and used to build some structures. These structures will then be the input to the second
part, which will use them to end up in a protein structure. The network uses recycling:
the outputs of an iteration are used to update the input to the next one. The number of
iterations is defined in the program.

2.2 Data

AlphaFold 2 widely uses neural networks, as discussed before. To sufficiently train those
networks, AlphaFold 2 relies on a large amount of protein data. These data can be found
by searching protein databases. The two main databases searched are the Protein Data
Bank(PDB) [17] and the UniRef90 [18] database. The proteins searched are evolutionar-
ily related to the protein in question, meaning they also share common amino acids. PDB
provides structural data, while UniRef90 provides sequences belonging to the same pro-
tein family as the one in question. That means that PDB proteins have known structures,
while the ones taken from UniRef90 not necessarily. Using information from proteins with
known structures, the model can see how evolutionarily related proteins fold and that way
extract information about the structure in question. Using information from proteins with
unknown structures, it extracts information by aligning their sequences and finding pat-
terns which reveal the proximity of two amino acids in the final protein shape.

%

J'J‘_(
d
W Q9
/
() J
inference HJd-c
contact in 3D

constraint NA _f

P> E T XA RAR"NVON
—> /4B MMOO0O

correlated

Figure 2.1: How sequence aligning gives us information about the structure. Figure taken from
[19].

As shown in Figure 2.1, when mutations in two amino acids are correlated (a change in an

V. Pitsilou 21
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amino acid leads to the change of the other), we can conclude that those two amino acids
are possibly close to each other in the 3-D structure. Why? Suppose a protein structure
has two amino acids close to each other: A, negatively charged and B, positively charged.
If the negatively charged amino acid A is substituted by a positively charged one as a result
of a mutation, then the positively charged B should also mutate, otherwise the structure
may be forced to change. But the structures tend to maintain their shape in order to
preserve their functionality, so eventually amino acid B will mutate to become a negatively
charged amino acid[20]. That way, when we observe such a correlation between two
mutations, the corresponding amino acids could be close to each other in the structure
(attention: they may also not be, since other factors may affect both of them).

In the first stages of the AlphaFold 2 algorithm, an MSA (Multiple Sequence Alignment)
table of such proteins is made. This is an alignment of all amino acid sequences, from
which we can extract knowledge for the protein structure in question. When aligning a
group of proteins, we can see which amino acids are common and which of them have
correlated mutations. An MSA table looks like this:

Hsa_TMEM66 ALTLHYDRYTTSRRLDPIPQLKCVGGTAGCDSYTPEVIQCQONKGWDGYDVQWECKTDLDI 103
Ptr_ TMEM66 ALTLHYDRYTTSRRLDPIPQLKCVGGTAGCDSYTPEKVIQCONKGWDGYDVQWECKTDLDI 103
Ppy TMEM66 ALTLHYDRYTTSRRLDPIPQLECVGGTAGCDSYTPREVIQCQNKGWDGYDVQWECKTDLDI 103
Mml_TMEM66 ALTLHYDRYTTSRRLDPIPQLKCVGGTAGCDSYTPEVIQCQONKGWDGYDVQWECKTDLDI 103
Mfa_ TMEM66 ALTLHYDRYTTSRRLDPIPQLKCVGGTAGCDSYTPEKVIQCONKGWDGYDVQWECKTDLDI 103
Mne TMEM66 ALTLHYDRYTTSRRLDPIPQLECVGGTAGCDSYTPREVIQCQNKGWDGYDVQWECKTDLDI 103
Ssc_TMEM66 ALTLHYDRYTTSRRLDPIPQLKCVGGTAGCDSYTPEVIQCQONKGWDGYDVQWECKTDLDV 103
Bta_TMEM66 ALTLYYDRYTTSRRLEPIPQLKCVGGTAGCDSYTPRKVIQCONRGWDGYDVQWECKTDLDV 103
Cfa TMEM66 ALTLHHDRYTTSRRLDPIPQLECVGGTAGCDSYTPREVIQCQNKGWDGYDVQWECKTDLDI 103
Mmu_TMEM66 ALTLYSDRYTTSRRLDPIPQLKCVGGTAGCEAYTPRVIQCQNEGWDGYDVQWECKTDLDI 104
Rno_TMEM66 ALTLYSDRYTTSRRLDPIPQLKCVGGTAGCDAYTPRKVVQCONKGWDGYDVQWECKTDLDI 104
Ocu_TMEM66 ALTLHYDRYTTSRRLEPIPQLEKCVGGTAGCDAYTPRVIQCQNKGWDGYDVQWECKTDLDV 97
Laf_ TMEM66 ALTLHYNRYTTSRRELDPVPQLKCIGGTAGCNSYTPRVIQCQNKGWDGYDVQWECKTDLDL 89
Mdo_TMEM66 ALTLHRDRFTTARRTAPIPQLOCLGGSAGCPAHIPEIVQCRNKGWDGFDVQWECKAELDT 119
Gga TMEM66 VLTLHRGRYTTARRTAAVPQLQCIGGSAGCS-DIPEVVQCYNRGWDGYDVQWQCKADLEN 94
Xla_TMEM66 TITLYADRYTNARRSAPVPQLKCIGGNAGCHAMVPQVVQCHNRGWDGLDVQWECRVDMDN 93
Xtr_ TMEM66 AITLYADRYTNARRSAPVPQLKCIGGSAGCHTMVPQVVQCHNRGWDGFDVQWECKVDMDN 93
Dre TMEM66 VLTLYRGRYTTARRSSPVPQLQCIGGSAGCGSFTPEVVQCYNRGSDGIDAQWECKADMDN 93
Ssa_TMEM66 VLTLYKGEYTTARRSSAVPQLQCVGGSAGCGSF IPEVVQCENKGWDGVDAQWECKTDMDN 93
Tru_TMEM66 VLTLYRGLYTTARRSSPVPQLQCVGGSAGCHAFVPEVVQCONKGWDGMDIQWECRTDMDN 99
Tni_ TMEM66 TLTLYRGRYTTARRSSPVPQLRCVGGSAGCQAFVPEVVQCQNRGWDGVDVQWECKTDMDN 89
Gac_TMEM66 ALTLYKNRYTTARRASPVPQLOCVGGSAGCQAFVPEVVQCQNKGWDGVDVQWECRTDMDN 92
Ppr_TMEM66 VLTLYKGRYTTARRSSPVLQLQCAGGTAGCGSFVPEVVQCYNRGSDGIDTQWECKADMDN 93
Cel TMEM66 AITLHEGEKMTTGRRVSPTFQLECVGG-SAKGAFTPRVVQCANQGFDGSDVQWRCDADLFH 96
Cre_TMEM66 AITLNKGEMTTGRRVAPTLQLKCVGG-SAKGAFTPRVVQCSNQGFDGSDVQWRCDADLPH 96
Cbr_ TMEM66 AITLHKGEMTTGRRVAPALQLKCVGG-SAKGQFSPRKVVQCANQGFDGSDVQWRCDADLPH 96

Figure 2.2: Multiple Sequence Alignment. Figure taken from [21].

2.3 Network inference

During inference, AlphaFold 2 receives input features from the input protein sequence,
the MSA table and templates, and outputs atom coordinates and confidence score per
amino acid. Templates are proteins with similar structures to the one we want to predict.
After searching protein databases, the data are organized into an MSA table and a set of
templates.
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Figure 2.3: Overview of AlphaFold 2 inference. Figure taken from [7].
2.3.1 First part of network

Starting, we have an MSA table, which contains sequences of proteins evolutionarily re-
lated to the input protein. All these sequences are informative, but the memory cost re-
quired to use all of them is too high. To overcome this issue, some representatives are
chosen among them. The non-representative sequences left are clustered: clustering is
the process of distributing the protein sequences in groups. In each of those groups, or
clusters, the central protein (referred to as a centroid) is a representative one, while all the
others are non-representatives and similar to the central one. The information from non-
representative sequences will not be thrown away: those will also be used at some point.
Initially, a first version of the MSA and pair representation is created from an MSA sample.
An MSA representation arithmetically encodes information of the MSA protein sequences.
It is constantly changed and updated. A pair representation arithmetically represents the
relationships between all pairs of amino acids of the protein in question: an N x N table,
where N is the length of the input protein sequence (the number of its amino acids) and
each cell ij contains information on the relationship between amino acids i and j in the
final structure (e.g. their proximity).
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Figure 2.4: MSA and pair representation. Detail of figure taken from [7].
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2.3.1.1 Input embeddings

By using information from the input sequence and the MSA centroids, we build the MSA
representation and the pair representation. The input sequence and the MSA centroids
are arithmetically represented. To build the MSA and pair representations, the input se-
quence representation (target_feat below) and the MSA centroid representations (msa_feat
below) go through networks of linear layers (first use of neural networks in AlphaFold 2).
By linear layers, we mean that linear transformations are applied to the input. The network
is shown below, in the figure from the Supplementary paper of [7]. We can see that for the
pair representation, we only need the input sequence, which is expected since the pair
representation encodes information on the pairwise relationship between amino acids of
the input protein. For the MSA representation, we need the MSA sequences (only the
representative ones) as well as the input sequence. After that, the first versions of the
MSA and pair representations are ready.
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Figure 2.5: First MSA and pair representations. Detail of figure taken from [7].

We mentioned that the algorithm is executed multiple times (recycling). So in this stage,
we want to inject information from the previous iteration: the final MSA and pair represen-
tations generated by the previous iteration, as well as the 3-D protein structure predicted
by it. So, after having generated the first MSA and pair representations in the current
iteration, we use the data generated by the previous one in order to update our repre-
sentations. That way, we now have a pair and MSA representation which also contain
encoded information from the previous iteration.
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Figure 2.6: Injection of previous iterations information. R corresponds to recycling. Detail of figure
taken from [7].

As mentioned, templates are known structures of proteins related to the input one. After
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having searched and retrieved a set of templates for our input protein, we now have to
make use of it. The set of templates is encoded in two structures: one encodes their
angles (let us call it A) and the other their residues and their pairwise relationships (let us
callit B). After passing structure A through a neural network, we concatenate it to the MSA
representation. Now the MSA representation is updated and contains information from the
templates. As for structure B, it will be used to update the pair representation. Knowledge
on pair-wise relationships between residues in similar protein structures seems useful for
determining the pairwise relationships between residues of the input protein. On figure
below, A is the template_angle feat while B is the template_pair _feat. This procedure
embodies useful information from the templates in the MSA and pair representation in

general.
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e (ene)) MSE
Stac
[ mear C_. DI.I er s
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Figure 2.7: Injection of templates information. Detail of figure taken from [7].

At this stage, we need to extract information from the sequences we did not select as
representatives and subsequently clustered. These sequences are represented by the
structure called extra MSA representation. To use this information, we pass the extra
MSA representation through an algorithm called the extra MSA stack. This algorithm
has two inputs: the pair representation and the extra MSA representation. It outputs
only an updated version of the pair representation. The pair representation is now highly
processed using information from the extra MSA representation. This is the only time
the extra sequences will be used. After that step, we now have the final MSA and pair
representations which are ready to be given to the algorithm’s main trunk: the Evoformer.
This trunk will let information flow between MSA and pair representations, and output their
final version. Then, from those representations, the algorithm will be ready to determine
the protein’s structure.
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Figure 2.8: Full first part of model. Image taken from [7]

2.3.1.2 Evoformer

The Evoformer module focuses solely on MSA and pair representation and has a "two-
tower” architecture: one for each representation. What it does is to perform a bidirectional
information transfer between the MSA and pair representations, in order to update both
of them. This module uses attention mechanism (discussed in Chapter 1.4) in both MSA
and pair representation update, and lets the two representations send information to each
other, so that both can be updated using that information. The output consists of the pro-
cessed and final MSA representation, final pair representation, and final single sequence
representation (taken from MSA's first row). This single representation is the amino acid
sequence representation of the input protein. What happens in every iteration of the Evo-
former is the following: first, we have row-wise self-attention of the MSA representation.
That way, the network learns which residues are important for the structure determination
(since it operates row-wise). This comes with a bias from the pair representation, allowing
the pair representation to transfer its knowledge to the MSA representation. The result is
an updated MSA representation.
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Figure 2.9: Row-wise self-attention with bias from pair representation. Supplementary Figure 2, [7]
with some sketches on it.

After the MSA row-wise attention, we also need column-wise attention for the MSA repre-
sentation, in order to establish which sequences could be of some usage to our structure
determination, by giving useful information on possible mutations that have taken place.
This results in an updated MSA representation. At this point, we did not include informa-
tion from the pair representation, since as said, we are interested in which sequences are
informative and not on the relationship between residues.
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Figure 2.10: Column-wise self-attention. Supplementary Figure 3, [7] with some sketches on it.
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So far, we went through attention operations in the MSA representation and let information
flow from the pair representation to the MSA representation. What remains to be done is
for the information to flow the other way around. So the pair representation is updated
using MSA representation bias:

MSA repr. (s.r.c,) pair repr. (1,1, ¢,)
i

G

outer
product
Linear ¢_—¢

Figure 2.11: Pair representation update using MSA representation (Figure taken from [7]).

prods (s,c.c).

As we can see, in order to update the ij cell of the pair representation (which encodes
the relationship between residues i,j in the target protein structure), we use information
from the i-th and j-th columns of the MSA representation. And that way, we achieved
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communication between both representations. Now the pair representation needs to go
through some more extensive processing to make sure it is correct in terms of triangular
inequality. Pair representation will also receive attention operations.

48 blocks (no shared weights) \

—  representation
(rre)

Figure 2.12: Overview of Evoformer module. Figure taken from [7].

The first stage (input embedding and Evoformer) is executed N_ensemble times, each
time the input is different samples from the MSA, and the stage’s outputs (these are the
Evoformer outputs) are averaged. This averaged output is then given as input to the
second part of the network, the structure module. Ensembling (multiple executions of
Evoformer) takes place only in inference and is optional, since it does not dramatically
improve prediction scores.

2.3.2 Second part of the network

We have the final form of the MSA and pair representations. These are the tools that will
be used to build a 3-D protein structure out of them. This is a job for the second part of
the network, or the Structure module.

2.3.2.1 Structure module

The structure module takes two of the Evoformer’s outputs as input: the pair representa-
tion and the single representation. As mentioned before, the single representation is taken
from the MSA representation. The module consists of 8 layers. In each layer the single
representation (given as input) and the 3D representation are updated. The 3D represen-
tation is initialized in the algorithm and is a representation of the protein 3-D structure. Its
processed version will be the output of the entire algorithm. The 3-D representation is a
set of frames (one frame per amino acid), each consisting of a rotation matrix and a trans-
lation vector. A frame is essentially a Euclidean transform T; = (R;, 5), which transfers a
residue from a local to a global frame, meaning that it groups all amino acids together in a
single structure. Updating the single representation is needed because this representation
will give us information on the angles of the 3-D structure.
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Figure 2.13: Structure module. Figure

The structure module algorithm is the following:

taken from [7].

Algorithm 1 Structure module: inference mode

Input: {s"} {2} Njgyer = 8, ¢ = 128

> s;@nitial c R¢s

1. sinitial ¢ | ayerNorm(sinitial)
2: z;; + LayerNorm(z;))
3: s; = Linear(siitial) >s; € R
4: foralll € [1,..., Njyye,| dO
5. T,=(1,0) > 1 € R33
6: {s:} + = InvariantPointAttention({s;}, {z;;}, {T:})
7: s, < LayerNorm(Dropout, (s;))
8: s; < s; + Linear(relu(Linear(relu(Linear(s;))))) > all intermediate activations € R
o: s, < LayerNorm(Dropout, ;(s;))
10: T; «+ T; o BackboneUpdate(s;)
11:  a; = Linear(s;) + Linear(si"itil) >a; € R°
12: a; < a; + Linear(relu(Linear(relu(a;)))) > all intermediate activations € R
13: a; < a; + Linear(relu(Linear(relu(a;)))) > all intermediate activations € R
14: @ = Linear(relu(a;)) > @ € R, f € Syorsionnames
15 (R.t)=T
16: X% =t
17: end for
18: Ef,)_(’f‘ = computeAllAtomCoordinates(7;, d’{) > € Sutomnames
19: T,/ « concat(T;, T;")
20: {r;’LPPT} = predictPerResidueLDDT_Ca({s;})
21: return {X;'}, {r;?LPPT}

When starting this algorithm, every amino acid’s frame is initialized to identity transforma-
tionie. T, = (1,5). We start by updating the so-far single representation (line 6). This
is done by using the current pair representation and frames. The single representation
is updated by an algorithm called Invariant Point Attention (IPA). This algorithm performs
self-attention on the single representation, using also bias from the pair representation.

The result is an update of the single representation.
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Figure 2.14: Invariant Point Attention algorithm. Figure taken from [7].

backbone frames
{r, 3x3) and (r, 3)(9

-

After running the IPA algorithm which has resulted in an updated single representation, we
enter this single representation into a deep network (lines 7-9) and then use the output of
the network (a reprocessed single representation) to update the frames with an algorithm
called BackboneUpdate(line 10):

Algorithm 2 BackboneUpdate

Input: s;
1: (bi7Ci,dZ’,E) = Linear(si) Dbi,Ci,di S R,fz eR3
2: (CLZ‘, bi; Ci, dz) — (1, bz‘, Ci, dz)/\/]_ + b? + CZ2 + d?
3: Rz = szc, + QCI,ZCZZ CL? — b? + CZ2 — d? QCZ‘di_QCLibi
2b;d; — 2a;c; 2c;d; + 2a;b;  al — b} — 2+ d?
4 Ty = (R, 1)
5: return 7;

The BackboneUpdate algorithm uses a neural network that outputs values that will update
the frames. Also, we will use the updated single representation along with its non-updated
version (the single representation before going through the IPA algorithm), in order to
predict the torsion angles of the 3-D protein structure. Torsion angles in a protein structure
are angles between planes formed by atoms of one or two amino acids.
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Figure 2.15: The three main torsion angles of an amino acid: phi, psi and omega. Figure taken from
[22].

They will be later used to predict the exact atoms’ coordinates for all amino acids of the
protein. Both single representations are used as input to a deep network, which will out-
put all torsion angles for each residue (lines 11-14). Then, using the predicted frames and
torsion angles, we run the algorithm that will give us the final frames and atom coordinates
(line 18). The final 3-D structure has been determined, but the structure confidence re-
mains to be computed. As mentioned, the model is trained not only to predict a protein
structure, but also on predicting its confidence. In inference mode, the confidence is pre-
dicted by simply inputting the single representation into a deep network, that will output
the per-residue confidence. This is done in algorithm predictPerResidueLDDT Ca, line
20:

Algorithm 3 predictPerResidueLDDT_Ca: inference mode
Input: {s;}, Vyins = [1,3,5,...,99] ", c = 128

1: a; = relu(Linear(relu(Linear(LayerNorm(s;))))) > a;, intermediate activations € R¢
2. pP"PPT = softmax(Linear(a;)) > pPEPPT ¢ RVbinsl
LDDT LDDT T LDDT
3: r? = pf Vbins > f eR

4:

LDDT
return {r’ }

Returned by the structure module are the atom coordinates and the confidence measure.
Lastly, relaxation is performed on the predicted structure. When a molecular structure is
predicted by a computer program, it may contain structural violations, meaning violations
that do not appear in natural structures. So the structure undergoes a procedure called
relaxation in order to resolve the most violations possible. Both relaxed and unrelaxed
versions of the protein structure are returned by AlphaFold 2. Structure module’s outputs
(coordinates and confidence measure) will be organized in a PDB file.

2.3.3 PDB file as an output of AlphaFold 2

A PDB file [23] is a file that represents a molecule structure, giving coordinates for all
its atoms. An instance of a PDB file is shown in Figure 2.16. In a PDB file returned by
AlphaFold 2, each row represents an atom. The fourth column denotes the amino acid
type that the atom belongs to (amino acid types are listed in table 1.1). Columns 7,8,9
are the atom’s x,y and z coordinates respectively. The eleventh column is the confidence
measure of the amino acid the atom belongs to (0-100%). Finally, the twelfth and last
column denotes the atom type: carbon (C), hydrogen (H), oxygen (O), nitrogen (N) or
sulfur (S). Those are the atom types that make up all 20 amino acids.
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ATOM 79 H THR A 6 -8.853 11.980 -0.900 1.00 62.67 H
ATOM 80 CA THR A 6 -7.938 12.3%96 @.982 1.0@ 62.67 C
ATOM 81 HA THR A 6 -6.920 12.777 1.858 1.0@ 62.67 H
ATOM 82 C THR A 6 -8.163 11.388 2.116 1.0@ 62.67 C
ATOM 83 CB THR A 6 -8.933 13.562 1.082 1.e@ 62.67 C
ATOM 84 HE THR A 6 -8.804 14.@54 2.046 1.00 62.67 H
ATOM 85 0 THR A 6 -8.848 1@.375 1.935 1.00@ 62.67 ]
ATOM 86 CG2 THR A 6 -8.735 14.593 -0.033 1.0@ 62.67 C
ATOM 87 HG21 THR A 6 -8.976 14.154 -1.001 1.0 62.67 H
ATOM 88 HG22 THR A 6 -7.698 14.927 -0.039 1.00 62.67 H
ATOM 89 HG23 THR A 6 -9.386 15.449 2.144 1.0@ 62.67 H
ATOM 9@ 0G1 THR A 6 -10.254 13.083 9.982 1.00 62.67 o]
ATOM 91 HG1 THR A 6 -10.864 13.809 1.137 1.00 62.67 H
ATOM 92 N GLU A 7 -7.629 11.649 3.31e¢ 1.90 63.67 N
ATOM 93 H GLU A 7 -6.964 12.4@2 3.412 1.@@ 63.67 H
ATOM 94 CA GLU A 7 -7.925 1@.819 4.498 1.00 63.67 C
ATOM 95 HA GLU A 7 -7.422 9.856 4.397 1.00 63.67 H
ATOM 9 C GLU A 7 -9.434 1@.556 4.646 1.0 63.67 C
ATOM 97 CB GLU A 7 -7.440 11.525 5.759 1.@@ 63.67 C
ATOM 98 HB2 GLU A 7 -7.803 10.962 6.619 1.0@ 63.67 H
ATOM 99 HB3 GLU A 7 -7.881 12.521 5.789 1.@@ 63.67 H
ATOM lee O GLU A 7 -9.832 9.479 5.881 1.@@ 63.67 ]
ATOM 101 CG GLU A 7 -5.913 11.640 5.873 1.00 63.67 C
ATOM 102 HG2 GLU A 7 -5.486 1@.637 5.848 1.@@ 63.67 H
ATOM 103 HG3 GLU A 7 -5.536 12.199 5.017 1.@@ 63.67 H
ATOM 184 CD GLU A 7 -5.485 12.352 7.17@ 1.0@ 63.67 C
ATOM 105 OE1 GLU A 7 -4.263 12.420 7.421 1.0@ 63.67 o]
ATOM 106 0OE2 GLU A 7 -6.373 12.845 7.907 1.00 63.67 ]
ATOM 107 N GLU A 8 -10.27e 11.5e8 4.216 1.00 74.00 N

Figure 2.16: PDB file

2.4 Additional operations in training mode

In training mode some additional operations take place, as expected. In training mode,
data from known protein structures are used in order to train the neural networks of the
algorithm. Since the training mode has the goal of training the neural networks present in
the algorithm, some losses are computed, which will help refine those networks. Those
losses take into consideration the true coordinates and frames of a structure and com-
pare them to the predicted ones. The model confidence is computed using the distance
between the real and predicted structure, rather than being predicted by a neural network
as done in algorithm 3. The distance metric used to compute this distance is the (DDT
metric [24]. Below is the predictPerResidueLDDT Ca algorithm used in training mode.

Algorithm 4 predictPerResidueLDDT_Ca: training mode

Input: {s;}, Vyins = [1,3,5,...,99] T, {riruelDDTY "¢ = 128

a; = relu(Linear(relu(Linear(LayerNorm(s;))))) > a;, intermediate activations € R®
p?tPPT = softmax(Linear(a;))

plgrueLDDT — One_hot(rfrueLDDT7 vbins)

Leony = Mean;(piruetPDT T ogprllDT) > pPEPPT ¢ Riveinsd
LDDT _ pLDDTTVb' > PPLPPT o R

7
DDT
} ) Lconf

r’

7

pL
return {r

g kw2

Lines 3 and 4 are additional and not used in inference mode. As we can see, in these
lines the loss between the real and the predicted confidence is computed and returned
by the algorithm. This loss helps refine the network that predicts the model confidence in
inference mode.

During training, AlphaFold 2 outputs not only the structure and the confidence measure,
but also the loss metrics.
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3. RUNNING THE ALGORITHM

AlphaFold 2 is an open-source software available on GitHub [25], with detailed instructions
on how to run it. AlphaFold 2 can only be run in inference mode and is not available for
training or fine-tuning. Running it requires a Linux-running machine, around 3 TB space for
the full download of protein databases and a powerful GPU. For systems with less memory,
there is also the option of downloading a reduced version of databases (a database of
17GB will be downloaded instead of the full one of 1.8 TB, still leaving the size needs to
around 1.2 TB). AlphaFold 2 needs a significant time to set up: many hours (even a day
or more) are required to download the data needed for running the algorithm.

OpenFold [26] is a faithful reproduction of AlphaFold 2 implemented in PyTorch [27],
whereas AlphaFold 2 was developed for JAX workflow [28]. OpenFold does give the
option for training or fine-tuning and can be faster in inference mode [26]. Still, its setup
requires the same resources mentioned for AlphaFold 2 (multiple hours of downloading
databases as well as storage). In an attempt to run the AlphaFold 2 algorithm, we chose
to run OpenFold, since it would allow us to also experiment with some fine-tuning.

3.1 Running locally

The following is a procedure of predicting a protein structure using OpenFold. The whole
process is done in Linux environment, using the Command Line Interface (terminal).

3.1.1 Installing OpenFold and dependencies

The first step in installing OpenFold is to download the source code stored in the GitHub
repository [26] by running

$ git clone https://github.com/aglaboratory/openfold.git

After successfully running the command, a directory called "openfold” will appear in the
directory where the download command was run. All the following commands will have to
be run in the "openfold” directory.

The command that follows and downloads all dependencies is the following:
$ scripts/install_third party_dependencies.sh

This command will need a few minutes to complete.

3.1.2 Downloading databases

The protein databases will need to be downloaded by running:
$ bash scripts/download_alphafold _dbs.sh data/

This command will take a long time to complete. In our case, it took nearly a day, but that
depends on internet speed and other factors.

After the downloads are done, OpenFold is ready to be run.
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3.1.3 Running a simple example

You will need to create a file with the extension .fasta. This is called a FASTA file and it
includes an amino acid sequence and its name. Shown below is a FASTA file named ex-
ample.fasta, which will include the amino acid sequence of the MCHU Calmodulin. MCHU
Calmodulin is a protein that acts as an intermediary protein sensing calcium levels and re-
laying signals to various calcium-sensitive enzymes, ion channels and other proteins [29].
It is found in humans, rabbits, bovines, rats and chickens. The file will look like this:

GNU nano 4.8 example.fasta

2MCHU - Calmodulin - Human, rabbit, bovine, rat, and chicken

LFDKDGDGTITTKELG LGQNPTEAELQDMINEVDADGNGTID
REAFRVFDKDGNGYTISAAELRHVMTNLGEKLTDEEVDEMIREA

DIDGDGQVNYEEFVQN

Figure 3.1: FASTA file of MCHU Calmodulin

This file will need to be stored in a directory named fasta_dir, which will be a subfolder of
the openfold directory.

A PDB file that contains the 3-D structure of the MCHU Calmodulin protein is the expected
output of the program.

The example.fasta file will be the input of the program. The command following is the
command for the OpenFold inference using Docker. Docker [30] is a software that allows
a user to perform any installations and runs in a secluded environment, called a container.
That way, the program will not have to interfere with the whole system where the program
will be run and allows independence, especially in systems that many people use. Docker
is a simple way of running OpenFold.

In openfold folder, you will need to run:
$ docker build -t openfold .

in order to prepare the docker environment.

Run also
$ docker run --rm --gpus all nvidia/cuda:11.0-base nvidia-smi

in order to establish communication between the Docker installation and the GPU.

After preparing the Docker environment, the inference command can be run:

$ docker run --gpus device=0

-v $PWD/:/data -v /mnt/hdd2/vpitsilou/openfold/data/:/database

-ti openfold:latest python3 /opt/openfold/run pretrained openfold.py
/data/fasta_dir

/database/pdb_mmcif/mmcif files/

--uniref90_database_path /database/uniref90/uniref90.fasta
--mgnify_database_path /database/mgnify/mgy_clusters_2018_12.fa
--pdb70_database_path /database/pdb70/pdb70
--uniclust30_database_path
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/database/uniclust30/uniclust30_2018_08/uniclust30_2018_08
--output_dir /data

--bfd_database_path
/database/bfd/bfd_metaclust_clu_complete_id30_c90_final seq.sorted_opt
--model _device cuda:0

--jackhmmer_binary_path /opt/conda/bin/jackhmmer

--hhblits_binary_path /opt/conda/bin/hhblits

--hhsearch_binary_path /opt/conda/bin/hhsearch

--kalign binary_path /opt/conda/bin/kalign

--config preset "model 2 ptm"

--openfold_checkpoint_path /database/openfold params/finetuning ptm_2.pt

In device=0 you have to enter the GPU that will be used. In the system with two GPUs,
you can enter device=0, device=1 or all. Using all GPUs available is preferable for faster
inference. Next, Docker creates volumes: the current directory (PWD) will now be called
data for the whole command, while the directory /mnt/hdd2/vpitsilou/openfold/data/ will
be called database. The database file is the directory where all protein databases were
downloaded. The fasta_dir directory must contain the example.fasta file. All other ar-
guments refer to databases downloaded. One can choose between many models in
config_preset and openfold_checkpoint_path argument. As you will see, in the directory
data/openfold_params, there are many differently trained models to choose from.

For this particular protein, the running time will be some minutes, depending on the running
environment. Running it on an 8GB NVIDIA GeForce RTX 3060 Ti GPU, it took nearly 15
minutes. When the command is completed, a directory called predictions will appear, con-
taining pdb files: some named relaxed and some unrelaxed. Those two files correspond
to the original structure returned as well as the one relaxed with AMBER relaxation [7].

A PDB file can then be used in a visualizing software like Chimera [31]. Such softwares
visualize a structure as encoded in a PDB file. The PDB file returned by OpenFold for
the MCHU Calmodulin protein can be visualized into the following 3-D structure, using
Chimera 1.16:

Figure 3.2: Protein structure of MCHU Calmodulin as returned by OpenFold

The program was run on Linux Ubuntu 20.04, using AMD Ryzen Threadripper 3960X
24-Core Processor and an 8 GB NVIDIA GeForce RTX 3060 Ti GPU.
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3.2 Running OpenFold on Google Colab

OpenFold offers the possibility of running the program in Google Colab [32]. Google Co-
lab is an environment where Jupyter notebooks can be run without the use of setting up
GPU or CPU, since they are provided by Google. This is a pretty simple way of running
OpenFold without having to download and run it manually. To run OpenFold on Google
Colab, simply enter the amino acid sequence on the first cell, choose the model you want
to use (OpenFold and AlphaFold 2 have slight differences) and then run all the cells. This
program downloads all the databases on the Google cloud environment. The running time
for an amino acid sequence of 70 amino acids was 40 minutes, including all databases
downloads. After being completed, the program downloads a zip file containing the PDB
file and the predicted error in a JSON file. It also visualizes the 3D structure along with its
confidence prediction. In the 3D structure, the colouring denotes the confidence areas:

» Run OpenFold and download prediction
° Once this cell has been executed, a zip-archive with the obtained prediction will be automatically downloaded to your computer.

Show code

‘ AMBER relaxation: 100% 6/6 [elapsed: 01:57 remaining: 00:00]

WARNING: root:Warning: importing “simtk.openmm’ is deprecated. Import 'openmm’ instead.

Model Confidence

Very low (pLDDT < 50)
Low (70 > pLDDT > 50)
Confident (90 > pLDDT > 70)

Il Very high (pLDDT > 90)

Figure 3.3: Output of running OpenFold on Google Colab
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4. RESULTS

We saw how AlphaFold 2 can be run using OpenFold. All we used was a simple com-
puter system running Linux and an 8 GB GPU. Even though we needed a large space
of around 3 TB (which can also be reduced to 1.2 TB as mentioned in Chapter 3), it is
still impressive how anyone can obtain a protein structure estimation, corresponding to
an amino acid sequence of their choice within minutes, simply by running a program on
their computer or on Google Colab. Until some years ago, a protein structure could only
be obtained experimentally by scientists, after months of effort. This demonstrates the
power of computer science, computer systems and machine learning.

In the previous chapter, predictions were obtained using trained models. But taking a step
further, what would happen if someone wanted to fine-tune the model, or even train it from
scratch, needing even higher resources? AlphaFold 2 does not offer the option of training
or fine-tuning, probably because they require resources available only within scientific
communities. But OpenFold remains an option for fine-tuning or training the model.

In order to fine-tune the model on a selected group of proteins, those proteins first need
to be aligned. Alignment will be used for the construction of the MSA (Multiple Sequence
Alignment) table discussed before. In an alignment procedure, all proteins are aligned
based on a model protein, in order to find common amino acids with it. Since all proteins
have to take the role of the model protein (all proteins have to be compared with all oth-
ers), the alignment procedure leads to a high complexity. OpenFold offers two alignment
scripts:

Training
To train the model, you will first need to precompute protein alignments.

You have two options. You can use the same procedure DeepMind used by running the following:

python3 scripts/precompute_alignments.py mmcif_dir/ alignment_dir/ \
--uniref9@_database_path data/uniref98/uniref9@._fasta \
--mgnify_database_path data/mgnify/mgy_clusters_2018_12.fa \
--pdb70_database_path data/pdb70/pdb70 \
--uniclust3@ database path data/uniclust3@/uniclust3@ 2018 @8/uniclust30_2018 08 \
--bfd_database_path data/bfd/bfd_metaclust_clu_complete_id3@_c90@_final_seq.sorted_opt \
--cpus_per_task 16 \
--jackhmmer_binary_path lib/conda/envs/openfold_venv/bin/jackhmmer \
--hhblits_binary_path lib/conda/envs/openfold venv/bin/hhblits \
--hhsearch_binary path lib/conda/envs/openfold_venv/bin/hhsearch \
--kalign_binary_path lib/conda/envs/openfold_venv/bin/kalign

As noted before, you can skip the binary_path arguments if these binaries are at /usr/bin . Expect this step to take
a very long time, even for small numbers of proteins.

Alternatively, you can generate MSAs with the ColabFold pipeline (and templates with HHsearch) with:

python3 scripts/precompute_alignments mmseqs.py input.fasta \
data/mmsegs_dbs \
uniref3@_2183_db \
alignment_dir \
~/MMseqs2/build/bin/mmseqs \
Jusr/bin/hhsearch \
--env_db colabfold_envdb_282188_db
--pdb70@ data/pdb70/pdb78

Figure 4.1: Alignment procedure by OpenFold [26]
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The problem is that this step is not that simple. After trying to align a set of 900 proteins
using both alignment scripts, the result was the following:

* For the former, alignment of approximately one protein per day (which would result
in 900 days of aligning).

» For the latter, usage of 90% of computer memory on average. This amount of
memory consumption prevents others from using the same computer machine. Align-
ment running for 3 days consecutively, was killed manually afterwards. This method
is faster than the previous one.

These data show us that is infeasible to run the alignment script in a short amount of time,
but one can overcome this obstacle if having precomputed alignments available. In that
case, alignment of proteins is not needed. Besides alignment, we also expect fine-tuning
to take a long time (at least a few days).

The amount of time needed for aligning prevented us from fine-tuning the model. Fine-
tuning is a much harder task, although not infeasible, given that one can invest time and
effort in it. But if alignment could become more efficient, many scientific teams or indi-
viduals would experiment with training or fine-tuning, leading to a better understanding of
the algorithm and even improvement of it. At this point, we could not expect the same
thing for training or fine-tuning, since solving such a problem using machine learning is by
its nature resource-intensive and training this model using such a large amount of data
could not be faster. AlphaFold 2, even with its weaknesses in terms of resources or time
needed to train or fine-tune it, is still a very sophisticated algorithm, which using state-of-
the-art techniques has managed to solve a very important biological problem, at least to
a certain extent. But as science by its nature aims at solving problems (even after having
just solved a very important one), scientists will try to improve the algorithm efficiency and
more importantly, obtain even more accurate protein structures.
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5. CONCLUSIONS AND FUTURE WORK

AlphaFold 2 has been able to predict protein structures given their amino acid sequence,
with a high accuracy for the majority of proteins. The algorithm has been considered rev-
olutionary and is indeed remarkable, since it has achieved significant advancements in
predicting protein structures and thus managed to solve the protein folding problem to
a large degree. That way, it expanded our knowledge on previously unknown protein
structures and the molecular world and showed how machine learning algorithms can be
reliable and powerful tools for solving biological problems. It has also given the scien-
tific world new tools and ideas on how to tackle specific problems using machine learning
techniques, opening up new possibilities for scientific research. However, we should keep
in mind that machine learning algorithms make predictions based on data they have been
trained on. So one should be careful when using a predicted protein structure and not
consider it as ground truth, but also take into consideration the confidence scores pro-
vided with every structure. Those confidence scores indicate, as mentioned, the model’s
certainty for the prediction of each amino acid’s position in the 3-D structure. The scien-
tific community will strive for even bigger breakthroughs in the field of structural biology.
AlphaFold 2 algorithm has been a precious tool in the hands of scientists, which will con-
tinue playing a vital role in advancing our knowledge of proteins and facilitating various
research endeavors.

What we think of as a future project is testing the algorithm’s generalization, using the class
of membrane proteins. Membrane proteins [33] are proteins existing in or interacting with
biological membranes. The generalization test can be done by fine-tuning OpenFold on
the class of membrane proteins and then testing its performance on membrane protein
structures. Then test performance of the non-tuned model on the same dataset. Finally,
compare the performances of the two programs. If the fine-tuned version does not perform
much better than the non-tuned one, we would conclude that AlphaFold 2 can perform
well on predicting protein structures it has not been specifically fine-tuned on. Ideally, we
would expect similar performances for both models, which would mean that AlphaFold 2
performs well for all protein classes, without the need for fine-tuning. For this project, we
will again confront the alignment problem discussed in the previous chapter, but we will
invest a significant amount of time both in protein alignment and fine-tuning of the model,
hoping to overcome it.
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ABBREVIATIONS - ACRONYMS

PDB Protein Data Bank
MSA Multiple Sequence Alignment
RMSD Root Mean-Square Deviation
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